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Abstract 

Extended Abstract 

 

Problem Statement: 

Chronic pain is a common sequela of rheumatic and musculoskeletal diseases (RMDs) 

worldwide. The health care and societal costs related to the burden of chronic pain are 

insurmountable. Chronic pain is regarded as a symptom of utmost importance to individuals 

living with arthritis. Chronic pain, to everyone, is unique, complex, and multidimensional, 

and for many, it can adversely impact on the individual’s day-to-day physical functioning 

and psychosocial states.  

 

In a typical rheumatology clinic, and usually with a standard 3-month or 6-month follow-up 

timeframe, patients are often asked to discuss their pain relating to their arthritis since the 

last visit, which is highly prone to recall bias and selective memory. The lived experience of 

pain in arthritis is highly variable and can be unpredictable at times, especially during 

disease flare or with other co-existing pain-related comorbidities, such as fibromyalgia (FM). 

Summarising the ebb and flow of pain may not necessarily reflect the real-time pain impact. 

Capturing these pain symptoms in real-time may provide the window of opportunity to 

intervene and to help better manage their pain when symptomatic. Furthermore, 

discordance between the retrospective summary of pain experience and the actual real-

time impact of pain can result in unintended consequences of unnecessary treatment 

escalation and poor pain management. Data collection of repeated measures of symptoms 

and co-occurring events captured over time is well established, although it is often an 

onerous task and can be unappealing and intrusive. The implementation of mobile health 

(mHealth) in clinical practice and research has unfolded many potentials to capture 

temporally rich patient-reported outcomes (PROs) in real-time, when compared to 

traditional methods of data collection. In the context of using smartphones in capturing real-

time pain symptoms in arthritis, this type of mHealth data creates a unique platform to 
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explore novel methods in examining pain trajectory and pain variability in RMDs. Such 

granular real-time data may provide opportunities to explore the key components of 

capturing pain ‘flare’, often defined as the momentary state of heightened/significant pain 

level and is usually accompanied by other pain-related symptoms. 

 

Traditionally, pain in arthritis is understood as a form of nociceptive pain signalling output in 

the nervous system, often attributed to the disease activity such as synovial joint 

inflammation. Yet, despite adequately treated arthritis, PROs such as persistent pain and 

fatigue exist in some individuals, highlighting the roles of nociplastic central pain processing 

and the inter-relationship with psychosocial and socioeconomic factors. Despite treatment 

advances in disease modifying anti-rheumatic drugs (DMARDs) use in rheumatoid arthritis 

(RA), persistent pain remains a treatment conundrum to patients and clinicians, even in 

those with an absence of or low level of disease inflammation. Globally, the mortality gap in 

RA is high. Concerningly, chronic pain is known to increase mortality in the wider population, 

posing an important research question on whether mortality in RA is accelerated if the 

trajectory of health status is downtrending in those with persistent pain. 

 

Research gap: 

Following a systematic scoping review on the current literatures in arthritis, the phenomenon 

of persistent pain in arthritis is significantly associated with poorer quality of life and health 

outcomes, even in those with low disease activity. Heterogeneity in both the pain scales 

used and the frequency of pain measurements identified in these literatures informs the lack 

of standardised pain measurements and therefore, poses a challenge of applying intensive 

longitudinal methods in examining pain trajectory and variability in RMDs. Additionally, in 

RA, the association of persistent pain and its attributable burden on treatment and adverse 

health outcomes longitudinally is largely unknown.  
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Purpose statement: 

By harnessing longitudinal data on pain-related PROs captured in large observational 

studies, understanding the trajectory of pain-related health outcomes in arthritis may 

provide new insights to patients, clinicians, and key stakeholders. Such research may 

improve the understanding of the phenomenon of persistent pain and its attributable burden 

on treatment and adverse health outcomes in arthritis, and more importantly, to identify 

those at risk and to intervene early with evidence-based strategies in managing their pain 

and their overall health and well-being. 

 

This thesis aims to explore the longitudinal characteristics of pain in RMDs using intensive 

longitudinal methods and to determine the longitudinal effects of persistent pain on 

medication use and adverse health outcomes in arthritis such as RA.  

 

Research questions: 

1. What are the methods used to longitudinally assess pain in arthritis in the current 

literature? 

2. What are the benefits and challenges in using digitalised health-related data in 

clinical care and research? In the context of harnessing patient-generated health 

data obtained from smartphones, what are the key outcomes that can be identified 

when assessing pain trajectory and variability using intensive longitudinal methods? 

3. In RA, by using the validated pain score, disease activity composite score and other 

relevant PROs, can we identify individuals at risk of developing persistent pain 

trajectory? What is the impact of persistent pain on medication use and important 

health outcomes in RA, such as hospitalisation events, mortality risk and causes of 

death (COD)? 
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Methodology: 

The research groundwork for this thesis commenced with my initial work being conducted 

in Manchester, United Kingdom (UK) in 2018 as a remote postgraduate student. My 

research work continued as I returned to South Australia in 2020 using Australian-based 

datasets. To address the research questions as outlined above, the research work is 

presented in 3 sections: 

 

Section 1. Review of the methods used to examine longitudinal characteristics of pain in 

arthritis: 

This systematic scoping review using 3 databases (Medline, Embase and Psycinfo) was 

conducted from inception to May 2022. Inclusion criteria for this review were of adults aged 

18 years and older, with RA and with key components of longitudinal methodology applied 

in the included studies. Specifically, studies with repeated measures of pain of at least 3 

timepoints or more were included. Data extraction included demographics of the included 

studies, baseline characteristics of the study cohorts, key components of the type of pain 

scales used and frequency of measurement and the relevant pain-related confounders or 

predictors associated with the primary analysis for each study. Key findings from these 

extracted data were critically discussed. 

 

Section 2a. Review of the benefits and challenges in using digitalised health-related data in 

providing real-world evidence: 

This narrative review outlined the opportunities of using digitalised health-related data and 

the challenges of data access, data quality and governance of data ownership, protection, 

and public trust. A case vignette of a patient with osteoarthritis (OA), from an asymptomatic 

state to disease onset and its trajectory, was presented. Key messages were outlined and 

discussed throughout this patient’s health journey. 
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Section 2b: Analysis of pain trajectory and day-to-day pain variability in RMDs using a large, 

citizen scientist-led smartphone study data:  

This work was conducted using Cloudy with a Chance of Pain, a national UK smartphone 

study. This citizen scientist-led smartphone study was conducted in Manchester, UK and 

study participants contributed their daily pain symptoms through a user-friendly mobile app. 

A total of 10,584 participants had complete data on baseline questionnaire and pain 

symptoms, with at least 2 or more timepoints of pain data entry. Specific for this thesis, a 

data subset of study participants with medically diagnosed inflammatory (RA and 

spondyloarthritis, SpA) and non-inflammatory (OA and FM) RMDs was included for the 

analysis. The overall pain trajectory and day-to-day pain variability for the first one-month 

period (pain level measured using ordinal 5-point scale: 1 – none, 2 – mild, 3 – moderate, 

4 – severe, 5 – very severe) were analysed across these RMDs using multilevel and Markov 

transition models respectively. Day-to-day fluctuation in pain across these RMDs was also 

analysed. 

 

Section 3a: Analysis of the DAS28-P index as a predictor of poor subjective response to 

DMARD therapy using an early RA cohort data: 

DAS28 (28-joint Disease Activity Score) is a validated disease activity composite score 

used universally in RA, with the intention to guide treatment decision. The DAS28-P index, 

also known as the proportion of patient-reported components (joint tenderness and visual 

analogue scale (VAS)) of the DAS28, was identified as a relevant discriminatory measure 

of non-inflammatory pain in RA. Using an early RA cohort, derived from a supplemental fish 

oil clinical trial conducted at the Royal Adelaide Hospital, South Australia, consecutive key 

component measures of the DAS28-P index for each patient were obtained over a 1-year 

period. For the objective components of the DAS28 scores obtained in the study, apart from 

tender joint count, erythrocyte sedimentation rate (ESR) was used, instead of C-reactive 

protein (CRP). First, bivariate k-means model, a form of clustering analysis, was used to 

identify distinct subgroups of patients using these repeated measures of DAS28-P indices 

over time. Baseline predictors for each subgroup were assessed. Longitudinal outcomes of 
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disease activity, disease impact, joint erosion, and medication use were assessed using a 

random intercept, population-averaged generalised estimating equation model, which 

considered the variability between subgroups.  

 

Section 3b: Analysis of pain-related health outcomes and longitudinal effects on medication 

use, sociodemographic indicators, hospitalisations, and mortality risk in RA using a large 

observational registry cohort data: 

Study participants with rheumatologist-diagnosed RA in the Australian Rheumatology 

Association Database (ARAD), a national registry of participants with inflammatory arthritis 

contributing data on treatment safety and PROs, were included in this analysis. First, distinct 

multi-trajectory analysis using discrete mixture model was performed on 15-year follow-up 

data for five different self-reported pain-related health outcomes. These outcomes were 

Health Assessment Questionnaire Disability Index (HAQ-DI), VAS for pain, arthritis, global 

health, and the Assessment of Quality of Life (AQoL). With these identified trajectory 

subgroups of pain-related health status modelled as predictors, the associations with 

baseline demographics, sociodemographic indicators, and comorbidities. Medication use 

(opioids, non-steroidal anti-inflammatory drugs (NSAIDs), prednisolone and conventional 

synthetic DMARDs) was analysed using longitudinal panel mixed model regression. In 

terms of examining biologic DMARD modification, time-to-event analysis was performed, in 

which failure times in the model were defined at the initiation of, or change in, biologic 

DMARD. Multiple ‘failures’ (modifications of biologic therapy) were possible for each 

individual, necessitating the use of a random effects, parametric Weibull ‘survival’ model, 

which examined the baseline hazard rate and allowed for within-individual dependencies 

between treatment failure episodes. In addition, using similar predictors, hospitalisation 

events were examined using longitudinal logistic regression and mortality risk was 

calculated in the survival analysis which included Cox regression, with comparison matched 

to the Australian population mortality rates over 18 years of follow-up. Competing risk 

regression was used to examine International Classification of Diseases 10th Revision 

(ICD10)-defined COD in these trajectory subgroups.  
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Main findings:  

Section 1: Longitudinal characteristics of pain in RA 

In total, 22 out of 1,400 studies in the literature search were included and systematically 

reviewed in this scoping review. Overall, heterogeneity in pain scales used and the 

frequency of pain measurements was observed. Stable pain trajectories in RA were seen 

with minimal pain fluctuation over time. Two included studies identified distinct pain 

trajectory subgroups using clustering analysis and another two studies explored pain 

variability using novel dynamic time-series modelling approach, albeit short study period. 

Important predictors such as female gender, ethnicity, smoking history, and education level 

were observed in these included studies.  

 

Section 2b: Pain trajectory and day-to-day pain variability in inflammatory and non-

inflammatory RMDs 

In this exploratory analysis, 1,189 participants with inflammatory (RA and SpA) and non-

inflammatory (OA and FM) contributed 23,470 daily pain scores over the first one-month 

follow-up period (83% female; mean age of 50 years, median entry days of 26 [interquartile 

range (IQR) 21, 30]). The mean pain scores were higher in those with SpA and OA than in 

RA (2.730.98, 2.600.95 and 2.500.98 respectively; 57.4%, 51.3% and 45.8% reported 

moderate-very severe pain respectively). Participants with FM had the highest mean pain 

score of 3.041.03 (69.7% with moderate-very severe pain). In the multilevel model, the 

long-term change in pain was significantly different between participants, with steeper time-

based improvements in pain for participants with higher initial pain scores across all 

diseases. In the Markov transition state model, highest probability of staying in the same 

pain states from yesterday was seen across all conditions (RA, SpA, OA, and CWP/FM). 

Similarly, from the day-to-day pain fluctuation plots, there was minimal absolute change in 

pain level from yesterday, defined as 2-point or 4-point increase and decrease in pain. 56% 

of participants with CWP/FM in the ‘very-severe’ pain state remained in this same pain state 

from yesterday and had minimal change in day-to-day pain state. 
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Section 3a: DAS28-P index as a discriminatory measure of treatment response in early RA 

From 121 study participants (74% female; mean age of 57 years, median of 16 weeks of 

active disease, 54% seropositive for anti-cyclic citrullinated peptide antibodies (ACPAs)) 

with early RA on DMARDs, using the cluster analysis, 3 distinct subgroups were identified. 

These included 58 participants in the ‘Responders’ group (48%), 32 in the ‘Partial 

Responders’ group (26%), and 31 in the ‘Non-Responders’ group (26%). Baseline mean 

DAS28-ESR was 5.7 (standard deviation (sd) of 1.2). Throughout the study period, the 

‘Partial Responders’ group remained having higher proportions of the DAS28-P index and 

had the lowest joint erosion score of 0.9 (95% confidence interval (CI) of 0.2, 1.6) when 

compared to the “Responders’ (joint erosion score of 1.8, 95%CI 0.8, 2.7) and ‘Non-

Responders’ (3.4, 95%CI 1.7, 5.2) groups. In terms of disease impact, the ‘Responders’ 

group had lower levels of function limitation, fatigue, and coping difficulty. At the end period 

of the study, both ‘Partial Responders’ and ‘Non-Responders’ groups used higher dose of 

methotrexate (18.5 milligrams (mg) [95%CI 15.5, 21.5] and 18.6mg [95%CI 15.3, 21.8] 

respectively) when compared with the ‘Responders’ group (12.8mg [95%CI 14.7, 20.9]). 

The median cumulative glucocorticoid dose was significantly higher in the ‘Non-

Responders’ group (297mg of prednisolone equivalent, IQR 211, 284). 

 

Section 3b: Trajectories of pain-related health status in RA and the associations with 

sociodemographic factors and medication use (Analysis Part 1) and hospitalisations and 

mortality risk (Analysis Part 2) 

In Analysis Part 1, 988 ARAD study participants with RA (71% female; mean age of 54 

years, mean disease duration of 2.3 years) were included. From the discrete mixture model, 

four, approximately equally sized, pain-related health status groups were identified, ranging 

from ‘better’ to ‘poorer’ groups. Changes over time between these trajectory groups were 

relatively minimal. In the poorer pain-related health status group, significant baseline 

predictors included female gender, obesity, smoking, sociodemographic indicators (lower 

education level, use of disability support, and lower socioeconomic status (SES)) and higher 
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comorbidity index. During follow-up, although the patterns of biologic use was similar 

between groups, biologic therapy modifications (plinear <0.001) and greater preference of 

using non-tumour necrosis factor inhibitor (an increase in marginal probability from 0.09 to 

0.21, plinear <0.001) were seen in those with poorer pain-related health status group. 

Concerningly, in the time-varying longitudinal mixed model regression, the marginal 

probability of opioid use markedly increased from 0.08 in the ‘better pain-related health 

status’ group to 0.57 in the ‘poorer pain-related health status’ group. Prednisolone use was 

relatively high across all trajectory groups, with an increase seen in the marginal probability 

from 0.26 to 0.53 (plinear <0.001).  

 

In Analysis Part 2, 806 ARAD study participants with RA (72% female, mean age at 

diagnosis of 54 years) were included. Using similar trajectory analysis in Part 1, similar 

results were seen, with four, approximately equally sized, distinct pain-related health status 

trajectory groups were identified, ranging from ‘better’ to ‘poorer’. In the poorer pain-related 

health status group, they were more likely to have obesity, higher comorbidity index and 

lower SES. In parallel, this group had the highest hospitalisation rates (odds ratio 3.09, 

95%CI 2.3, 4.2). Excess mortality was seen in the poorer pain-related health status group, 

either when compared to the other three groups (hazard ratio 2.4, 95%CI 1.5, 3.8), or the 

matched Australian population (standardised mortality ratio (SMR) 2.3, 95%CI 1.6, 3.3, 

p<0.001). Circulatory diseases secondary to cardiovascular or cerebrovascular causes 

were the most frequently reported COD in this poorer pain-related health status group 

(subhazard ratio 8.3, 95%CI 2.2, 31.7). 

 

Significance of findings and implications in clinical care and research: 

Overarchingly, the work performed in this thesis imparts new knowledge of the application 

of intensive longitudinal methods to analyse pain trajectory and pain variability in RMDs. 

Additionally, specific to RA, these longitudinal methods have unravelled new insights of the 

attributable burden of persistent pain mediated by the longitudinal effects of unfavourable 

pain-related psychosocial constructs and poorer health status of those at-risk individuals. 
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The interpretations of the study findings and their implications in clinical care and research 

are outlined below: 

• Pain in arthritis is multidimensional – the type of pain scales used and the frequency 

of pain measurements matter 

• Pain trajectory analysis in arthritis allows stratification of individuals with different 

pain experience over time – at-risk individuals of having persistent pain are 

identifiable and early intervention could be addressed  

• Changes in pain over time in arthritis is minimal, regardless of the frequency of pain 

measurements – alternative methods of assessing the magnitude of pain variability 

in real-time is required 

• The role of the patient global assessment within the DAS28 in RA remains 

contentious when used to assess disease activity and to guide treatment – the 

DAS28-P index is shown to be a useful surrogate as the predictor of treatment 

response in RA 

• In RA, pain is much more than just a symptom related to the arthritis itself – the pain 

experience and the health status of the individuals are interdependent 

• In RA, a higher tendency to modify treatment or to increase treatment dose 

unnecessarily is seen in those with non-inflammatory pain and similarly, in those 

with worsening pain-related health status – in those individuals with persistent pain 

and poorer health status, a mindful evaluation of treatment decision and disease-

related management is recommended at the time of diagnosis and throughout the 

disease course 

• In RA, opioid use is shown to be markedly increased in those with worsening pain-

related health status – at-risk individuals with persistent pain and using opioids 

should be identified and intervened early in the disease course to avoid opioid-

related harms 

• An increase in mortality risk in RA is a major concern in individuals with persistent 

pain, especially of those with poorer health status trajectory – a serious 

consideration of the influence of persistent pain on health outcomes in RA is just as 
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important as considering other well established risk factors that affect mortality in 

RA 

 

Strengths and limitations: 

The strengths of the research completed in this thesis are outlined below: 

• The advantages of having research skills and opportunities gained early in the 

postgraduate study could be applied throughout the completion of this thesis – these 

include statistical programming skills, digital epidemiology, research skills in mobile 

health studies and the foundation in using intensive longitudinal methods 

• A unique opportunity to harness different types of data sources to address the 

research questions, including the application of complex statistical methods to 

analyse different data sources, including the mobile health study and the large 

observational cohort studies 

 

There are several limitations in the research as outlined below: 

• In the work done using Cloudy with a Chance of Pain smartphone study, a short 

study period was selected during the analysis for data completeness. Hence, results 

from this exploratory work may be subject to selection bias, as highly engaged study 

participants were more likely to contribute data continuously.  

• In the work done using the Australian based observational studies, study 

participants with RA were the focus in this thesis. Therefore, results from this work 

may not be generalisable to individuals with other forms of RMDs, such as OA and 

FM.  

• Overall, the datasets used in the research for this thesis did not include information 

on disease activity, limiting further analysis of the relationship of the disease activity 

and the study outcome of interest such as pain-related health status. Furthermore, 

these datasets consist of mostly self-reported health-related information, which may 

be subject to recall bias or reporting bias.  
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Conclusion: 

The study findings in this thesis have shown significant potentials that arise from the 

application of intensive longitudinal methods in analysing pain in arthritis. Pain trajectory 

analysis allows the opportunity to identify at-risk individuals, particularly of those with 

persistent pain. Changes in pain over time in arthritis is minimal, regardless of the frequency 

of pain measurements, suggesting the need for alternative methods when assessing pain 

volatility. The magnitude of the burden of persistent pain and poor health status in RA is 

significant, with concerning trends of higher tendency of unnecessary treatment use and 

modification and excess mortality risk. Most importantly, in the early days of the diagnosis 

of arthritis and throughout the disease course, pain and health status should be mindfully 

evaluated in parallel, with aims to improve the outlook of the individuals. In individuals with 

persistent non-inflammatory pain, the long-term adverse health-related impacts should not 

be an oversight amongst all treating rheumatologists and other health care professionals. 
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Chapter 1: Introduction 

1.1 Preface 

Each human is no stranger to pain. For a long time, pain is not only known as a form of 

physical discomfort in the medical field, but it is also ubiquitous in the society from the 

philosophical, religious, and political perspectives. Most individuals living with rheumatic 

and musculoskeletal diseases (RMDs) have experienced pain, either acute or chronic, early 

in the diagnosis and throughout the disease course. In arthritis, besides the well-established 

pathophysiological understanding of pain, recognising the ebb and flow of pain experience 

from the patient’s perspective is equally important in the management of pain and the 

underlying disease. On this account, the approach on how we evaluate pain and the longer-

term impact of pain on individuals living with arthritis forms the basis of this thesis.  

 

This chapter provides an overview of pain in arthritis from a pathophysiological perspective 

and the role of central pain processing in persistent pain. In addition, this chapter 

summarises the need for longitudinal assessment of pain in arthritis and specifically, on 

potential analytical approaches when assessing longitudinally tracked data on pain 

symptoms derived from mobile health (mHealth) studies and observational studies. The 

attributable burden of persistent pain on treatment and health outcomes in arthritis is also 

discussed. This chapter then concludes by addressing the thesis aims and outline. 
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1.2 Background 

“Pain has an element of blank; 
   It cannot recollect 
   When it began, or if there were 
   A day when it was not. 
 
   It has no future but itself,  
   Its infinite realms contain 
   Its past, enlightened to perceive  
   New periods of pain.” 

 

Emily Dickinson (1890)(1)  

 

 

This poem, written in the 19th century by a famous American poet, Emily Dickinson, 

encapsulates the overall phenomenology of pain(1). She eloquently described pain in its 

nature, temporality, and the totality of its existence through time in individuals living with 

chronic pain(2). Historically, pain has been described ever since the existence of human 

beings, and over time, the concept of pain has evolved from the pre-historic era through to 

the current modern world(3). Inherently, pain perception is subjective and unique to 

everyone. 

 

In most RMDs, pain is one of the predominant clinical features, yet the pain perceived can 

differ between individuals. Additionally, within the same individual, pain in arthritis varies 

over time and can have different day-to-day impact on the person’s physical function and 

psychological health. The next section explores the topic of chronic pain in arthritis. An 

overview of these RMDs – rheumatoid arthritis (RA), osteoarthritis (OA), spondyloarthritis 

(SpA), and fibromyalgia (FM) – is first presented, of which the purpose is to introduce these 

conditions for the readers of my thesis. Detailed discussion of these RMDs is beyond the 

scope of my thesis. Following the overview of these RMDs, I present a focused discussion 

on the pathogenesis and the role of neuroinflammatory pathways of chronic pain in arthritis. 
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1.3 Chronic Pain in Arthritis 

Arthritis is a form of disease that affects the joints and associated peri-articular structures. 

For patients living with inflammatory and non-inflammatory arthritis, to them, pain is 

considered a symptom of utmost importance(4). Their history of pain, recent or past, is 

commonly discussed between the patients and the clinicians. 

 

In a typical clinic consultation, when patients are asked about their pain history, this is often 

done through a scramble of memory recollection that sums up their overall pain experience 

over a pre-specified timeframe. Such retrospective history taking may subject the patients 

to recall only the worst pain experienced, or to some, pain can be reported as being stable 

with no change. In managing arthritis, this pertinent information provided by the patients is 

heavily relied upon by the treating clinicians to justify the treatment decision and 

management of their pain and arthritis. However, such recall of the pain experience may 

not necessarily reflect the actual ebb and flow of the patient’s pain experience, and in a 

mismatch between disease activity and pain, the pain mechanisms are not simply explained 

by the underlying arthritis itself. 

 

In arthritis, pain is classically attributed to the disease activity such as joint inflammation, 

also known as the peripheral nociceptive pain processing. However, for some patients, 

despite having well-controlled disease, they may experience persistent pain, often due to 

central pain pathways(5-7). Pain can also differ in the course of time along with the disease 

progression and treatment. Over time, the lived experience of pain is invariably influenced 

by the trajectory of the individual’s health status and other biopsychosocial factors. Overall, 

chronic pain in arthritis is complex and multifaceted. This remains an ongoing research 

conundrum on how we can better evaluate the complexity of pain, considering the 

pathophysiology of pain but also the influence of biopsychosocial factors and general health 

status and wellbeing on the pain trajectory. What follows is a brief overview of the RMDs of 

interest. 
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1.3.1 Rheumatoid arthritis (RA) – an overview 

RA is a chronic autoimmune disease, which commonly results in painful and swollen joints, 

and can present in other peri-articular and extra-articular systemic manifestations(8-10). 

Globally, the prevalence of affected adults with RA is 5 per 1000(8). In Australia, according 

to the latest 2017-2018 Australian Bureau of Statistics (ABS), nearly half a million of adult 

Australians are diagnosed with RA, representing 1.9% of the total population and 13% of 

all RMDs in Australia(11). RA affects predominantly women, with at least 2 to 3 times more 

than men, and can occur at any age, with a peak incidence between the age of 50 to 60 

years(8, 10).  

 

Although the cause of RA remains unknown, the antigen presenting gene, HLA-DRB1 and 

cigarette smoking are some of the well-established genetic and environmental risk factors 

for developing RA(12-17) (Figure 1.1). Autoantibodies such as rheumatoid factor (RF) and 

anti-citrullinated protein antibodies (ACPA) are commonly identified in patients with active 

RA (termed as seropositive), due to the epigenetic alterations and breakdown of immune 

tolerance in the immune system and subsequent cascades of synovial inflammation(8, 18). 

These autoantibodies can be absent in one third of patients with RA (termed as 

seronegative) and can exist long before the appearance of RA symptoms (also known as 

pre-RA)(8-10, 19).  

 

In the early stage of RA, the clinical features usually range from oligoarticular to severe 

polyarticular involvement in a symmetrical distribution and with minimal structural damage(8, 

20). If left untreated or inadequately treated, up to 90% of patients with RA can progress to 

more severe, erosive articular disease and other systemic or extra-articular features may 

develop(21). Such progressive and destructive clinical features are uncommon nowadays as 

individuals with suspected RA are diagnosed and treated early by implementing the ‘treat-
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to-target’ (T2T) approach and the use of disease-modifying anti-rheumatic drugs 

(DMARDs). 

 

 

Figure 1.1 Risk factors and disease progression in rheumatoid arthritis 

Source: Adapted from Smolen JS, Aletaha D, Barton A, et al(9) (used with permission under the Springer Nature – Copyright 

Clearance Center’s Rightslink) 

 

In 2010, the American College of Rheumatology (ACR) and the European Alliance of 

Associations for Rheumatology (EULAR; formerly known as the European League Against 

Rheumatism) collaboratively redefined the RA classification criteria, which significantly 

changed the paradigm of how we treat RA(22). With the primary goal of early identification 

and intensive treatment early on in RA, this 2010 RA classification criteria set provides a 

standardised approach in identifying homogenous cohort of patients for clinical studies and 

informs clinical diagnosis and teaching(22-24).  

 

Swollen and painful small joints involving the hands (metacarpophalangeal and proximal 

interphalangeal joints), wrists, knees, and feet (metatarsophalangeal joints), prolonged 

morning stiffness (30 minutes) and positive autoantibodies are typically seen in those with 

suspected RA(25). Apart from clinical examinations and serological markers, composite 
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measures, such as the 28-joint disease activity score (DAS28), the clinical disease activity 

index (CDAI) or the simplified disease activity index (SDAI), are used to assess disease 

activity and to correlate with radiologic progression and functional outcomes(26, 27). The 

degree of RA disease activity can be summarised and stratified using the specific cut points 

of these composite indices, which then facilitate treatment decision to achieve low disease 

activity or remission(28, 29). DMARDs, classified as conventional synthetic (csDMARDs) and 

biologic/targeted synthetic (b/tsDMARDs) (Table 1.1), have revolutionised not only in 

improving disease suppression in RA, but also in preventing RA-related complications such 

as irreversible joint destruction and cardiovascular events and RA-related disabilities in 

terms of physical function and health-related quality of life(8). 

 

Conventional synthetic DMARDs Methotrexate, sulfasalazine, leflunomide, hydroxychloroquine 

Biologic/targeted synthetic 

DMARDs 

Etanercept, infliximab, adalimumab, golimumab, certolizumab, 

tocilizumab, abatacept, rituximab, tofacitinib, baricitinib, upadacitinib 

 

Table 1.1 Currently approved disease-modifying anti-rheumatic drugs (DMARDs) for rheumatoid 

arthritis in Australia 

 

1.3.2 Osteoarthritis (OA) – an overview 

Synovium is the scaffold of human joints, which comprises connective tissue that lines the 

joint and encapsulates the tendons and the sheaths of the bursae and fat pads surrounding 

the joints. In OA, dynamic structural changes occur not only in the synovium, but also in the 

subchondral bone, hyaline articular cartilage, ligaments, and peri-articular muscles, and 

therefore, OA is also known as a disease of the whole joint(30-33). Globally, OA is considered 

the most common arthritis, commonly affecting the knee, hip, and hand joints, and is the 

leading cause of arthritis-related pain and disability(31, 34-36). Based on the 2017-18 ABS, at 

least 2.2 million adult Australians have OA, representing 62% of all RMDs in Australia(37). 

One in five Australians over the age of 45 years suffer from OA(37). OA predominantly affects 

women and can occur at all ages, although the prevalence is much higher from the age of 

45 years(31, 36, 37). Broadly, age is the strongest risk factor for OA development(31, 38). In knee 
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and hip OA, the strongest risk factors include heavy workload in farming and construction 

sectors, repetitive loading in the joints, and certain high-impact and contact sports(31, 39-42). 

Female gender, high BMI, and previous joint injury are associated with higher risk of 

developing knee OA, although less so for hip OA(31, 38, 43). Clinical diagnosis of OA is mainly 

based on presenting complaints of joint pain, which is usually made worse with activity, 

minimal morning stiffness and limitation in physical function, as well as clinical signs of 

restricted range of motion and associated crepitus in the affected joint(s). Imaging and 

laboratory testing are not required to confirm the diagnosis. Education and self-

management, as well as physical activity, and weight management remain the current 

recommended treatment strategies for OA(31, 44, 45). Paracetamol and non-steroidal anti-

inflammatory drugs (NSAIDs) can be used in managing painful OA(31, 45). Effective DMARDs 

for OA are yet to be available for use(31). Elective joint procedures such as arthroscopy and 

the use of opioids have minimal benefits in managing symptomatic OA. Careful evaluation 

of suitable candidates for surgical joint replacement in symptomatic patients with advanced 

OA is necessary for optimising outcomes.  

 

1.3.3 Spondyloarthritis – an overview 

Historically, individuals with inflammatory back pain and evidence of radiographic 

inflammatory changes in the thoracolumbar spine and sacroiliac joints (SIJs) were 

described as having ankylosing spondylitis(46, 47). However, this term ‘ankylosing spondylitis’ 

does not cover the entity of early inflammatory phase in these affected axial regions long 

before the development of joint erosion, of which disease control is pertinent at this early, 

active inflammatory phase(46). Nowadays, the term ‘spondyloarthritis’ (SpA) is a 

recommended descriptive term which encompasses a spectrum of inflammatory disease 

that affects primarily the spine (axial spondyloarthritis, including sacroiliitis), and may 

involve other human organs. These include the peripheral joints (peripheral inflammatory 

arthritis), entheseal structures (peripheral enthesitis), swollen digits (dactylitis), eyes 

(uveitis, conjunctivitis), skin (psoriasis), urinary system (urethritis), gastrointestinal system 

(inflammatory bowel disease), and large vessels (aortitis)(46) (Figure 1.2).  
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Figure 1.2 Clinical features of spondyloarthritis 

Source: Adapted from Robinson, PC, van der Linden S, Khan MA, et al(46) (used with permission under the Springer Nature 

– Copyright Clearance Center’s Rightslink) 

 

Plain X-ray of the SIJs, in the presence of apparent sacroiliitis, helps to confirm the 

diagnosis of axial SpA(46). However, magnetic resonance imaging (MRI) can be helpful in 

identifying early changes such as bone marrow oedema or fatty lesions in the SIJs, if X-ray 

findings are inconclusive(46). 

 

1.3.4 Fibromyalgia (FM) – an overview 

Pain is the most significant symptom described by individuals suffering from FM, 

representing one of the most common causes of chronic widespread pain (CWP). However, 

apart from pain, other symptoms such as fatigue, sleep impairment and undifferentiated 

somatic symptoms (also termed as ‘functional symptoms’) are equally described in 

individuals with FM(48) (Figure 1.3).  
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Figure 1.3 Clinical features of fibromyalgia 

Source: Adapted from Sarzi-Puttini P, Giorgi V, Marotto D, et al(48) (used with permission under the Springer Nature – 

Copyright Clearance Center’s Rightslink) 

 

FM has a global prevalence of 2-3%, which is proportional to the age of those affected (peak 

age of onset at 50-60 years) and is more common in women (female:male ratio of 3:1)(48-

50). Diagnosing FM is unequivocally clinical, usually with detailed history-taking, and physical 

examination is not diagnostically supportive(48, 51). The treatment of FM is based on a holistic, 

individualised, multi-modal biopsychosocial approach, as FM is considered as a condition 

with an overdriven mind-body connection in the context of genetic factors, personal lived 

experience, emotions and cognitive factors, and stress-coping mechanisms(48, 52-54). 

Education, physical activity, psychotherapy, and effective pharmacological interventions are 

the recommended key treatments for FM(48). 
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In the next section, I will discuss the constructs of pain and inflammation, with RA and OA 

as the RMDs of interest highlighted in this topic, and specifically, pain in RA will be 

discussed in greater detail, as it features the most in my research work presented in this 

thesis. 

 

1.3.5 The relationship between pain and inflammation 

Historically, Celsus’ definition of inflammation consists of four important clinical signs – 

erythema, heat, swelling and pain(55, 56). Two centuries later, a fifth sign of loss of function 

was introduced, as Galen proposed his idea of the circulatory effects on inflammation(56, 57). 

Nonetheless, this fifth cardinal sign of inflammation was only formally included by Virchow 

in the 19th century. Based on this definition, pain was originally considered as a localised 

output from the inflammatory process. Shortly after, in 1901, researchers discovered that 

inflammation and sensory neuron activation were interdependent and thereafter, the term 

‘neurogenic inflammation’ was introduced(58). Physiologically, the inflammatory mediators 

activate the primary afferent fibres (known as the nociceptors) and the sympathetic 

peripheral nerve fibres, resulting in a cascade of inflammatory features including pain, 

localised swelling, vasodilation, and increased warmth. In return, at the inflammatory site, 

these nociceptors activate local axonal reflexes, and subsequent neurotransmitters are 

released, stimulating ongoing neurogenic inflammation. These nociceptors also signal the 

pain pathway in the central nervous system (CNS), by activating the dorsal root reflexes in 

the spinal cord and the neuroendocrine and autonomic systems in the brain. Inflammatory 

pain, as we now understand, is a product of the homeostatic interaction between the 

inflammatory process and the nervous system. This interaction can become dysregulated 

in chronic inflammation, as seen in arthritis. 

 

Morphologically, as shown in Figure 1.4, a healthy joint is innervated throughout with 

nociceptors and sympathetic nerve endings, and the innervation is more widespread in an 

OA joint(59-62). 
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Figure 1.4 An illustration of the key components of sensory and sympathetic nervous system 

compared between healthy and osteoarthritic knee joints 

Source: Adapted from Grassel S and Muschter D(63) (used with permission under Creative Commons Attribution 4.0 

International) 

 

These nerve fibres are found in the ligaments, subchondral bone, periosteum, synovium, 

and the outer third of the menisci, but not the cartilage(59-62). Myelinated A (with fast 

conduction) and unmyelinated C (with slow conduction) are the primary sensory nerve fibres 

involved in response to different stimuli. Specific to the joints, the A nerve fibres are 

activated by the movement of the articular structures, and both A and C fibres are activated 

by noxious stimuli, such as injury or inflammation. In inflamed joints, there is disruption to 

the osteochondral junctions, with erosive changes and structural remodelling process 

occurring in RA and OA respectively. Notably, there is also an increase in the number of 

nerve fibres and neurotransmitters in these osteochondral junctions, primarily due to 

angiogenesis and subsequent development of new nerve fibres(60, 64, 65). In the context of 

inflammation, these nerve fibres can be activated at a lower threshold in response to the 

stimuli, known as sensitisation. This phenomenon is crucial in understanding the 

development of pathological pain state in arthritis, which is reviewed next. 
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1.3.4 The mechanisms of pain sensitisation in arthritis 

In an inflamed joint, the afferent nerve fibres are sensitised through an array of pro-

inflammatory mediators, as outlined in Table 1.2(64, 66-70).  

 

Mediators at nociceptive endings Cytokines, proteases, neuropeptides, chemokines, prostaglandins, 

neurotrophins, gaseous mediators, lipids 

Mediators at dorsal root ganglion Nerve growth factor, calcitonin gene-related peptide, vasoactive intestinal 

peptide, vanilloid receptor 1, opioid receptors, CC-chemokine ligand 2, 

CC-chemokine ligand 2 receptor 

Mediators at brain level Substance P, serotonin, glutamate 

 

Table 1.2 Mediators of pain and inflammation in arthritis 

Source: Adapted and restructured from Fu K, Robbins SR and McDougall JJ(64) (used with permission under the Oxford 

University Press – Copyright Clearance Center’s Rightslink) 

 

In return, there is higher propensity for these nociceptors to be activated in response to the 

noxious and mechanical stimuli(5, 60). As it occurs in the peripheral nerve endings, this 

process is known as the peripheral sensitisation. 

 

In a sustained inflamed joint, the CNS plays an important role, with the neurons in the spinal 

cord being activated secondary to the constant hyperexcitability of the peripheral 

nociceptors. As RA consists of a systemic inflammatory process, circulatory cytokines can 

potentially cross the blood-brain barrier within the CNS(68, 71). In addition, internal cytokines 

such as interleukin-1 (IL-1) are generated from the immune cells in the CNS, further 

perpetuating the process of central pain sensitisation(68, 72, 73). Peripherally and centrally, 

there is an increased responsiveness to noxious stimuli (also known as hyperalgesia) and 

to normally innocuous stimuli (also known as allodynia), as summarised in Figure 1.5(5, 64, 

68). 

 

Synovitis in RA and inflammatory OA augments the central pain processing. Both 

hyperalgesia and allodynia develop, due to continuous exposure to pro-inflammatory 
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cytokines such as tumour necrosis factor-alpha (TNF-), IL-1 and interleukin-6 (IL-6) within 

the CNS(68, 74). Interestingly, some animal studies have shown the involvement of central 

pain processing with specific histopathological, clinical characteristic and 

electrophysiological changes, pre-dating clinical evidence of active synovitis(68, 72, 75). These 

findings highlight the importance of central pain pathways in chronic pain in arthritis, 

particularly in the realm of persistent pain despite disease suppression. 

 

 

Figure 1.5 Pain mechanisms involved in inflammatory arthritis – peripheral and central pain 

sensitisations 

Source: Adapted from Salaffi F, Giacobazzi G and Di Carlo M(76) (used with permission under Creative Commons Attribution 

License) 

 

1.3.5 Persistent pain in arthritis exists despite suppressed 

inflammation 

Advances in diagnosis and management of RA, including earlier diagnosis, treat-to-target 

(T2T) management, and paradigm shift of early disease-modifying anti-rheumatic drugs 

(DMARDs) use have revolutionised the rapid resolution of synovitis and other disease-
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related systemic process. During treatment, pain relief is also expected when synovitis is 

under control, and yet, chronic pain in arthritis is complex and is far from just getting the 

disease itself under control. 

 

In 1979, the International Association of Pain (IASP) Subcommittee on Taxonomy originally 

endorsed pain to be defined as ‘an unpleasant sensory and emotional experience 

associated with actual or potential tissue damage or described in terms of such damage’(77). 

However, within this definition of pain, it is lacking the connotation that pain can exist in the 

absence of any body tissue injury. Four decades later, between 2018-2020, a revised IASP 

definition of pain was conceptualised as ‘an unpleasant sensory and emotional experience 

associated with, or resembling that associated with, actual or potential tissue damage’(78). 

This important change in defining pain is a crucial step in acknowledging the concept of 

central pain mechanisms and biopsychosocial circumstances within the individuals living 

with chronic pain. 

 

Despite the absence of clinical or serological indicators of disease inflammation, persistent 

pain in RA is common and remains an ongoing treatment conundrum, implying the rationale 

behind alternative pain pathways, either physiologically or non-physiologically(79-81). Central 

pain processing is augmented in both OA and RA and can occur distally from the original 

affected joints(82). Heightened responsiveness of the somatosensory nerve fibres exists in 

surrounding peri-articular structures and other musculoskeletal structures(82-85). In addition, 

response to pressure stimuli seems to dampen in RA, as evident by the heightened level of 

pressure pain detection in a widespread body distribution in response to cold stimuli in RA, 

but not in pain-free individuals(68, 86-88). This impaired pressure pain threshold was shown to 

be further mediated by poor sleep, anxiety, and low mood(68, 87, 88). 

 

Furthermore, neuropathic pain can co-exist in OA and RA, even in the absence of disease 

activity or activation of the classical nociceptive pain processing(89). For instance, 

painDETECT questionnaire is widely used in musculoskeletal research studies examining 
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neuropathic and non-inflammatory pain(90-94). In chronic, symptomatic knee OA, a 

correlation was found between higher scores from both the modified painDETECT 

questionnaire and positive quantitative sensory tests in nearly half of the study cohort, 

implying the presence of central pain sensitisation(93). Similarly, in RA, there was a high 

proportion of study participants reporting high level of pain using the visual analogue score 

(VAS) and high painDETECT scores (R-squared statistics, R2 of 0.757), implying the co-

existence of neuropathic, non-inflammatory pain in a subset of patients with well-controlled 

disease(90). 

 

As we now understand, central sensitisation exists in RA. This phenomenon is evident by 

the presence of mismatch between disease activity and pain symptoms, as well as the 

hyperexcitability of the central pain pathway in both articular and non-articular structures(85). 

More importantly, this non-inflammatory type of pain is often comparable to the pain-related 

symptoms of undifferentiated chronic pain syndromes such as fibromyalgia or chronic 

fatigue syndrome(95-97). In such non-inflammatory pain conditions, there is lack of 

nociceptive pain pathway and often, the central pain processing is augmented, as 

manifested by widespread hyperalgesia, allodynia, and dysregulation in pain inhibition(96, 

98). 

 

Studies have found that in RA, patients with centrally augmented chronic pain often fulfills 

the classification criteria of fibromyalgia. The prevalence of fibromyalgia and RA is relatively 

similar to that of the general population, but over time, as the RA disease progresses, the 

prevalence of fibromyalgia increases(99, 100). These patients often have heightened pain 

sensitivity and more widespread, as well as adverse health outcomes such as poor sleep, 

impaired mental health, and poor quality of life(68, 101-106). Frequently, fibromyalgia is 

independent of the standard measures of disease activity in RA, such as the 28-joint 

disease activity score (DAS28). In this circumstance, the higher DAS28 score is supported 

by higher scoring of the subjective components of DAS28, namely the tender joint count 

(TJC) and VAS of global health (VAS-GH)(68, 86, 96). Recognising the mismatch between 
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disease activity and persistent pain has pawned detailed research into the contributing 

components of the disease activity scoring, objectively and subjectively. Studies in well-

controlled, non-erosive RA cohorts have shown a large discrepancy between TJC and 

swollen joint count (SJC) and the corresponding ratio of TJC and SJC, resulting in 

abnormally high DAS28 scores in patients with persistent pain(101, 103, 107). A study by 

McWilliams and colleague demonstrated that pain was predicted by high scoring of DAS28-

P index, defined as “the proportion of DAS28 contributed by the patient-reported 

components”(108). In this study, approximately three quarters of the study cohort reported 

partially improved or worsening pain at 12 months(108). 

 

Overall, pain and inflammation in arthritis are mutually dependent, not only through the 

peripheral nociceptive pathway, but also through the central pain processing. It is pertinent 

for clinicians and researchers to understand how pain is measured in arthritis, especially 

over the natural history of disease and its progression. Next, pain assessment in arthritis is 

discussed, followed by a review of the current understanding of examining pain over time 

using various longitudinal analytical methods. 

 

 

1.4 Pain Assessment in Arthritis 

Patient-reported questionnaires on pain symptoms are commonly used by clinicians and 

researchers in the assessment of pain in arthritis. Either standalone or repeatedly over a 

period, these self-reported pain reports are crucial to capture the patient’s perspective of 

their lived experience of chronic pain and its variability in time and space. 

 

Some questionnaires cover other pain-related outcome measures, including pain-related 

symptoms, physical function, psychosocial status, quality of life and socioeconomic 

indicators, pertinent to any musculoskeletal diseases. In detail, there are simple one-

dimensional pain scales that are easy and quick to use, such as VAS, numerical rating scale 
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(NRS) and verbal rating scale (VRS)(109-113). These scales can be used for repeated 

measurements but may not be useful to capture more comprehensive picture of the pain 

experience. More complex, multidimensional pain questionnaires are available for use. In 

RA and OA, some of these questionnaires include McGill Pain Questionnaire (MPQ), Short-

Form McGill Pain Questionnaire (SF-MPQ), the Saint-Antoine Pain Questionnaire, the West 

Haven-Yale Multidimensional Pain Inventory (WHYMPI), Short Form-36 Bodily Pain Scale 

(SF-36 bodily pain scale), Measure of Intermittent and Constant Osteoarthritis Pain 

(ICOAP), Arthritis Impact Measurement Scales (AIMS), the Western Ontario McMaster 

Questionnaire (WOMAC) and Rheumatoid Arthritis Pain Scale (RAPS)(59, 114-124). Different 

aspects of pain measured in arthritis can be obtained depending on the desired outcome of 

interest, as summarised in Table 1.3. 

 

These pain assessment tools are comprehensive, yet routine use in clinical care is not 

common, and unlikely to be feasible in a busy practice. Furthermore, if used in the usual 

clinical settings, responses to these questionnaires may be subject to recall bias and 

selective memory, as patients may be more likely to report any recent unpleasant pain 

experiences outside of the clinical setting. As such, in RA, when assessing disease activity, 

higher DAS28 may be subject to higher level of painful joints and overall poorer global 

health, even if the RA is stable. Overestimating the DAS28 score may lead to unnecessary 

treatment escalation and poor pain management in the longer term. The mismatch between 

disease activity and pain symptoms in this subgroup of patients with persistent pain 

highlights the importance of systematically capturing the pain experience over time, as well 

as capturing real-time pain impact. With this knowledge, we can then appropriately address 

their pain management and disease-related treatment decision and more importantly, 

intervene early when the window of opportunity arises throughout the disease course. 
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Pain scales Health-related quality of 

life scales 

Pain 

location 

scales 

Site-

specific 

scales Unidimensional Multidimensional Generic Disease 

specific 

Verbal rating scale 

(VRS) 

 

 

 

 

Visual Analogue 

Scale (VAS) 

 

 

 

 

Numerical Rating 

Scale (NRS) 

 

Faces Pain Rating 

Scale 

 

 

Thermometer Pain 

Scale (TPS) 

McGill Pain 

Questionnaire (MPQ) 

 

 

 

Short-Form MPQ (SF-

MPQ) 

 

 

 

 

Brief Pain Inventory 

(BPI) 

 

Chronic Pain Grade 

Questionnaire (CPGQ) 

 

West Haven-Yale 

Multidimensional Pain 

Inventory (WHYMPI) 

 

Rheumatoid Arthritis 

Pain Scale (RAPS) 

36-Item Short-

Form Health 

Survey (SF-36) 

 

 

 

European 

Quality of Life-5 

Dimensions 

(EQ-5D) 

 

 

Sickness Impact 

Profile (SIP) 

 

Nottingham 

Health Profile 

(NHP) 

Arthritis Impact 

Measurement 

Scales (AIMS) 

 

 

 

Arthritis Impact 

Measurement 

Scales (AIMS2) 

Formal 

Joint Count 

 

 

 

 

Regional 

Pain Scale 

(RPS) 

Western 

Ontario and 

McMaster 

Universities 

Osteoarthritis 

Index 

(WOMAC) 

 

Hip Disability 

and 

Osteoarthritis 

Outcome Score 

(HOOS) 

 

Disabilities of 

the Arm, 

Shoulder, and 

Hand (DASH) 

Questionnaire 

Table 1.3 Scales used for pain assessment in arthritis 

Source: Adapted and restructured from Salaffi F, Giacobazzi G and Di Carlo M(76) (used with permission under Creative 

Commons Attribution License) 

 

More often, unidimensional pain measurement tool is inadequate to measure the whole 

entity of pain experience in arthritis. In an ideal situation, continuous assessment of pain 

pattern in terms of its temporal and spatial distributions should occur, and more 

multidimensional pain assessment tools can potentially facilitate this type of longitudinal 

and comprehensive assessment. However, these multidimensional pain measurements are 

tedious and unappealing for repetitive use with less user engagement in data collection over 

time. Patient reported outcomes (PROs) are being adopted in clinical medicine and 

research given that PROs are important key measures of disease activity and treatment 

response derived from the patient’s perspective on their disease outlook(125). Such data 

collection attracts considerable interest in the longitudinal data capture of pain symptoms 
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and pain-related PROs, and hence, the review of the rationale and advances of real-time 

granular data capture is discussed next. 

 

1.4.1 The history and advances of real-time daily data capture on 

pain experience 

Diary use in capturing symptoms and co-occurring events over time for familial periodic 

paralysis was first described in the early 1920s(126). This method of data collection was not 

fully taken up until half a century later, when the “Experience Sampling Method (ESM)” was 

first developed by Csikszentmihalyi and Larson(127). The ESM originates from 

Csikszentmihalyi’s work on flow theory, which describes the relationship of an individual’s 

state of consciousness with performance and activity engagement spatially and 

temporally(128). The ESM has a primary emphasis on recording momentary information of 

an individual’s physical and mental state experience in natural settings, by completing 

questionnaire handouts in writing, and at various pre-arranged time points(127). In order to 

capture such data, signalling devices were used to provide prompting to the users to record 

any subjective phenomena or events relevant to the researchers’ outcome of interest(127). 

Such research based on the ESM approach, the signalling devices used ranged from 

pagers, computerised pocket calculators, computerised wrist watch, tape recorder, to 

customised-built portable Epson computer, which could emit more than 100 signals over 

just a week period(127). 

 

With the implementation of this first era of wireless telecommunication devices and 

computers, the ESM was considered an advancement in real-time longitudinal data capture 

compared to the traditional fixed time-point questionnaire assessment. Subsequently, the 

ESM led the paradigm shift in capturing real-time self-reported health data, particularly in 

studies of psychology and physical illness(129-131). Besides capturing momentary data on 

people’s daily activity and symptoms, methods of collecting data on behavioural and 

physiological measures were already achievable since the mid 1990s, with the use of 
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ambulatory monitoring devices (e.g., blood pressure and heart rate monitor) and physical 

activity sensors(132, 133). 

 

Major shift in the paradigm of real-time data capture was subsequently seen with the 

development of “Ecological Momentary Assessment (EMA)” by Stone and Schiffman(134). 

The main components of the EMA are defined by “real-time collection of data about 

momentary states, collected in the natural environment, with multiple repeated 

assessments over time”(135). The EMA is a framework aggregating all the above historical 

methods described earlier, and ultimately, aims to seek and to integrate all the common 

features of real-time data collection from a methodological perspective. One would certainly 

ask why we need such an onerous framework, given that we have good reliability and 

validity of the traditional self-report tools used in many health studies. 

 

1.4.2 The risks of recall bias and selective memory in pain 

assessment 

The concept of ‘peak and end rule’ as reviewed in detail by Fredrickson is one of the most 

important determining factors influencing recall bias, which is a common challenge when 

using the traditional self-reporting questionnaires(136). This concept largely explains the 

theory of cognitive heuristics. In any co-occurring events, most human beings are prone to 

subjectively conclude an emotional experience based on a few selected past moments 

which are usually at its most intense period (and within this concept, it is known as ‘the 

peak’) and the eventual outcome (also known as ‘the end’)(136). A study by Redelmeier and 

Kahneman further confirmed the concept of this cognitive heuristic theory(137). In this study, 

included patients underwent minimally invasive procedures such as colonoscopy and 

lithotripsy and their overall pain experience was strongly correlated with recall of the most 

intense pain during the procedure and towards the end (last few minutes) of the 

procedure(137). Another study by Redelmeier and Kahneman confirmed that the duration of 

the procedure did not significantly affect their overall pain perception unless the final 
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impression of the procedure was correlated with unpleasantness(138). It suggests that human 

being’s memory is naturally selective and is susceptible to bias. Conceptually, regardless 

of the duration, if there were cumulative moments of pain experience or other negative 

affect, these would conflict with the temporal monotonicity and the overall perception of its 

aversiveness(139). 

 

Although the studies as outlined above confirmed the concept of the ‘peak and end rule’, it 

is important to note that the study results were derived within a controlled research 

environment over a very short period. These study results may not be generalisable to real-

time capture of pain symptoms as seen in ethnographic studies. For instance, an important 

study by Stone and his colleague is worth to discuss, with retrospective self-reported daily 

pain experience captured over a week period in patients with RA using the EMA 

framework(140). In this study, in a natural environment with minimal interruption to daily 

activities, study participants recorded their daily mood, arthralgia and impact on function 

using a 7-point scale rating in a booklet(140). In addition to pain symptoms, the status quo 

activities, whereabouts, and co-occurring events relevant to disease impact were 

recorded(140). Regular prompts for data entry were given throughout the day using pre-

programmed watch worn by the study participants(140). Concurrently, during this study 

period, one rheumatology visits for each participant occurred with the intention to record 

participant’s recall of their average joint pain and other pain symptoms(140). Study results 

derived from these 32 dedicated participants confirmed the validity of the combined ‘peak-

end effect’ of pain experience being more superior than the recalled averaging of pain 

alone(140). 

 

For patients and clinicians, such momentary methods of data collection can be unappealing 

and intrusive. However, if the data collection can be made easier, and with very minimal 

interference with daily living, EMA applicability in momentary snapshot of certain PROs in 

studies of chronic health conditions can yield the most natural, temporally rich longitudinal 
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data.  Next, the discussion on how the current emerging technologies can assist with this 

method of real-time data capture is presented. 

 

1.4.3 The case for mobile health application in capturing real-time 

patient-generated health data 

The rapid growth of mobile phone use has led to a parallel rise in mHealth studies since the 

late 90s. Broadly, mHealth is known as the ‘emerging mobile communications and network 

technologies for health care’(141). Almost 63% of the global population were mobile phone 

users in 2016, and the number of users continued to rise in 2019 and beyond(142). Mobile 

phone is no longer considered as a simple tool for communication. There is ongoing 

development and advancement of internal capabilities within a smartphone, such as 

webpage access, video and voice recording, geo-positioning system (GPS), and a user-

friendly touch screen interface. These built-in technologies have revolutionised the adoption 

of its convenience in participatory health care in the wider society, irrespective of age, 

geography, and socio-economic status(143). 

 

Currently, mHealth has ongoing influence in advancing health care research and practice, 

with wider adoptions seen in health-care decision-making using artificial intelligence (AI) 

system, in remote monitoring and care of those with chronic medical conditions, and in 

acute medical care(144). Seamless built-in sensors, efficiently powered devices, and wireless 

networks found within the mHealth devices have enhanced the feasibility of using these 

devices in health care and research(145). The notion of empowering patients to take charge 

of their own health is encouraged in this setting, with strong focus in place for self-

management and self-monitoring of disease activity and impact in many chronic health 

conditions(145). Overall, mHealth has great potentials and benefits not only for individuals 

and health care professionals, but also for the wider society and key stakeholders in health 

care and research.  
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One in two smartphone users have at least one downloaded mHealth application (app), 

according to a cross-sectional survey study conducted on 1604 smartphone users in the 

United States(146). According to this study, although health apps were considered by most 

users to be beneficial in self-care awareness and health improvement, nearly half of these 

smartphone users discontinued using the apps, primarily due to data entry burden, gradual 

lack of interest, and costs(146). Despite the large influx of downloaded health-related mobile 

apps, user engagement remains a challenge. On a similar note, some of these readily 

available health-related mobile apps are not rigorously assessed and validated, resulting in 

lack of its usefulness in clinical setting. A systematic review on RA-related mobile apps has 

shown that most of these were commercially available apps that are downloadable from the 

iTunes and Google Play App Stores(147). Most of these apps were found to be less feasible 

for longer term use in self-care and self-monitoring of disease activity and impact in RA(147).  

 

From the health care research perspective, there is a large uptake of mHealth application 

in most medical and social science studies to gather longitudinal biopsychosocial-focused 

PROs(135, 148). For instance, such high level of data granularity can be analysed using 

multilevel modelling, which has the advantages of assessing the between-individual and 

within-individual processes within the outcome of interest(149). Next, key points in mHealth 

implementation and feasibility in rheumatology research is discussed. 

 

1.4.4 The case for longitudinal pain symptom tracking using 

smartphones 

Part of the expanding horizon in digital health is the development of patient-generated 

health data using mHealth and globally, the number of mHealth-related studies in chronic 

health conditions is increasing.  

For instance, a feasibility study of EMA-based data collection of chronic pain in individuals 

with FM using electronic diaries embedded within smartphones has shown the success in 

maintaining user engagement, even in those with less digital literacy(150). Furthermore, a 



 60 

smartwatch study from the United Kingdom (UK), known as the Knee Osteoarthritis: Linking 

Activity and Pain (KOALAP) study, has demonstrated groundwork success in consistent 

study user participation and engagement in providing real-time data on symptoms, 

alongside passive data collection on physical activity(151). Concurrent active and passive 

data collection from individuals in real-time is possible in mHealth studies, providing 

consistent user engagement. 

 

In longitudinal tracking of symptoms experienced by individuals with RMDs, in terms of pain 

experience, invaluable information in great details on symptom variability over time can be 

obtained(152). For instance, observational studies on low back pain (LBP) have largely 

identified distinct subgroups of varying pain trajectories using clustering analysis, allowing 

identification of at-risk individuals with varying pain level and better tailoring of pain 

management. Pain experience fluctuates, and the dynamic of pain states can either be 

static or volatile. For example, a study by Axen and colleagues identified distinct subgroups 

of pain trajectories in patients with LBP, described as either sustained or fluctuating rather 

than a single form of pain trajectory for the whole study population(153). Apart from 

understanding pain intensity, quality and distribution, the temporal entity, frequency, and 

the transition between pain states are all relevant to capture the overall lived experience of 

pain in real-time, and this is a positive direction for better understanding of chronic pain in 

arthritis. 

 

The term ‘e-Rheumatology’, as introduced by El Miedany, has clearly defined the benefits 

of mHealth technologies in enhancing the continuum of care between the health care 

providers and patients with RMDs(154). In a study of smartphone users with early RA, greater 

level of self-improvement was seen in the users, with the development of positive outlook 

and personal confidence in self-management of symptoms and medication(155). Apart from 

this, a 3-month feasibility study of using smartphone devices for self-assessment of RA has 

shown good correlation between patients’ perception of their disease activity and clinicians’ 

objective outcome measures in the clinic(156). More importantly, these findings suggest that 
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by using mHealth technologies, self-management for those with arthritis is possible, further 

complementing clinical care with the systematic input from the patients and objective 

disease markers. Patient engagement and involvement in their health care, alongside with 

clinicians’ assessment and support, will undoubtedly provide a clearer snapshot of the 

disease impact in their lives and their treatment outcome. Advancing consumer technology 

such as smartphones and wearables has enabled patients to easily track their daily 

symptoms and its variability in trend through time(157). These patient-generated data can be 

beneficial if integrated in clinical practice, particularly in remote monitoring of daily 

symptoms reported by the patient outside of the clinic rooms(157). 

 

 

1.5 Key Measures of Pain-Related Health Outcomes 

in Arthritis 

Health status is often perceived as a state of physical health, mental health, and social well-

being. The natural history of an individual’s health status is an ever-changing metric in one’s 

life course, ranging from a state of wellness or being asymptomatic to illness onset and its 

trajectory, if present(158-160). In arthritis, persistent pain may have an impact on medication 

use and the overall health status. For instance, in RA, pain is regarded as the highest priority 

in health domains for improvement and in measures of treatment efficacy(161-164). 

Additionally, higher levels of pain experienced in RA were strongly correlated with poor 

quality of life, as measured by decline in the overall health perception, increased 

dependency and need for support, and decline in biopsychosocial functioning(165-170). 

 

Overarchingly, looking into the intertwined relationship between the complex dynamics of 

pain and arthritis and the negative corollary health outcomes that followed allows us to look 

deeper into the overall impression of the well-being of the person living with arthritis, 

especially in those with persistent pain. To date, we are yet to have standardised methods 

to examine pain longitudinally. In addition, little is known of the temporal relationship 
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between pain and health status of patients living with arthritis, and more importantly, of how 

trajectories of pain-related health outcomes translate into attributable burden on treatment, 

and ultimately, the downward effects on morbidity and mortality of those at-risk individuals 

with persistent pain. 

 

 

1.6 Thesis Aims 

The research groundwork in this thesis aims to explore the current gaps and understanding 

of longitudinal characteristics of pain in arthritis. Such exploration of longitudinal data on 

pain-related PROs captured in large observational studies, including mHealth studies, may 

unravel new insights for patients, clinicians, and key stakeholders of the phenomenology of 

persistent pain and its attributable burden on treatment and adverse health outcomes in 

arthritis. Part of the research work in this thesis has a dedicated focus on RA. 

 

The research questions in this thesis include the following: 

• What are the methods used to longitudinally assess pain in arthritis in the current 

literature? 

• What are the benefits and challenges in using digitalised health-related data in 

clinical care and research? In the context of harnessing patient-generated health 

data obtained from smartphones, what are the key outcomes that can be identified 

when assessing pain trajectory and variability using intensive longitudinal methods? 

• In RA, by using the validated pain score, disease activity composite score and other 

relevant PROs, can we identify individuals at risk of developing persistent pain 

trajectory? What is the impact of persistent pain on medication use and important 

health outcomes in RA, such as hospitalisation events, mortality risk and causes of 

death (COD)? 
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To address the abovementioned research questions, this thesis aims: 

• To explore the current literature on the methods and research tools used in 

longitudinal characteristics of pain in arthritis 

• To synthesise the benefits and challenges of digitalised health-related data in 

providing evidence-based care  

• To explore daily pain variability in inflammatory and non-inflammatory RMDs using 

intensive longitudinal methods  

• To determine the longitudinal effects of pain and health outcomes and the 

attributable burden of pain-related health status on treatment and adverse health 

outcomes in RA 
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1.7 Thesis Outline 

This thesis is presented as a ‘combination thesis’ format with most thesis chapters written 

in publication format. Throughout my thesis, as a guide for the reading, each section starts 

with an overview of the chapter(s) and ends with a summary of the section. In parallel, each 

chapter also starts with a preface and a summary of the chapter. Chapters with published 

articles and manuscript submitted for publication in peer-reviewed journals are presented. 

This thesis comprises three sections as described below.  

 

Section 1 includes a chapter on my systematic scoping review (Chapter 2) on the current 

literature in longitudinal assessment of pain in RA. A manuscript for this review has been 

prepared and submitted to a peer-reviewed journal. 

 

Section 2 consists of two chapters: 

• A narrative review (Chapter 3) on the benefits and challenges of harnessing 

digitalised health-related data in providing real-world evidence. This review has 

been published in a peer-reviewed journal. 

• Chapter 4 focuses on the work completed on an mHealth study, Cloudy with a 

Chance of Pain. I joined the research team in this study in the early stage of my 

candidature in Manchester, UK. This is a UK nationwide smartphone study 

investigating the association between pain and weather. I joined the study when the 

primary analysis of interest had just begun, following the conception and design of 

the study, the study app, pilot study and the completion of recruitment and data 

collection. As part of the research team for the primary analysis, I was partly involved 

in the data cleaning of the baseline questionnaires. I also contributed as a co-author 

for the first three publications of this study during my candidature (included in the 

Appendices). Specific to my thesis, I focused on using a data subset from this study 

of study participants with inflammatory and non-inflammatory RMDs. Using this data 

subset, I analysed day-to-day pain trajectory and variability using intensive 
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longitudinal methods. This exploratory analysis is presented as a traditional thesis 

chapter. The statistical code scripts are included in this thesis in the Appendices. 

 

Section 3 consists of three chapters: 

• Chapter 5 focuses on the work completed on an early RA cohort with the aim to 

examine the components of the DAS28-P index as a discriminatory measure of 

treatment response in this study cohort. This work has been published in a peer-

reviewed journal. The dataset is described in detail in this chapter.  

• Chapter 6 focuses on the work completed on the dataset of study participants with 

RA derived from the Australian Rheumatology Association Database (ARAD). The 

aim was to examine the longitudinal effects of pain on sociodemographic indicators 

and medication use. A manuscript for this analysis has been published in a peer-

reviewed journal. The dataset is described in detail in this chapter.  

• Chapter 7 focuses on the work continued from Chapter 6 using the dataset of study 

participants with RA derived from the ARAD. The aim was to examine the 

longitudinal effects of pain on hospitalisations, mortality risk and causes of death. A 

manuscript for this analysis has been prepared and submitted to a peer-reviewed 

journal. 

 

Next, Chapter 8 focuses on the overall discussion of the research groundwork in this thesis. 

In this chapter, the key findings, significance, and implications of the findings in clinical care 

and research are discussed. In addition, the strengths and limitations of the research are 

discussed. Research skills attained during my candidature and the impact of Covid-19 on 

the progress of my candidature are discussed. 

 

To conclude this thesis, as presented in Chapter 9, the overall conclusion and future 

directions are discussed. 
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Section 1: Literature Review 

Overview of Section 1 

Section 1 of this thesis consists of one chapter, Chapter 2, which forms the primary driver 

for the study design and conception behind most of the research work conducted in this 

thesis.  

 

Chapter 2 presents the systematic scoping review of the current literatures in examining the 

longitudinal characteristics of pain in RA, an autoimmune RMD mostly featured in my 

research work in pain trajectories. This chapter also presents the research gap identified 

through this scoping review, therefore, forming the basis of my research work in RA in this 

thesis.

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 67 

Chapter 2: Longitudinal Characteristics of 

Pain in Arthritis: A Scoping Review 

2.1 Preface 

The systematic scoping review presented in this chapter addresses the first part of the 

research questions in this thesis. This review aims at evaluating the current literatures on 

methods used to longitudinally assess pain in RA, an autoimmune RMD mostly featured in 

my research work on pain trajectories presented in Chapters 5, 6, and 7 in this thesis.  

 

This scoping review is presented in a manuscript format, which has been submitted to a 

peer-reviewed journal, the BMC Rheumatology. The Statement of Authorship is included. 

The numbered references in this manuscript have been reformatted accordingly in this 

thesis, corresponding to the Reference thesis chapter. To end, I present the chapter 

summary and research gaps identified from this scoping review. 
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ABSTRACT 

Objective: This scoping review aimed to identify the methods applied in longitudinal 

analysis of pain in rheumatoid arthritis (RA) and to explore the relationship between pain 

trajectory and potential predictors.  

 

Methods: Three electronic databases (Medline, Embase and PsycInfo) were systematically 

searched (study inception to May 2022). Eligibility criteria included adults aged ≥18 years, 

with RA and with longitudinal methodology and analysis designed to examine repeated 

measures of pain (≥3 timepoints). Relevant studies identified in the search were 

independently screened by two reviewers and extracted data from the included studies were 

critically synthesised.  

 

Results: Of the 1,400 unique records retrieved, 22 studies met the inclusion criteria. All 

except one were prospective cohort studies, using a wide variety of pain scales and 

frequency of pain measurements. Nearly half of the included studies described changes in 

pain over time as group-level mean pain. Two studies were able to stratify pain trajectories 

into distinct pain subgroups using clustering analysis and another two studies applied novel 

dynamic modelling approaches in exploring pain variability in RA. Female gender, ethnic 

minorities, smoking history, and low education level were associated with higher pain levels, 

with female gender and younger age being significantly correlated with frequent pain 

fluctuations over time.  

 

Conclusion: Stable pain trajectories in RA with minimal fluctuations of pain level were 

observed, regardless of the heterogeneity of the study designs and outcomes. Future 

research incorporating standardised pain measurements (pain scales and frequency) and 
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novel pain trajectory and pain variability methodologies is required in examining pain 

experience in RA. 

 

Keywords: rheumatoid arthritis, pain, pain trajectory, pain variability 

Word count: Abstract: 250; Main text: 4,405 

 

INTRODUCTION 

Rheumatoid arthritis (RA), widely known as a systemic autoimmune-mediated inflammatory 

disease, results in joint inflammation and pain and can be associated with other extra-

articular manifestations(10).  Disease remission in RA with better long-term outcomes is now 

achievable through early diagnosis and a ‘treat-to-target’ strategy, alongside the booming 

era of biologic disease-modifying anti-rheumatic drugs (DMARDs) use in managing 

advanced RA. Despite effective disease control using DMARDs and with minimal 

radiological progression, a large proportion of patients with RA report ongoing pain(80, 108). 

In a meta-analysis of long-term data of patient-reported outcomes in patients with early RA, 

pain, fatigue, and functional disability did not significantly improve over time, even up to 5 

years of established RA on treatment(171). Persistent pain in RA is complex and has multiple 

contributors including noxious inputs associated with disease inflammation and joint 

damage, as well as altered central pain processing changes, or commonly known as the 

nociplastic phenomenon. Persistent pain in RA can cause negative impact on quality of life, 

physical function and psychological health(172).  

 

Pain experience in RA is highly variable, depending on the disease course and severity, 

treatment response, comorbid pain conditions as well as the demographics and 

psychosocial factors within the individuals(108, 172, 173). Traditionally, research into the 

longitudinal characteristics of pain summarises change in pain over time as the population-

averaged pain level, and interestingly, in RA, reports of mean pain scores have remained 

similar despite the improved use of DMARDs over the past two decades(174). Unfortunately, 

these mean pain scores provide little to minimal meaningful information when it comes to 
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differentiating patients with different pain experience over time or assistance in tailoring 

individual pain management and RA treatment. 

 

In psychology research, in the field of personality assessment, summarising group-level 

patterns of the outcome of interest across individuals is traditionally applied, also commonly 

known as the nomothetic approach. In contrast, experience sampling methods which are 

common research tools used in the modern idiographic approach, consist of real-time 

capture of the outcome of interest over time for each individual, allowing a within-individual 

longitudinal analysis of variability(175). In detail, the idiographic approach allows the 

examination of individual differences over time in the temporal and behavioural distribution 

and the trajectory process of the outcome of interest(175). Similarly, when it comes to 

describing pain experience, the alternative to the nomothetic approach in averaging pain 

levels over time across individuals is to apply an idiographic approach of examining within-

individual patterns of pain longitudinally. Furthermore, subsequent stratification of these 

individual-level pain measures longitudinally into distinct subgroups of pain over time can 

be identified using appropriate trajectory analytical techniques. For instance, work in 

identifying subgroups or phenotypes in osteoarthritis (OA) has expanded over the past 

decade, which coincides with one of the top research priorities by the European Alliance of 

Associations for Rheumatology (EULAR)(176). A recent systematic review by Wieczorek and 

colleagues identified 44 published studies which reported trajectory analysis of clinical 

outcomes in non-surgical knee and hip OA(177). Of interest, in this review, stable disease 

trajectory in knee and hip OA was seen, despite the heterogeneity in the study outcomes, 

number of distinct subgroups and the phenotype of the individuals within each subgroup(177).  

 

For longitudinal research in pain experience, in addition to identifying pain trajectories, 

examining the fluctuations of pain intensity or pain variability within the pain trajectory is 

equally important. Capturing the ebb and flow of the pain experience within the individual 

will allow visualisation of the dynamic process of chronic musculoskeletal pain in greater 
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detail, as seen in some non-inflammatory rheumatic conditions such as OA and 

fibromyalgia(178, 179). 

 

The nature of the research in examining and characterising pain in RA longitudinally is 

unclear, and to our knowledge, no reviews summarising the methodological aspects and 

results of such studies have been published. The aims of this scoping review are to examine 

the methods used in longitudinal analysis of pain in RA; to analyse the relationship between 

pain trajectory and potential predictors; and to identify gaps in the current literature in this 

area in RA. 

 

 

MATERIALS AND METHODS 

Methodologic framework 

The methods designed and used in this scoping review followed the guidelines proposed 

by Arksey and O’Malley as well as by Levac and colleagues(180, 181). This review was written 

in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-

Analyses extension for Scoping Reviews (PRISMA-ScR)(182).  

 

Search strategy 

Medline, Embase and PsycInfo databases were systematically searched for relevant 

studies using keywords linked to three main concepts: rheumatoid arthritis, pain and 

keywords pertaining to longitudinal pain. The search was conducted by the primary author 

(HLP), in consultation with an academic librarian. Published articles were searched from 

inception and up to May 27, 2022. The final search strategy for each database is available 

in the Supplementary Files.  

 

Eligibility criteria 
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Published articles of adult populations (aged 18 years and older) with RA and with pain data 

with at least 3 timepoints or more of repeated measures of pain and were analysed 

longitudinally were included in the review. In addition to published articles, our review also 

included studies in abstract or conference proceeding format. Only studies published in 

English were included. Pertinent to our study aims of interest in longitudinal methods in 

analysing pain experience over time in RA, we excluded studies examining treatment 

response in RA (including studies examining the placebo/nocebo effect) and studies on pain 

due to non-RA causes such as malignancy, neurological, pregnancy or menstruation, 

abdominal or urological, vascular, and post-surgical pain. In addition, studies published in 

the form of editorials, opinions, review articles, and lab and basic science studies were 

excluded.  

 

Study selection 

The articles were retrieved, and duplicates were removed using EndNote v20 software 

(Clarivate analytics). Using the Covidence platform (a systematic review software, Veritas 

Health Innovation, Melbourne, Australia; available at www.covidence.org), articles were 

independently screened by 2 reviewers (HLP and JNN) first by title and abstract, followed 

by full text. Disagreements were resolved by consensus discussion or a third reviewer (SL). 

HLP manually searched reference lists of relevant articles.  

 

Data extraction 

A data extraction table was piloted and amended accordingly to the aims of the scoping 

review. Data extraction was performed by the primary author (HLP). Data charted were then 

verified within the research team against the original articles for accuracy and for any 

discrepancies identified, these were resolved via consensus discussion. 

 

The data extracted included the primary author, year of study, country, study design, sample 

size and the sample population. With regards to the longitudinal pain analysis, extracted 
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data included the type of pain scale, length of follow-up, number of measurements over 

time, and the information on the statistical analysis and software used. Baseline 

characteristics of the included study cohorts were extracted, which included the duration of 

disease, early or established RA, gender, age, and treatment. Significant pain-related 

covariates/confounders or predictors (including sociodemographic factors, clinical factors, 

patient-reported measures, or psychological factors) associated with the primary 

longitudinal analysis of the pain were also extracted. A formal risk of bias assessment was 

not done in keeping with standard methodology for a scoping review(182). 

 

Statistical Analysis 

Study characteristics of the included studies were summarised using descriptive statistics, 

with the aim to broadly synthesise the nature of current research on this review topic. First, 

type of pain scale, frequency of measurements over time and study duration were described 

separately and compared between the included studies. Second, the study cohorts for each 

study were categorised into early or established RA subgroups, providing an overview of 

the demographics of the study participants and treatment exposure. Third, methods used 

to analyse pain trajectory in each study were summarised based on the analytical methods 

used in describing the overall pain trajectory and variability over time. The pain trajectory 

outcomes were summarised based on the reported descriptive analysis and stratification of 

pain trajectory subgroups where applicable. Covariates and confounders identified within 

the pain trajectory outcomes and predictors of pain were summarised. Data extraction, 

aggregation and charting was performed in Microsoft Excel and tabulated summaries of the 

review findings were presented.  

 

 

RESULTS 

The literature search using the three electronic databases identified a total of 1,399 studies. 

One additional study was identified through the manual search of the reference lists of 
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included studies. After the removal of 360 duplicates, 1,040 studies were screened by the 

title and abstract. From this initial screen, 995 studies were excluded; the remaining 45 

studies were screened by full-text. A total of 22 studies were eligible for the final review 

(Figure 1).   

 

Study characteristics 

Of the 22 included studies, 21 were prospective cohort studies(183-203), and one study was a 

retrospective analysis of registry data (Table 1 and Table 2)(204). A comprehensive summary 

for the data extracted for these included studies is provided in the Supplementary File.  

 

From these 22 included studies, there were 19 published articles(183, 184, 186-190, 192-195, 197-204) 

and 3 abstracts(185, 191, 196). It is important to note that some studies used similar study cohorts 

with either articles being published by different authors or at different times. For instance, 

the authors, Affleck and Ward, used the same study cohort in their articles published at 

different times(183, 184, 201, 202). Additionally, the use of similar study cohort was noted in some 

studies, such as those studies by Harries and McWilliams (both studies used ERAN, Early 

Rheumatoid Arthritis Network)(191, 193), and by Lotsch and Sandberg (both studies used 

EIRA, a Swedish-based Epidemiological Investigation of Rheumatoid Arthritis)(196, 204).  

 

All included studies used self-reported pain questionnaires, with wide variation in types of 

pain scales. The study publication years ranged from 1991 to 2022. The follow-up duration 

in most of the studies, when specified, ranged from 7 days to 10 years. Most of the included 

studies had regular timepoints of repeated measures of pain, ranging from daily (n = 7, with 

one study having 7 repeated measures daily)(183, 184, 186, 189, 190, 197, 198), weekly (n = 3)(185, 187, 

199), fortnightly (n = 1)(201), monthly (n = 1)(200)  and at least 6 monthly (n = 4, with 1 studies 

having 6 monthly pain measures in the first year, and annually thereafter)(192, 202, 203). Five 

other studies had irregular timepoints of pain measures(188, 194-196, 204). Two studies, although 

the frequency of repeated pain measures was not specified, it was assumed that there were 
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at least 3 timepoints or more of the measures of pain based on their study durations(191, 193). 

Six studies included patients with early RA(188, 191-193, 196, 204), 11 studies included patients 

with established RA(183-185, 187, 193-195, 200-203) and 6 studies included patients with RA of 

unspecified disease duration(186, 189, 190, 197-199). In these studies, at least 6 different 

instruments were used to assess pain, with visual analogue score (VAS; presented in many 

forms including 0-100mm scale, 0-10 scale, descriptive scale of ‘no pain’ to ‘very severe 

pain’) and numerical rating scale (NRS; range 0-10) being used most frequently.  

 

Methods and statistical models 

Nearly half of the included studies involved an overall descriptive summary of group-level 

mean pain to describe change in pain over time(183, 184, 188, 190-194, 203). Four studies used 

repeated measures analysis of variance (ANOVA), a method used to compare the means 

across an outcome variable based on the repeated measures of pain(186, 188, 194, 195). 

Multilevel models were used in 2 studies, which is useful to identify the population-average 

trajectory and the random variation around the average trajectory using one set of 

parameters for the study sample(197, 199). These models consider the variability from the 

individual (random effects), alongside the standard population-level mean. Time-lag and 

autocorrelation models were used in 2 studies, allowing the examination of preceding pain 

scores and successive pain score differences(183, 200). In terms of assessing the patterns of 

fluctuations of pain over time, 2 studies identified components of pain variability using 

Markov regime switching dynamic regression model and non-linear damped oscillator 

model(189, 198). We identified 2 studies which performed clustering analysis and captured 

distinct subgroups of pain trajectories, using growth mixture modelling and machine learning 

unsupervised analysis by fitting a Gaussian mixture model to the Pareto density estimation, 

a kernel density estimator(193, 204).  

 

Pain trajectories 
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Across all included studies, the overall summary of pain experience in RA is that of initial 

pain variability at the start of the study, but over time, the trajectory of pain remained stable 

with minimal fluctuations of pain level, regardless of the pain intensity. However, results 

between studies also highlight the heterogeneity of the study cohort and the timepoints of 

repeated measures of pain taken for the study duration. 

 

Stratifying pain trajectories into distinct subgroups of pain is possible, using clustering 

analysis methods that are commonly used in the OA literature(177). For instance, in the paper 

by McWilliams and colleagues, the clustering analysis was performed on 3 different cohorts: 

the early RA cohort using the Early RA Network (ERAN), the biologics and non-biologics 

cohorts in established RA using the British Rheumatology Biologics Register for biologics 

(BSRBR-biologics) and non-biologics (BSRBR-non-biologics) respectively(193). Discrete 

persistent pain (59-79%) and resolving pain (19-27%) subgroups were captured in each of 

these cohorts, but in the early RA cohort, there was an additional third subgroup of 

persistently low pain (23%)(193). In the paper by Lotsch and colleagues, 3 distinct pain 

subgroups were captured: low-, medium- and high-persistent pain intensity(204).  

 

Covariates/confounders and predictors of pain 

Overall, the covariates and predictors studied within the pain trajectories in these included 

studies were heterogenous. Age and gender were the two most used variables in these 

included studies. In addition, the other categories included were sociodemographic and 

socioeconomic variables (ethnicity, education, smoking history), mental health (mood, 

depression), physical function and disability, and biological factors such as composite 

objective measures of disease activity (inflammatory markers).   

 

In detail, among the sociodemographic factors assessed in some studies, female gender 

and younger age were associated with more frequent pain fluctuations(187). In the study by 

Kumaradev and colleagues, when assessing the transition from early RA to established 

disease, the differences in pain evolution mainly derived as a function of age, gender and 
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ethnicity, such that younger patients, males and Caucasians demonstrated lower pain in 

the later phase of disease(192). Higher education was associated with lower pain level in the 

early disease phase, with no changes throughout the disease course(192). Smoking history 

was an identified risk factor for persistent pain in early and established RA study cohorts(193). 

Similarly, in the study by Wolfe and colleagues, higher pain levels were seen in women, 

ethnic minorities, smokers, and those with low education status(203). 

 

Some of the included studies also identified an association with other covariates including 

anxiety, depression, mood, fatigue, and pain coping strategies. A study by Sandberg and 

colleagues identified a correlation between pain and disease activity and inflammation in 

the first 3 months, with loss of the correlation throughout the remainder of the study period, 

with tender joint counts being significantly more correlated with pain than swollen joint 

counts(SJCs)(196). Interestingly, beyond 3 months after RA diagnosis, there were sustained 

higher correlations between pain, TJCs and patient global assessment (PGA) compared to 

inflammatory markers throughout the study period, highlighting the importance of evaluating 

other causes of pain, besides the disease inflammation(196).  

 

 

DISCUSSION 

Our scoping review included 22 studies that investigated longitudinal characterisation of the 

identified pain trajectories of RA in adult populations. Our review highlights significant 

heterogeneity between the studies. Overall, descriptive summary statistics were 

predominantly used to describe the change in pain over time. Two studies were able to 

identify homogenous pain subgroups within their corresponding study cohorts. 

Furthermore, two other studies examined the pain variability using novel dynamic process 

modelling approaches, allowing better characterisation of pain components within the pain 

variability over time. The covariates and predictors included in the studies were highly 

heterogenous, and these include several sociodemographic and psychosocial factors. 
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Nearly all the included studies were prospective population-based cohorts, with varying 

study duration ranging from 1 week to 10 years. Similarly, the pain scales used in each 

included study, although all were self-reported, differed across studies, alongside using 

varying frequency of repeated measures of pain during the study period. This review 

highlights female preponderance in the study cohorts for all included studies. Future 

research should consider a standardised approach of assessing pain in clinical trials and 

epidemiologic studies. 

 

In some studies which identified distinct subgroups of pain trajectories, different pain 

intensity subgroups were identified, alongside the persistence of the pain level throughout 

the trajectories. These findings also highlight the importance of examining covariates or 

predictors within the homogenous subgroups of pain rather than relying on the average 

trend for the whole study population.  

 

A consistent finding in this review was initial variability in pain scores among people with 

RA, followed by an overall stable pain trajectory in RA, regardless of the disease course 

and treatment, suggestive of minimal fluctuations of pain over time. Similarly, this finding is 

consistent with other observational studies examining osteoarthritic pain in the hip and knee 

joints, with a large proportion of study participants remained in a ‘state of inertia’ in terms of 

their symptom and radiographic progression over time(205-207). Furthermore, in this review, 

the index pain measurement used in the trajectory analyses would be based on the first 

timepoint of study enrolment or assessment rather than the actual time of disease onset, 

which is a challenge when interpreting the trajectory results.  Biases from missing data and 

attrition due to patient-related fatigue in data contribution or loss in follow-up may influence 

the true estimate of the pain trajectories, especially in those who discontinued the study due 

to persistently high pain level(208). Determining the likelihood and rate of pain progression 

often remains an ongoing clinical dilemma for many patients and health care providers, as 

symptomatic RA can be considered as a chronic inflammatory disease process. To provide 
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an accurate assessment of pain trajectory in symptomatic RA, index pain measured from 

the disease onset, where possible, and high levels of study engagement and retention may 

be necessary. 

 

In studies with more frequent timepoints of pain measurements taken, pain variability was 

described better in higher resolution, with different pain components within the variability 

being described. For instance, in the study by Schneider and colleagues examining the 

temporal dynamics of pain, 4 different components of pain variability were captured using 

a novel Markov regime switching regression model(198). These include mean pain, mean 

amplitude of pain transition, mean persistence of pain states and dominance of pain states, 

allowing precise characterization of pain variability and examination of the potential 

association of different pain components with important pain-related predictors(198). In 

addition, the study by Finan and colleagues identified pain prediction being more accurate 

over time by using the non-linear damped oscillatory model(189). It is noteworthy to consider 

other factors that could explain the similarity of pain levels between distant time periods in 

these studies. Most frequently used pain scales in these studies, such as the VAS and NRS, 

are considered as ordinal scales of measure. Ordinal scale assumes similar difference 

between the pain levels in these scales in order, but the interval or magnitude of difference 

between each pain level may not be constant, such as the temperature range(209). The 

application of appropriate statistical methods when using such scales remains contentious, 

especially in analysing data of repeated measurements between individuals(209). Pain 

perception is subjective to individuals, and therefore, the magnitude of pain level 

experienced may differ, even if the pain level reported between individuals is the same. 

When conducting research on evaluating pain experience, recall bias remains an issue, as 

the pain-related questionnaires often assume the individuals to accurately recall their pain 

or to summarise their pain level over a pre-defined period(136, 210). Furthermore, cross-

cultural differences in pain reporting exists, therefore, an important factor to consider when 

asking the individuals to express their pain level using culturally and linguistically 

appropriate pain assessment instruments(211).  
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Despite the advancement in the treatment for RA, some patients continue to experience 

persistent pain, despite minimal disease activity and progression. Pain in RA is 

multidimensional, and in those with mismatch between minimal disease inflammation and 

ongoing pain, the contribution of either the central nociplastic pain processing or other pain 

pathway such as neuropathic pain is noteworthy(7, 68). For example, in a study by Ahmed 

and colleagues, pain was assessed using VAS and painDETECT, an instrument that is 

designed to measure non-inflammatory and centrally augmented pain, including 

neuropathic pain(90). In this study, there was significant correlation between patients with 

neuropathic pain measured by painDETECT and increased total pain reported using 

VAS(90). Although our scoping review excluded studies of neuropathic pain alone, one study 

by Sandberg and colleagues identified the importance of reviewing other causes of pain 

apart from joint inflammation, based on loss of correlation of pain and inflammatory markers 

after 3 months but persistently higher correlations between pain, TJCs and PGA(196). In this 

scoping review, although not explicitly reported in the included studies, female 

predominance was prominent, partly highlighting the well-established natural history of RA, 

a chronic autoimmune musculoskeletal disease, that affects mostly women with a female 

to male ratio of 3:1(212, 213). In parallel, gender disparity has been shown to influence the 

reporting of patient-reported outcome measures and pain experience when evaluating 

treatment efficacy, and as such, for trials of evaluating pain and treatment response in RA, 

female predominance is an important confounder to consider in the interpretation of the 

study results(214, 215).  

 

Our scoping review aimed to highlight the existing work that has examined the longitudinal 

characteristics of pain in RA. Work on stratifying pain experience in RA into distinct 

subgroup is lacking in comparison to the volume of trajectory analyses in knee and hip 

OA(177). Furthermore, our review identified novel dynamic process modelling approaches in 

examining pain variability in greater details. Future studies combining both the assessment 

of pain trajectory and the examination of pain variability within the identified trajectory may 
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provide better characterisation of the overall pain experience, short-term and long-term, for 

patients with RA, regardless of treatment and disease course.  

 

In addition, our scoping review has shown a paradigm shift in longitudinal methods in 

characterizing pain experience in RA. Many studies in the early years used simple summary 

statistics in describing changes in pain over time, and in recent studies, novel and 

sophisticated statistical methods were applied to better characterise the pain trajectories 

and pain variability in RA. More importantly, advances in capturing pain variability are 

regarded as equally important in summarizing momentary pain experience in patients with 

chronic pain in general(216). Better accuracy in describing pain experience alongside the 

disease course may facilitate more personalised treatment use and pain management for 

patients with different pain patterns(217, 218). The composite measures of pain variability may 

provide insights into changes in pain over time and treatment response in different pain 

subgroups, potentially leading to more meaningful patient-centered endpoints in clinical 

trials(219-221). For future research, apart from the core predictors identified from this scoping 

review, such as age, gender, and sociodemographic indicators, it is pertinent to carefully 

consider the type of pain scale and the corresponding statistical methods used. The use of 

the International System of Units in natural sciences has shown the benefits of standardised 

measurements and in contrast, the progress of harmonising outcome measures in health 

sciences remains an ongoing issue, as seen in the heterogeneity in patient-reported 

outcome measures (PROMs) used in assessing pain(222). In a recent systematic review by 

Georgopoulos and colleague has demonstrated group-level similarity in the scoring of pain 

threshold criterion, known as the Patient Acceptable Symptom State (PASS), when different 

PROMS for knee pain were standardised(222, 223). Such harmonisation of different PROMS 

in measuring pain outcome may provide further insights when comparing pain trajectory 

studies. Additionally, this may provide an alternative analytical method when analysing pain 

trajectory using different PROMs within the same study dataset, where possible. Apart from 

data harmonisation, in the same systematic review, the use of PASS as the proxy of pain 

threshold criterion has shown that pain acceptability at an individual level is largely 
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dependent on the patient demographics, disease progression, baseline pain score, and 

treatment characteristics(222, 223). Other predictors that are relevant to any longitudinal pain 

assessment in RA may include the effect of composite disease activity score, important co-

occurring pain symptoms such as fatigue and mood and the overall wellbeing of the 

individual.  

 

This scoping review has some limitations. We did not perform a risk of bias assessment for 

the included studies, and therefore, we could not comment on the quality of the studies, in 

particular the reporting of the methods used and study results. Second, we were not able 

to quantitatively summarise the findings of the included studies, due to the heterogeneity of 

the statistical methods used and the instruments used in the study for pain assessment. 

Timepoint frequency of pain measures differed significantly between studies, resulting in 

challenges to summarise the longitudinal characteristics of pain in RA. In addition, our 

scoping review did not include studies which examined non-inflammatory persistent pain in 

those with disease remission in RA, and therefore, our findings in this review cannot be 

extrapolated to this specific population. We did not include articles published in languages 

other than English, or unpublished data, a potential bias in the study inclusion and exclusion 

process. Although this scoping review is limited to the longitudinal characterisation of pain 

in RA, it is equally important to consider the outcome measure of pain derived from the 

placebo effect in determining treatment response in RA. A systematic review by Abdullah 

on 165 randomised controlled trials (RCTs) of treatment response in RA has demonstrated 

a significant trend towards pain reduction in the placebo arm compared to treatment arm in 

RA (overall placebo effect size, defined as standardised mean difference from baseline, of 

0.28 [95% confidence interval (CI) 0.19, 0.37])(224). Such findings highlight the importance 

of considering the placebo phenomenon when evaluating treatment efficacy in RA, 

especially in RCTs with therapeutic ceiling effects(224, 225). Overall, future studies with 

coherent study population, statistical methods and pain scales may be necessary for 

accurate comparison between studies describing pain experience in RA.   
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In conclusion, our scoping review highlighted the heterogeneity of describing pain 

experience in RA across studies. Overall, pain trajectories appear to be stable over time in 

RA, with initial fluctuations of pain seen at the beginning of the study period. Significant 

heterogeneity in describing the relationships between different covariates and predictors in 

terms of sociodemographic, disability and psychosocial factors was observed. Examining 

the pain variability within the course of pain over time is possible using novel dynamic 

process modelling approaches, suggesting the potential for future work to incorporate both 

analyses of pain trajectories and pain variability within the identified trajectories.  
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Figure 1: Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 

flow chart demonstrating the systematic search strategy and screening process to capture 

included studies for the scoping review 
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Table 1: Description of the included studies in the scoping review 

Reference Country Study design Sample 
size 

Female 
gender, % 

Mean age, 
years (SD) 

Mean disease 
duration, years (SD) 

RA treatment  

Affleck et al, 1991(183) US Prospective cohort 47 76.60% 52.77 (12.79) 9.06 (7.66) Not specified 

Affleck et al, 1992(184) US Prospective cohort 75 71% 52.7 (12.5) 8.9 (7.7) Not specified 

Bailly et al, 2018 
(abstract)(185) 

France Prospective cohort 86* 81% 48.7 (12.7) 8 (8.8) bDMARDs 

Cruise et al, 1996(186) US Prospective cohort 18* 71%** 52.4 (12.3) Not specified Not specified 

Drouet et al, 2022 
(letter to the 
Editor)(187) 

UK Prospective cohort 86* 63% Median 45 
years 

Median 8 years bDMARDs 

Eberhard et al, 
2021(188) 

Sweden Prospective cohort 232 70.30% 60.5 (14.6) Median 7 months (IQR 
5-10) 

cDMARDs and bDMARDs 

Finan et al, 2010(189) US Prospective cohort 170 74% 55.2 (13.3) Not specified Not specified 

Gandrup et al, 
2022(190) 

UK Prospective cohort 20 70% Median 58.5 
(IQR 48-64) 

Not specified Not specified 

Harries et al, 2014 
(abstract)(191) 

UK Prospective cohort 1,236 Not specified Not specified Not specified Not specified 

Kumaradev et al, 
2022(192) 

France Prospective cohort 810 76% 48.1 (12.2) 0.6 (0.7) NSAIDs; cDMARDs and 
bDMARDs 

Lotsch et al, 2020(204) Sweden Retrospective 
cohort 

288 73% 52.2 (12.3) Not specified Not specified 

McWilliams et al, 
2019(193) 

UK Prospective cohort 9,493 66% (ERAN), 
77% (BSRBR - 

biologics), 
75% (BSRBR - 
non-biologics) 

57 (ERAN), 57 
(BSRBR - 

biologics), 61 
(BSRBR - non-

biologics) 

0.8 [1.3] (ERAN), 13 
[10] (BSRBR - 

biologics), 10 [11] 
(BSRBR - non-

biologics) 

cDMARDs and bDMARDs 

Odegard et al, 
2007(194) 

Norway Prospective cohort 149 76% 50.2 (12.5) 2.2 (1.2) NSAIDs; glucocorticoids; 
cDMARDs and bDMARDs 

Roche et al, 2003(195) Australia Prospective cohort 120 72% 58.75 (12.58) 15.27 (10.09) Not specified 

Sandberg et al, 2014 
(abstract)(196) 

Sweden Prospective cohort 1802 Not specified Not specified Not specified Not specified 

Schneider et al, 
2012(197) 

US Prospective cohort 30* 86% 56 (11) Not specified Not specified 
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Schneider et al, 
2018(198) 

US Prospective cohort 24* 84% 57 (SD 13.12) Not specified Not specified 

Smith et al, 2008(199) US Prospective cohort 82* Not specified 62.1 (SD 7.3) Not specified Not specified 

Van Dartel et al, 
2013(200) 

The 
Netherlands 

Prospective cohort 228 64% 56.7 (SD 10.6) Median 10 (IQR 6-17) Glucocorticoids; cDMARDs and 
bDMARDs 

Ward 1994(201) US Prospective cohort 24 92% Median 46 
(IQR 28-73) 

Median 3 (IQR 0.2-20) Not specified 

Ward 1993(202) US Prospective cohort 305 83% 53.9 (SD13.8) 14.1 (SD 9.0) Not specified 

Wolfe et al, 2007(203) US Prospective cohort 12090 76% 60.09 (SD 
13.61) 

14.27 (SD 11.12) Not specified 

All included studies were published journal articles unless specified.  
*Subset of the total study sample size, **Aggregated result 
bDMARDs: biologic DMARDs, cDMARDs: conventional DMARDs, DMARDs: disease modifying anti-rheumatic drugs, ERAN: Early Rheumatoid Arthritis Network, BSRBR: British Society for 
Rheumatology Biologic Registry, IQR: interquartile range, NSAIDs: non-steroidal anti-inflammatory drugs, RA: rheumatoid arthritis, UK: United Kingdom, US: United States 
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Table 2: Description of the pain instruments and frequency of measurements, methodologies, results (including covariates and predictors) in the 

included studies 

Reference Early/established RA No. of 
measurements 
over time 

Study 
duration 

Pain scale Longitudinal 
characteristics of 
pain 

Covariates and predictors 
analysed 

Affleck et al, 1991(183) Established RA Daily 75 days VAS (no pain - 
very severe pain) 

Mean pain over time; 
pain trajectory 

Disease-related; mental health; 
physical function/disability 

Affleck et al, 1992(184) Established RA Daily 75 days VAS (no pain - 
very severe pain) 

Mean pain over time; 
pain trajectory 

Gender; mental health; physical 
function/disability 

Bailly et al, 2018 
(abstract)(185) 

Established RA Weekly 3 months NRS (0-10) Mean pain over time; 
pain variability 

Disease-related 

Cruise et al, 1996(186) Not specified 7 times daily 7 days 7-point scale (0-6 
with 0 = not at all, 
3 = moderate, and 
6 = extremely) 

Mean pain over time Mental health; physical 
function/disability 

Drouet et al, 2022 
(letter to the 
Editor)(187) 

Established RA Weekly 12 weeks NRS (0-10) Mean pain over time; 
pain trajectory 

Age; disease-related; gender 

Eberhard et al, 
2021(188) 

Early RA Irregular 5 years VAS (0-100mm) Mean pain over time; 
pain trajectory 

Age; disease-related; gender; 
physical function/disability; quality of 
life 

Finan et al, 2010(189) Not specified Daily 29 days NRS (101-point) Pain variability (non-
linear damped 
oscillator model) 

Mental health 

Gandrup et al, 
2022(190) 

Not specified Daily 85 days NRS (0-10) Mean pain over time Disease-related 

Harries et al, 2014 
(abstract)(191) 

Early RA Not specified* 3 years SF-36 bodily pain Mean pain over time; 
pain trajectory 

Disease-related; mental health; 
physical function/disability; quality of 
life 

Kumaradev et al, 
2022(192) 

Early RA Irregular 10 years SF-36 bodily pain 
and VAS (0-100) 

Mean pain over time Age; ethnicity; education; gender 

Lotsch et al, 2020(204) Early RA Irregular 5 years VAS (0-100mm) Mean pain over time; 
pain trajectory with 
clustering analysis 
(unsupervised 
machine learning) 

Disease-related 

McWilliams et al, 
2019(193) 

Early RA and 
established RA 

Not specified* 3 years SF-36 bodily pain Mean pain over time; 
pain trajectory with 
clustering analysis 

Disease-related; physical 
function/disability; smoking 
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(growth mixture 
modelling) 

Odegard et al, 
2007(194) 

Established RA Irregular 10 years VAS (0-100mm) Mean pain over time; 
pain trajectory 

Gender; disease-related; mental 
health; physical function/disability 

Roche et al, 2003(195) Established RA Irregular 77 months VAS (0-10) Mean pain over time; 
pain trajectory 

Mental health 

Sandberg et al, 2014 
(abstract)(196) 

Early RA Irregular 5 years VAS (0-100mm) Pain trajectory Disease-related 

Schneider et al, 
2012(197) 

Not specified Daily 28 days VAS (101-point) Pain variability  Mental health 

Schneider et al, 
2018(198) 

Not specified Daily 3 months VAS (0-10) Mean pain over time; 
pain variability 
(Markov regime 
switching dynamic 
regression modelling) 

Mental health; physical 
function/disability 

Smith et al, 2008(199) Not specified Weekly 11 weeks Questionnaire 0-
100 of average 
pain 

Mean pain over time; 
pain trajectory 

Mental health 

Van Dartel et al, 
2013(200) 

Established RA Monthly 12 months NRS (0-10) Mean pain over time; 
pain trajectory 

Gender; mental health; physical 
function/disability 

Ward 1994(201) Established RA Fortnightly 60 weeks VAS (15cm) with 
0 = no pain and 3 
= very severe pain 

Mean pain over time; 
pain trajectory 

Disease-related; mental health; 
physical function/disability 

Ward 1993(202) Established RA Biannually 9.5 years VAS (15cm) with 
0 = no pain and 
100 = very severe 
pain 

Mean pain over time; 
pain trajectory 

Ethnicity; gender; disease-related; 
physical function/disability 

Wolfe et al, 2007(203) Established RA Biannually Not specified VAS (0-10) Mean pain over time; 
pain trajectory 

Age; disease-related; ethnicity; 
education; gender; smoking status 

NRS: numerical rating scale; RA: rheumatoid arthritis; SF-36: Short Form 36; VAS: visual analogue scale 
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Table 3: Key findings for the included studies 

Reference Key findings 

Affleck et al, 1991(183) Pain scores were highly correlated across successive days; more intense pain trajectory was associated with more active 
disease, depression, and disability. 

Affleck et al, 1992(184) Higher levels of pain were associated with less positive mood; improving pain trajectory was associated with overall better 
pain coping efforts. 

Bailly et al, 2018 (abstract)(185) Low fluctuations of pain were observed throughout the study period; pain fluctuations were highly correlated with self-reported 
flares and PGA of disease activity. 

Cruise et al, 1996(186) Mean pain remained stable over time; fatigue was positively correlated with pain; positive reactive affects were negatively 
correlated with pain intensity. 

Drouet et al, 2022 (letter to the Editor)(187) Although mean pain remained stable over time, pain fluctuations over time were frequent, with strong association with female 
gender and higher baseline PGA. 

Eberhard et al, 2021(188) Pain improvement was seen in the first 6 months but remained unchanged for the remainder of the study period; one third of 
patients had unacceptable pain at 5 years after inclusion, predicted by lower SJCs, higher VAS and higher PGA of disease 
activity at baseline; unacceptable pain with low inflammation was negatively associated with anti-CCP status. 

Finan et al, 2010(189) Pain prediction accuracy oscillated over time, with larger amplitude of oscillation at the start, indicating damping towards more 
accurate prediction; low negative affect and higher pain control were associated with better pain prediction accuracy. 

Gandrup et al, 2022(190) Mean pain and pain-related symptoms and variability were associated with higher odds of flare. 
Harries et al, 2014 (abstract)(191) Pain improvement was seen in the first year but remained unchanged for the remainder of the study period; DAS28-P 

significantly predicted the next year's pain. 
Kumaradev et al, 2022(192) In the transition from early to established RA, pain trajectory emerged as a function of age and ethnicity; younger age, being 

male and Caucasians were associated with lower pain in the latter disease phase; high education was associated with lower 
pain in the early disease phase, with no changes throughout the disease course. 

Lotsch et al, 2020(204) 3 distinct pain trajectory subgroups were identified: low-, medium- and high-persistent pain intensity. 
McWilliams et al, 2019(193) Mean pain improved over time in each cohort but remained >1 standard deviation worse than the UK general population 

throughout the study period; 2 pain trajectory subgroups were identified in each cohort: discrete persistent pain and resolving 
pain; 1 additional pain subgroup was identified in the early RA cohort - persistently low pain; higher disability and smoking 
history were risk factors for persistent pain trajectories in each cohort. 

Odegard et al, 2007(194) The pain level was explained longitudinally by anxiety, disease activity, physical function, and female gender. Anxiety, not 
depression, was significantly associated with the course of pain. 

Roche et al, 2003(195) Mean pain remained stable over time, with no overall change in pain sensation, affect and emotional quality. 
Sandberg et al, 2014 (abstract)(196) Pain in RA was correlated with disease inflammation at diagnosis, but the correlation with objective disease markers 

disappeared after 3 months; TJCs were significantly correlated with pain over time than SJCs. 
Schneider et al, 2012(197) Substantial day-to-day pain variability was observed; higher levels of depression significantly predicted greater pain variability, 

but not anxiety. 
Schneider et al, 2018(198) Different pain components were identified - mean pain, mean amplitude of pain shifts, mean persistence of pain states 

(derived from the transition probabilities of pain states during the waking hours) and dominance of pain states.  
Smith et al, 2008(199) Anxiety and depression were significantly related to elevations in current and next week pain, although the effects were 

double for anxiety. 
Van Dartel et al, 2013(200) Pain and fatigue show synchronous monthly fluctuations and no temporal relationship with a time lag. 
Ward 1994(201) Depression, not mood, was found to have higher influence in variation in changes in pain and global arthritis status. 
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Ward 1993(202) Pain and functional disability were significantly related to changes in global arthritis status over time, but did not vary with the 
duration of RA. 

Wolfe et al, 2007(203) The 0-10 VAS pain scale was better correlated with all RA clinical variables than the SF-36 scale; pain increased marginally 
with the duration of RA; pain decreased with age; higher pain was associated with ethnic minorities, female gender, and low 
education. 

Anti-CCP: anti-citrullinated cyclic peptides; DAS28-P: 28-joint disease activity score (proportion of the DAS28 of patient global assessment); PGA: patient global assessment; RA: rheumatoid arthritis; 
SF-36: short form 36 items; SJCs: swollen joint counts; TJCs: tender joint counts; VAS: visual analogue score 
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[Longitudinal Characteristics of Pain in 

Rheumatoid Arthritis: A Scoping Review] 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Search database: MEDLINE, EMBASE, PSYCINFO 
 
MEDLINE 
- Database(s): Ovid MEDLINE(R) and Epub Ahead of Print, In-Process, In-Data-Review & 

Other Non-Indexed Citations, Daily and Versions 1946 to May 27, 2022 

- Search Strategy: 
 

# Searches Results 

1 exp Arthritis, Rheumatoid/ 121505 

2 ((rheumatoid or rheumatic) adj2 (arthritis or disease* or disorder* or 

condition*)).mp. 

186830 

3 1 or 2 200807 

4 exp Pain/ 436086 

5 pain.mp. 811803 

6 4 or 5 894867 

7 ((trajector* or course or evolution or temporal or pattern* or longitudinal or 

variability or fluctuat* or progress* or chang*) adj4 pain).mp. 

26471 

8 6 and 7 26471 

9 3 and 8 498 

10 limit 9 to english language 443 

11 limit 10 to (case reports or guideline or "review" or "systematic review") 114 

12 10 not 11 329 

  

 

EMBASE 

- Database(s): Embase 1980 to 2022 Week 21 
- Search Strategy: 

 

# Searches Results 

1 Arthritis, Rheumatoid.mp. or exp rheumatoid arthritis/ 212870 



2 ((rheumatoid or rheumatic) adj2 (arthritis or disease* or disorder* or 

condition*)).mp. 

278624 

3 1 or 2 282206 

4 exp pain/ or pain.mp. or exp chronic inflammatory pain/ or exp inflammatory 
pain/ or exp musculoskeletal pain/ 

1788872 

5 ((trajector* or course or evolution or temporal or pattern* or longitudinal or 

variability or fluctuat* or progress* or chang*) adj4 pain).mp. 

40654 

6 4 and 5 40654 

7 3 and 6 1240 

8 limit 7 to english language 1151 

9 limit 8 to (meta analysis or "systematic review") 66 

10 8 not 9 1085 

11 limit 10 to "review" 94 

12 10 not 11 991 

 
PSYCINFO 

- Database(s): APA PsycInfo 1806 to May Week 4 2022 
- Search Strategy 

 

# Searches Results 

1 rheumatoid arthritis.mp. or exp Rheumatoid Arthritis/ 3011 

2 ((rheumatoid or rheumatic) adj2 (arthritis or disease* or disorder* or 

condition*)).mp. 

3620 

3 1 or 2 3620 

4 exp Pain/ or pain.mp. 123116 

5 ((trajector* or course or evolution or temporal or pattern* or longitudinal or 
variability or fluctuat* or progress* or chang*) adj4 pain).mp. 

5897 

6 4 and 5 5897 

7 3 and 6 87 

8 limit 7 to english language 83 



9 limit 8 to ("0800 literature review" or "0830 systematic review" or 1200 meta 

analysis or 1600 qualitative study) 

5 

10 8 not 9 78 

 



Table 1: Characteristics of included studies

Table 1 Country Study design Sample no. Sample population Gender Mean age (years) Mean disease/symptom duration (years)

Affleck et al, 1991 US Prospective cohort study 47

Patients with RA recruited from the facility rheumatology practice of a 
university health center and community rheumatology practices in the 
same geographic area 76.6% female 52.77 +/- 12.79 9.06 +/- 7.66

Affleck et al, 1992 US Prospective cohort study 75

Patients with RA recruited from the facility rheumatology practice of a 
university health center and community rheumatology practices in the 
same geographic area 71% female 52.7 (SD 12.5) 8.9 (SD 7.7)

Bailly et al, 2018 (abstract) France Prospective cohort study 165 (86 with RA) Patients from ActConnect, a prospective cohort study 81% female (RA) 48.7 (SD 12.7 for RA) 8 (SD 8.8 for RA)
Cruise et al, 1996 US Prospective cohort study 18/35 Voluntary patients with RA recruited through a local physician's office 25 F and 10 M 52.4 (SD 12.3) Not specified

Drouet et al, 2022 (letter to the Editor) UK Prospective cohort study 165 (86 with RA) Patients with RA recruited through a local physician's office (voluntary) 63% female Median age 45 Median 8 years

Eberhard et al, 2021 Sweden Prospective cohort study 232 Patients with RA recruited through a local physician's office (voluntary) 70.3% female 60.5 (SD 14.6) Median 7 months (IQR 5-10)

Finan et al, 2010 US Prospective cohort study 170

Recruitment was conducted for patients with RA in Phoenix, Arizona 
metropolitan area at local health fairs, physicians' offices, the Phoenix 
Veterans Affairs Hospital and through the Arthritis Foundation; 
participants received $90 for their participation 125 F 45 M 55.2 (SD 13.3) Not specified

Gandrup et al, 2022 UK Prospective cohort study 20
Patients were recruited from the rheumatology outpatient clinic at a 
single hospital site (Salford Royal NHS Foundation Trust, UK) in 2016 70% female Median age 58.5 (IQR 48-64) Not specified

Harries et al, 2014 (abstract) UK Prospective cohort study 1236
Patients with early RA from the inception cohort study, the Early 
Rheumatoid Arthritis Network (ERAN) from the UK and Eire Unknown Not specified Not specified

Kumaradev et al, 2022 France Prospective cohort study 810

Participants from two ongoing prospective French multicentric cohorts in 
a setting of universally accessible health-care: ESPOIR (Etude et Suivi 
des Polyarthrites Indifferenciees Recentes) and DESIR (DEvenir des 
Spondyloarthropathies Indifferenciees Recentes) 23.2% male 48.1 (SD 12.2) for RA 0.6 (SD 0.7)

Lotsch et al, 2020 Sweden Retrospective cohort study 288
Participants based on the registry on the Swedish Epidemiological 
Investigation of RA with data collected between 2011 to 2016 209/288 women 52.2 (SD 12.3) Not specified

McWilliams et al, 2019 UK Prospective cohort study

683 (ERAN), 7090 (BSRBR - 
biologics), 1720 (BSRBR - 

non-biologics)

The ERAN inception cohort collected data from outpatient clinics in the 
UK and Eire with diagnosis of RA by a consultant rheumatologist. The 
BSRBR cohorts collected data from outpatient clinics in the UK with 
active RA. The BSRBR biologics cohort recruited people who were 
starting biologics as part of their routine care, having failed to respond 
adequately to other DMARDs. The BSRBR non-biologics cohort recruited 
people with RA who were using non-biologic DMARDs.

66% (ERAN), 77% 
(BSRBR - biologics), 
75% (BSRBR - non-

biologics)

57 (ERAN), 57 (BSRBR - 
biologics), 61 (BSRBR - non-

biologics)

0.8 [SD 1.3] (ERAN), 13 [SD 10] (BSRBR - 
biologics), 10 [SD 11] (BSRBR - non-

biologics)

Odegard et al, 2007 Norway Prospective cohort study 149
Patients from the European Research on Incapacitating Diseases and 
Social Support (EURIDISS) 76% female 50.2 (SD 12.5) 2.2 (SD 1.2)

Roche et al, 2003 Australia Prospective cohort study 120 Patients with RA attending an outpatient clinic 72% female 58.75 +/- 12.58 15.27 +/- 10.09

Sandberg et al, 2014 (abstract) Sweden Prospective cohort study 1802

Patients from a Swedish population-based case-control cohort of EIRA: 
Epidemiological Investigation of Rheumatoid Arthritis and follow-up in 
the Swedish Rheumatology Quality register Not specified Not specified Not specified

Schneider et al, 2012 US Prospective cohort study
106 (with rheumatic 

diseases) and 29% with RA Patients recruited from two local community rheumatology practices 86% female 56 (SD 11) Not specified
Schneider et al, 2018 US Prospective cohort study Patients from community rheumatology practices 84% female 57 (SD 13.12) Not specified

Smith et al, 2008 US Prospective cohort study 170 (82 with RA)

Voluntary patients recruited via methods such as newspaper ads, 
mailing to the Arthritis Foundation member and through rheumatology 
clinics Not specified

63.8 (SD 7.3) and 62.1 (SD 7.3) 
for RA Not specified

Van Dartel et al, 2013 The Netherlands Prospective cohort study 228
Patients with RA attending the outpatient clinics of the Radboud 
University Nijmegen Medical Centre 64% female 56.7 (SD 10.6) Median 10 (IQR 6-17)

Ward 1994 US Prospective cohort study 24

Patients recruited from the Stanford University Medical Centre 
rheumatology clinics, from participants in local Arthritis Self-
Management Courses, and from the community 22 F 2 M Median age 46 (IQR 28-73) Median 3 (IQR 0.2-20)

Ward 1993 US Prospective cohort study 305

Participants from the Stanford Outcomes in Rheumatoid Arthritis study, 
a prospective, longitudinal study of health status and outcomes in a 
community based sample of patients with RA; live in Santa Clara County, 
California; recruited by advertisement between 1978 and 1981 83% female 53.9 +/- 13.8 14.1 +/- 9.0

Wolfe et al, 2007 US Prospective cohort study 12090
Patients from the National Data Bank for Rheumatic Diseases 
longitudinal study of RA outcomes 23.17% male 60.09 (SD 13.61) 14.27 (SD 11.12)



Table 2: Description of methods and results for the included studies

Author, year Pain scale Frequency/timepoints Study duration Early/established RA RA treatment Methods for longitudinal pain analysis Results - pain outcome Analysis for covariates/predictors Results for analysis of covariates/predictors
Affleck et al, 1991 VAS (no pain - very severe pain) Daily 75 days Established RA Not specified 1. Measures of distribution of daily pain 

for each pain series: mean, standard 
deviation, and skew and outliers using 
box-and-whisker diagram
2. Measures of predictability: to identify 
linear trend, by regressing pain scores on 
recording day; first-order autocorrelation 
in each pain series (the correlation 
between pain on successive days); the 
maximum number of consecutive lagged 
days over which the autocorrelation 
function remained significantly different 
from zero (the duration of predictability)

1. Mean of the average daily pain score for each subject was 13.31 
(SD = 9.77) with mean standard deviation of 4.05 (SD 2.18) and 
mean skew of 0.73 (SD 0.80)
2. Common distribution of positive skew (52.8%); only 2 pain series 
demonstrated statistically significant negative skew (higher 
frequency of painless days)
3. Trending series: 11/28 with downward progression (less pain) and 
17/28 with upward progression (more pain) over the 75 days
4. Significant predictability of pain scores from one day to the next 
(significant first-order autocorrelations) with pain scores being 
highly correlated across successive days in most pain series (87.2%) 
and remains significant after recalculation of the first-order 
autocorrelations for detrended pain series (detrending was done by 
replacing each day's pain score with its residual from the regression 
of daily pain on recording day number, which then centers each 
series at zero)
5. Outlier analysis (painful and painless days): 51.1% with at least 1 
painful day and no painless days, 2.2% with at least 1 painless day 
and no painful days and 10.6% had both painful and painless days; 
on 40 out of 75 occasions of reported isolated painful day, pain was 
rising during the previous 2 or more days (M = 2.8 preceding days)

Correlation with disease activity, physical 
disability and depression

Patients with more active disease, more disability and more depression had higher levels of 
mean daily joint pain, accounting for 36% of variance in mean daily pain [F(3,42)=5.92], 
with both depression (beta = 0.28) and disability (beta = 0.38) being unique predictors of 
average daily pain levels. The pain series in those with less active disease trended less 
sharply, contained more outlying painful days and longer episodes of comparatively severe 
pain, and had lower autocorrelations across successive days.

Affleck et al, 1992 VAS (no pain - very severe pain) 
from the Rapid Assessment of 
Disease Activity in 
Rheumatology

Daily 75 days Established RA Not specified 1. Descriptive analysis for the daily pain 
coping and correlation analysis between 
each coping components
2. Descriptive analyses of the mean and 
linear trends of the pain and mood time 
series and subsequent regression of the 
daily score on its position in the 75-day 
recording period; correlation analysis 
between average daily pain and average 
daily mood
3. Multivariate analyses using 
hierarchical regression modelling to 
examine the ability of daily coping scores 
to predict daily pain and mood 
(independent of pain) and trends in these 
variables while controlling for other 
significant correlates of pain and mood 

Mean daily pain was 12.95 (SD 9.01), equivalent to 4 extremely 
painful joints or 6 moderately painful joints; mean beta weight for 
the daily pain trend was -0.03 (masking the individual differences in 
the direction of trend); 23 individuals had a significant downward 
(improving) trend over time and a nother 20 individuals with a 
significant upward (worsening) trend over time

1. Daily pain coping - 7 coping strategies 
(yes/no) and with each coping strategy, to 
identify specific behaviours used to take (direct 
action/relax/distraction); 2. Daily mood 
recording at night (from the Profile of Mood 
States-B - POMS-B)

Mean coping reports of 109.8 (SD 122.8); 40% of participants reported an average of at 
least 1 coping strategy/day; 10% used only 1 type of coping strategy while 24% used all 7 
possible forms; a higher number of coping efforts were reported by women and indivduals 
with greater disability and higher neuroticism, with gender (beta = 0.29) and disability 
(beta = 0.30) were independent predictors of total coping; women were more likely to used 
a greater number of different forms of coping and to seek emotional support; those with 
more disability were more likely to seek spiritual comfort; those with higher neuroticism 
were more likely to express emotions and were less likely to use relaxation as coping 
strategy; mean daily mood scores was 13.08 (SD 7.69), indicating more positive mood on 
most days; mean beta weight for the mood trend was 0.08 with 21 individuals trended 
significantly upward (improving mood) and 11 individuals trended significantly downwards 
(worsening mood); correlation between average daily pain and average daily mood was -
0.37; daily pain was more intense in tohse with greater disability and who preceived less 
control over their daily pain; daily mood was more positive in those with lower neuroticism 
and with greater control over their daily pain; more coping overall was seen in those with 
more intense pain; specifically, those using relaxation as a coping strategy had less pain 
and those using emotional expression and seeking spiritual comfort had more intense pain; 
those with more coping had a more pronounced trend of improving pain and mood over 
time, also in those with greater control over their daily pain and those who used a greater 
number of different coping strategies; disability and pain control accounted for 30% of 
variance of daily pain intensity; at low levels of pain, greater use of coping strategies 
related to a more positive mood but, at high levels of pain, related to less positive mood 

Bailly et al, 2018 (abstract) NRS (0-10) Weekly 3 months Established RA 44% with RA on a biologic DMARD Mean of the inter-assessment 
differences of NRS (average of absolute 
change - AAC) of pain and disease 
activity for both RA and axSpA and were 
compared by t-test; with high variability 
defined in the upper tercile of AAC

Mean pain at baseline of 2.90 (SD 2.36) with low AAC of pain in RA 
of 1.02 [SD 0.74] - low fluctuations of pain, which was around 1 
point on a scale of 0-10

1. Pearson's correlation to evaluate the 
correlation between variability of pain and of 
self-reported disease activity; 2. univariate and 
multivariate logistic regression comparing 
patients with high vs low variability of pain 
(without missing data imputation), including 
self-reported flare over follow-up

Correlation between AAC of pain and activity was 72% in RA; in multivariate analyses, self-
reported flares were the only determinants of pain AAC with OR of 2.25 [1.27-4.38] for RA; 
fluctuations in pain were highly correlated to fluctuations in PGA of disease activity, 
indicating significant overall for these 2 patient-reported outcomes, with self-reported 
flares contributing to the fluctuations in pain (confirming the validity of self-reported 
flares)

Cruise et al, 1996 7-point scale (0-6 with 0 = not at 
all, 3 = moderate, and 6 = 
extremely)

7 times daily (0800 - 
2100)

7 days Not specified Not specified Repeated measures ANOVAs Mean pain rating remains stable over the 7-day period (between 
scale of 1.5-2.0)

Correlation with mood states (happy, 
depressed/blue, joyful, unhappy, angry/hostile, 
enjoyment/fun, frustrated, worried/anxious, 
pleased, energetic, relaxed, fatigued, alert) and 
frequency of significant events; repeated 
measures of ANOVAs for effect of study day on 
mood and significant events

Fatigue was positively correlated with pain; positive mood items all correlated negatively 
with pain intensity, but only alertness and energy were significantly negatively related to 
pain' no reactive effects were observed in ratings of pain, positive mood, negative mood or 
frequency of significant events, also in the analysis between high- and low-pain groups

Drouet et al, 2022 (letter to the Editor) NRS (0-10) Weekly 12 weeks Established RA 53% on a biologic DMARD (pooled result) Description of flucutations of pain over 
time with variability defined as an 
absolute variation of more than 2 points 
between 2 consecutive assessments

Aggregated results
1. Pain remained stable over time at group level (P = 0.54); 2. At 
within-individual level, there was no pain fluctuation in 31 (19% 
patients; 22% in RA); 3. 60 (36%) patients with high pain 
fluctuations had fluctuations of >2 points in at least 4 of 11 intervals 
(34% in RA)

Univariable and multivariable logistic regression 
to compare the tertile of patients with most 
frequent fluctuations with the less fluctuating 
ones - baseline characteristics

Aggregated results - Lower age, lower disease duration, disease active at baseline, higher 
BASDAI, higher pain and PGA at baseline, symptomatic treatment intake and the absence 
of bDMARDs intake were significantly associated with frequent fluctuation; in multivariable 
analysis, female gender (OR 2.94 [95% CI 1.25-7.35]) and higher PGA at baseline (OR 2.00 
[95% CI 1.36-3.07] were significantly associated with frequent pain fluctuations; also a non-
significant trend of more pain fluctuations in those with active disease at baseline (OR 2.10 
[95% CI 0.98-4.57]

Eberhard et al, 2021 VAS (0-100mm) 5 irregular timepoints (at 
inclusion, 6 months, and 

1, 2 and 5 years)

5 years Early RA 61.5% were on methotrexate at 5 years; 
during the 5-year period, 17% were at 

some point treated with a biologic DMARD.

1. Descriptive statistics for development 
of pain over time; 2. Change in pain 
between every visit using paired t-test; 3. 
Estimation of mean differences in pain 
over time and differences in change of 
pain per month

Mean VAS pain was 41.2 at baseline and decreased significantly to 
32.3 at the 6-month visit, but remained unchanged for the rest of 
the follow-up period; mean change in VAS pain at inclusion to 6 
months was -9.2, and no significant change in pain was observed 
between the follow-up visits; 49.1% had unacceptable pain at 
inclusion and lower proportion of 30.1% during hte first year; 20.2% 
at inclusion had unacceptable pain with low inflammation and this 
proportion did not change significantly during the 5-year follow-up; 
35% had unacceptable pain (= VAS >40mm) 5 years after study 
inclusion

Univariate and multivariate logistic regression 
analysis used to assess potential baseline 
predictors of unacceptable pain, and of 
unacceptable pain with low inflammation; 
baseline predictors of pain over time were 
assessed using mixed model analysis, using all 
VAS pain values at inclusion and follow-ups at 6 
months, 1, 2 and 5 years

Baseline predictors of unaccpetable pain with low inflammation at 1 year were higher VAS 
pain, lower age and lower ESR; negative associations between CRP in the highest quartile 
at baseline and unacceptable pain with low inflammation was seen; female gender at 
baseline was associated for those with unacceptable and low inflammation at 2 years; at 6-
month visit, there was a negative association with baseline erosion; in multivariate 
analysis, lower age was associated with unacceptable pain with low inflammation at 2 
years (also similar trend at 1 year); at 5-year follow-up, 40 (22.5%) had unacceptable pain 
with low inflammation, with negative anti-CCP being the only significant baseline predictor 
of this state in both univariate and multivariate analysis; in multivariate analysis, higher 
baseline VAS PGA was a significant predictor, with a similar trend for lower SJC at 
baseline; between 6 months to 5 years of follow-up, 10-15% had unacceptable pain with 
high inflammation (significant baseline predictors at 1- and 2-year follow-up include 
seropositivity, high inflammatory markers, high DAS28 and severe PRO, but no significant 
predictors identified at 5 years); in mixed model analysis, baseline predictors of increased 
pain over time include higher PGA (strongest), HAQ, DAS28, TJC28, ESR and CRP; higher SJC 
at baseline had higher pain level at baseline, but no significant difference in pain over time; 
no association with seropositivity; those with worse PROs and disease activity measures at 
baseline had greater reductions in pain over time and those with higher grip force at 
baseline has less reductions in pain over time; older patients had less pain at baseline and 
over time, but also less likely to experience reduced pain during follow-up

Finan et al, 2010 NRS (101-point) Daily 29 days Not specified Not specified Non-linear damped oscillator model used 
to examine the nature of fluctuations 
across time in pain prediction accuracy

Pain prediction accuracy oscillated over time; the oscillation 
amplitude was larger at the start of diary and decreased over the 
time series, indicating damping toward more accurate predictions 
(people become more accurate over time in predicting their pain as 
they gain experience to do so)

Associations of affect (positive/negative) and 
degee of pain control with the oscillation of 
pain over time

The oscillations for individuals with lower negative affect and higher pain control damped 
more quickly than the oscillations for their counterparts, indicating more accurate pain 
prediction process in the chronically ill; positive affect did not differentiate the damping 
pattern, but within each oscillation cycle, individuals with higher positive affect spent more 
time making inaccurate predictions than their counterparts
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Gandrup et al, 2022 NRS (0-10) Daily 85 days Not specified Not specified Descriptive summary of mean pain 1. Mean pain during flare weeks was 4.4 (SD 1.8) and during non-
flare weeks was 3.6 (SD 1.9)
2. Standard deviation of pain symptom in the week before flare 
reporting was 1 (SD 0.4) during flare weeks and 0.7 (SD 0.4) during 
non-flare weeks
3. The slope of pain symptom score in the week before flare 
reporting was 0.12 (SD 0.19) during flare weeks and -0.01 (SD 0.14) 
during non-flare weeks. 

Mixed effects logistic regression to quantify 
associations between flare weeks and symptom 
scores; multivariate modelling for pain 
symptoms and flare

Univariate mixed effects models showed higher mean and steeper upward slopes in 
symptom scores in the week preceding the flare increased the likelihood of flare 
occurrence, but less prominent association with variability; in the multivariate modelling 
using pain symptom, mean scores (OR 1.83 [95%CI 1.15-2.97]) and variability of pain (OR 
3.12 [95%CI 1.07, 9.13]) were associated with higher odds of flare 

Harries et al, 2014 (abstract) SF-36 bodily pain Unknown (completed at 
each follow-up visit

3 years Early RA Not specified Descriptive summary of mean pain Pain improved from baseline to 1 year (median 41 [IQR 22-62] and 
median 51 [IQR 31-72] respectively) and then remained constant 
afterwards

Generalised estimating equation (GEE) 
analyses, adjusting for confounders, to examine 
the associations of pain with demographic and 
clinical characteristics at baseline and each 
follow-up

DAS28-P at baseline had median of 0.42 (IQR 0.35-0.51) and did not change substantially 
during the 3-year follow-up; initial GEE analysis showed high DAS28-P was consistently 
associated with worse pain throughout the follow-up and that high DAS28-P significantly 
predicted the next year's pain; disability (HAQ), fatigue (SF-36 - vitality) and current pain 
may predict future pain better than other well-established RA disease markers

Kumaradev et al, 2022 SF-36 bodily pain and VAS (0-
100) for joint pain when 
mobilising and when at rest

Biannually in the first 2 
years, then annually

Up to 10 years Early RA Biologic DMARD naïve at inclusion; at 
baseline, 90.9% on NSAIDs, 19.7% on 

cDMARDs, 6.9% on bDMARDs and 67.8% on 
analgesics

Descriptive summary of mean pain For ESPOIR - RA cohort, the mean SF-36 bodily pain at baseline was 
62.2 (SD 20.4) with mean VAS of 54.9 (SD 25.8) when mobilising the 
joints and mean VAS of 37.0 (SD 27.5) when at rest.

Linear mixed models were used to characterise 
differences in pain evolution as a function of 
age (tertiles), sex, etnicity, education, marital 
and professional status, after accounting for 
disease-related, treatment, lifestyle and health 
factors

With the transition from early disease (=<6 months for RA and =<3 years for SpA) to long s-
tanding disease, differences in pain evolution emerged as a function of age, sex and 
ethnicity in RA; being younger age, males, and Caucasians exhibited lower pain in the latter 
phases of both diseases; highly educated participants (beta = -3.8 in RA) for both diseases 
presented with low pain early in the disease, with no changes throughout disease course

Lotsch et al, 2020 VAS (0-100mm) At baseline, 3, 6, 12, 24, 
36, 48 and 60 months

5 years Early RA Not specified Unsupervised machine learning 
clustering to identify homogenous 
subgroups of pain trajectories

3 distinct subgroups identified: low-, medium- and high-persistent 
pain intensity

Supervised machine learning implemented as 
random forests followed by computed ABC 
analysis-based item categorisation was used to 
identify predictive parameters among the 
demographics, patient-rated, and objective 
clinical factors

With 3-month data (alogrithms-trained), patient global assessment and health assessment 
questionnaire provided pain group assignment at a balanced accuracy of 70%; when 
examining the objective clinical parameters alone on an alogrithm-trained 3-month data, 
this provide a balanced accuracy of 59% (using disease severity, SJC and TJC)

McWilliams et al, 2019 SF-36 bodily pain Unknown (completed at 
each follow-up visit

3 years Both early RA (ERAN) and established RA 
(BSRBR-biologics and BSRBR-non-

biologics)

The BSRBR biologics cohort recruited 
people on biologics, having failed to 

respond adequately to other DMARDs. The 
BSRBR non-biologics cohort recruited 
people who were using non-biologic 

DMARDs. 

Descriptive summary of mean pain and 
clustering analysis of the pain 
trajectories

Mean SF-36 bodily pain scores in each cohort improved but 
remained throughout 3 years of follow-up of >1 standard deviation 
worse than the UK general population; discrete persistent pain (59-
79%) and resolving pain (19-27%) were identified in each cohort, but 
in ERAN, a third trajectory of persistently low pain (23%) was 
identified.

Logistic regression to compare baseline 
predictor variables between trajectories; the 
role of inflammation was examined in a 
subgroup analysis of people with normal levels 
of inflammatory markers after 3 years

In people with normal inflammatory markers after 3 years, 65% were found to follow a 
persistent pain trajectory; in the logistic regression analysis, greater disability (adjusted OR 
= 2.3-2.5 per unit baseline HAQ score) and smoking history (adjusted OR = 1.6-1.8) were 
risk factors for persistent pain trajectories in each cohort

Odegard et al, 2007 VAS (0-100mm) 5 irregular timepoints (at 
baseline, and after 1, 2, 5 

and 10 years)

10 years Established RA At baseline, 56% had DMARDs, 25% had 
prednisolone and 52% used NSAIDs. 12% 

were on TNF inhibitors (infliximab or 
etanercept) either as monotherapy (5%) or 
in combination with methotrexate (7%) . 

19% never used DMARDs. 

Descriptive summary of mean pain and 
also repeated measures analyses of 
variance to explore the effect of time on 
pain

At various timepoints of pain measurement, 30% had VAS >=40mm. 
Mean VAS pain score was 31.4 (SD 24.5) for complete follow-up 
participants. 

Repeated measures analyses of variance to 
explore the effect of time on measures of 
outcome including anxiety, disease activity, 
physical function and depression; mixed model 
analyses to identify factors that were 
longitudinally associated with pain, depression 
and anxiety

5-13% had an AIMS depression score of >=4.0 and 20-30% had an AIMS anxiety of >=4.0; 
the pain level was explained by anxiety, disease activity, physical function and female 
gender; the depression was explained by high disease activity; the anxiety was explained by 
low disease activity and depression

Roche et al, 2003 VAS (0-10) 3 timepoints (at baseline, 
at 63 months, and at 77 

months)

77 months Established RA Not specified Binomial categories for the Pain Rating 
Index (PRI) scores into mild-moderate 
pain or severe pain; ANOVA for 
independent samples or chi-square 
(categorical data) for differences 
between reassessed subjects and those 
lost to follow-up; One-way repeated 
measures ANOVA for differences across 
the 3 timepoints (continuous data)

The average pain VAS and PRI scores at baseline were moderate and 
remained unchanged over time

Friedman's test to examine the differences in 
the categorical measures of medication, 
disease activity and functional capacity; Chi-
square and ANOVA were used to test for 
differences in the average SU and RW

Significant pain sensory components found include pressure and constriction; pain-related 
affect was described with adjectives suggesting positive psychological adaptation to pain

Sandberg et al, 2014 (abstract) VAS (0-100mm) 6 timepoints (at baseline, 
3 months, 6 months, 12 
months, 2 years, and 5 

years)

5 years Early RA Not specified Limited in an abstract format Not specified Correlation analyses between pain and DAS28, 
ESR, CRP, TJC, SJC and PGA

At baseline, pain was correlated to both inflammation (ESR) and clinical arthritis, but after 
3 months, there was loss of correlation between pain and objective inflammation (both 
ESR and CRP); sustained and stable correlation between pain and SJC/TJC for the whole 
study period

Schneider et al, 2012 VAS (101-point) Daily 28 days Not specified Not specified Multilevel modelling analyses Substantial day-to-day pain variability with significant inter-
individual differences. The total variance was 34% for within 
individual day-to-day pain fluctuations.

Multilevel modelling analyses Higher levels of depression, happiness and frustration significantly predicted greater 
variability in pain; lower self-efficacy was associated with more variability in patients' daily 
satisfaction with accomplishments and in the quality of their day; greater pain 
catastrophising and higher depression predicted more variability in interference with social 
relationships; anxiety was not significantly associated with day-to-day variability

Schneider et al, 2018 VAS (0-10) Daily 3 months Not specified Some patients enrolled in the study were 
about to start a change in their pain 

treatment (i.e., starting a new treatment, 
adding a new treatment to the current 

regimen, switching to a different 
treatment, or increasing the current 
treatment dose) after the baseline 

assessment.

Markov regime switching dynamic 
regression model

Mean VAS (0-10) pain was 3.84 at Month 1 and 3.39 at Month 3; 
mean amplitude of pain shifts was 3.47 at Month 1 and 3.32 at 
Month 3 (approximately 1/3 of the full scale range); mean 
persistence of pain states (derived from the transition probabilities 
of pain states during the waking hours) was 10.3 hours at Month 1 
and 9.9 hours at Month 3; for the dominance of pain states, lower 
pain states tended to be more enduring than higher pain states; in 
Month 1, higher states were on average 1.44 hours shorter than 
lower pain states and in Month 3, higher pain states were on 
average 4.85 hours shorter than lower pain states; moderate 
positive associations were seen between patients' average pain 
level and the persistence of states at each assessment period 
(Month 1: r = 0.38, Month 3: r = 0.26), suggesting patients with 
overall higher pain levels experienced more enduring pain states; the 
persistence and amplitude measures were negatively correlated at 
each assessment period (Month 1: r = -0.36, Month 3: r = -0.37), 
suggesting patients with more enduring pain states tended to 
experience less pronounced pain shifts; test-retest correlations 
showed moderate-high stability in average pain (r = 0.72) and 
amplitude (r = 0.75) measures, and low-moderate stability in 
persistence (r = 0.23) and dominance (r = 0.47) measures over the 3-
month period

To examine cross-sectional and longitudinal 
associations of the regime-switching pain 
measures with patients' physical functioning 
and emotional health outcomes; to assess if the 
new measure contribute to understanding 
patients' retrospective judgements of their pain 
and to their global impressions of change over 
time

The mean BDI depression score was 10.67 (SD 7.09); the mean STAI anxiety score was 
37.33 (SD 9.64); the mean SF-36v2 physical component score was 34.81 (SD 8.93) and the 
mean mental component score was 47.98 (SD 9.82); at the beginning, higher Average pain 
levels were signficantly associated with higher depression and anxiety, and with lower 
mental and physical health scores (9.3%-13.9% of the variance) and in month 3, the 
Persistence of pain states was associated with depression and general mental health (3.6%-
5.2% of the variance); for patients with depression scores in the minimal range (BDI =<13), 
a given pain state lasted between 7.7-10.9 hours before transitioning to other pain state, 
and those with moderate depression (BDI scores of 20-28), the pain states lasted longer 
between 13.9-18.5 hours; increases in Average pain were significantly associated with 
worsening in each of the health outcomes (16-32% of the variance) in Step 1 of the 
regression analyses; for negative affect, increases in Persistence of pain states were 
associated with increases in negative emotional states; increases in the Dominance of 
higher pain states were associated with increases in pain interference, physical functioning 
limitations and ADL difficulties; with regards to global overall impressions of change, about 
50% reported that they had pain improvement over the 3-month period, 24! reported pain 
as unchanged and about 25% reported worsening pain over time

Smith et al, 2008 Questionnaire 0-100 of average 
pain

Weekly 11 weeks Not specified Not specified Multilevel modelling analyses Mean pain of 45.32 (SD 22.10) for RA To examine the effects of anxiety and 
depression (measured at baseline) on weekly 
pain reports; to examine the associations with 
interpersonal stress and positive and negative 
affect

When anxiety and depression were examined separately in the multilevel analyses, anxiety 
and depression were both related to elevations in current and next week pain, with anxiety 
having the largest effect size; both anxiety and depression were indirectly related to current 
pain through negative and positive affect and depression interacted with stress to predict 
current pain in RA; when both anxiety and depression were examined simultaneously, 
anxiety alone was still related to elevations in current and next week pain and was 
indirectly related to current pain through negative affect; depression alone was indirectly 
related to current pain through positive affect

Van Dartel et al, 2013 NRS (0-10) Monthly 12 months Established RA At baseline, 41.4% received DMARD 
monotherapy, most often with 

methotrexate, sulfasalazine and 
azathioprine. 12% received DMARD 
combination therapy, usually with 

methotrexate. 35.4% received bDMARD and 
all of them received TNF-inhibitors. 4% 

stopped a biologic agent during the study 
and 6% started a bDMARD during the study. 

13% received prednisolone.

Longitudinal mixed regression analyses 
(time-lag model)

Mean pain score at baseline was 35.23 +/- 19.82 and the mean 
patient-averaged pain score over 1 year was 36.4 +/- 18.3.

Longitudinal regression analyses and time-lag 
models to examine the relationship between 
fatigue and pain and change over time; to 
examine the associations differed by sex and 
age (effect modification)

A significant positive relationship between fatigue and pain during the same month (beta = 
2.04; 95%CI 1.82, 2.27) in the longitudinal regression analysis; in the time-lag models, there 
was no significant association between changes in pain and changes in fatigue; the 
associations between change in pain score and change in faitgue score were not 
significantly different for men and women, nor did they vary with age
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Ward 1994 VAS (15cm) with 0 = no pain and 
3 = very severe pain

Every 2 weeks 60 weeks Established RA Not specified Pooled time series regression analysis Initial median pain was 1.2 with maximal percent change from the 
initial value of 92%. 

To determine the extent to which mood and 
depression may confound self-reported 
measures of functional disability, pain and 
global arthritis (with the effects of these 
measures were being controlled in the 
equation)

Mood (POMS-B) scale explained 2.0% or less of the variation in all longitudinal measures , 
after controlling for the effects of the clinical measures of arthritis activity; depression (CES-
D) explained <2.0% of the variation in changes in functional disability, but explained 6.0% 
and 8.0% of the variation in changes in pain and global arthritis status, respectively

Ward 1993 HAQ VAS (15cm) with 0 = no 
pain and 100 = very severe pain

Every 6 months Up to 9.5 years Established RA Not specified Pooled time series regression analysis Median pain score at baseline was 1.1 (with mean of 1.2 +/- 0.8). To determine the relative importance ascribed 
to factors of pain and functional disability by 
examining the relationship of levels of both pain 
and functional disability to self-reported global 
arthritis status by using pooled time series 
analyses

Median level of functional disability was 1.25 (IQR 0-3) and median level of global arthritis 
status was 35 (IQR 0-100) and together with the median level of pain, these results 
indicate moderate arthritis severity; both pain and functionl disability were significantly 
related to changes in global arthritis statu over time; pain seems to be an important 
feature in non-white cohort and disability was more important for men; duration of RA did 
not influence the relative importance of pain and disability

Wolfe et al, 2007 VAS (0-10) Every 6 months Not specified Established RA Not specified Descriptive summary of mean pain Mean VAS pain was 3.4 (SD 2.8) with the best cutpoint for an 
'acceptable' level of pain of =<2.0; pain levels were almost constant 
over RA duration

Regression analyses (GEE) - univariable and 
multivariable

Pain increased slightly with the duration of RA, 0.03 (95% CI 0.02-0.03) and decreased with 
age, 0.01 (95% CI 0.01-1.02) units per year; pain levels increased in women, ethnic 
minorities, smokers and those with less education



List of Abbreviations 
 
AAC – average of absolute change 
AIMS – Arthritis Impact Measurement Scales 
ANOVA – analysis of variance 
axSpA – axial spondyloarthritis 
BASDAI – Bath Ankylosing Spondylitis Disease Activity Index 
BDI – Beck Depression Inventory-II 
bDMARDs – biologic disease modifying anti-rheumatic drugs 
BSRBR – British Society for Rheumatology Biologic Registry 
cDMARDs – conventional disease modifying anti-rheumatic drugs 
CI – confidence interval 
CRP – C-reactive protein 
DAS28 – 28-joint disease activity score 
DESIR – DEvenir des Spondyloarthropathies Indifferenciees Recentes 
DMARDs – disease modifying anti-rheumatic drugs 
EIRA – Epidemiological Investigation of Rheumatoid Arthritis 
ERAN – Early Rheumatoid Arthritis Network 
ESPOIR – Etude et Suivi des Polyarthrites Indifferenciees Recentes 
ESR – erythrocyte sedimentation rate 
EURIDISS – European Research on Incapacitating Diseases and Social Support 
GEE – generalised estimating equation 
HAQ – Health Assessment Questionnaire 
IQR – interquartile range 
mm – milimetre(s) 
NHS – National Health Service 
NRS – numerical rating scale 
NSAIDs – non-steroidal anti-inflammatory drugs 
OR – odds ratio 
PGA – patient global assessment 
POMS-B – Profile of Mood States-B 
PRI – Pain Rating index 
PRO – patient-reported outcome 
RA – rheumatoid arthritis 
RW – rank of word 
SD – standard deviation 
SF-36 – Short Form 36 items 
SJC – swollen joint count 
SpA – spondyloarthritis 
STAI – Spielberger State-Trait Anxiety Scale (STAI) 
SU – subclass use 
TJC – tender joint count 
TJC28 – 28-jpint tender joint count 
TNF – tumour necrosis factor 
US – United States 
UK – United Kingdom 
VAS – visual analogue scale 
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2.4 Summary 

This chapter summarises the current literatures on the methods used in longitudinally 

characterising pain of adult populations in RA based on a literature search from inception 

to May 2022. Main findings from this scoping review, as outlined below, form the basis of 

conducting the research work in RA that I conducted and presented in the remainder of this 

thesis.  

 

Main findings include: 

• Heterogeneity in pain scales used and the frequency of pain measurements in RA 

exists, which is consistent with the paradigm shift in study designs and longitudinal 

data collections  

• Despite the initial variability in pain level, stable pain trajectories in RA with 

continuing minimal pain fluctuation over time were seen, akin to the stable pain 

trajectories identified in OA studies 

• The use of VAS and NRS pain scales used in the identified stable pain trajectories 

in RA necessitates the consideration of the ordinal nature of the scale used in the 

analysis, of which the interval between each pain level is assumed equal in order, 

although the magnitude of this interval is subjective to individuals experiencing the 

same pain level 

• Distinct longitudinal analyses of pain in RA using clustering methods and novel 

dynamic time series methods were seen, which correlated with the research 

questions of interest in terms of evaluating either the extent or the magnitude of 

pain variability and the effect of time applied in the analyses 

• Important predictors such as female gender, ethnicity, smoking history and 

education level were identified, suggesting the importance of considering these 

predictors in future pain trajectory research 
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Summary of Section 1 

Section 1 presents the results of the scoping review in Chapter 2, which addresses the first 

research question in this thesis in terms of exploring the methods used and results 

generated from longitudinal characterisations of pain in RA. The evidence identified through 

this scoping review suggests that there is heterogeneity across studies in describing pain 

experience in RA. As pain in RA is highly variable and multidimensional, future longitudinal 

research in examining pain trajectory and its variability should incorporate important 

predictors of pain variability, standardised measures of pain, and appropriate frequency and 

intervals of pain measurements. 

 

Specifically, this scoping review has highlighted the rationale behind pain trajectory analysis 

and the opportunities and challenges when interpreting the analysis findings. To address 

my thesis aims, this review has provided me the impetus to start my journey of learning the 

fundamentals of clinical epidemiology and intensive longitudinal analysis (Section 2 – 

Chapters 3 and 4), followed by the application of these research skills and knowledge when 

assessing pain trajectory in RA (Section 3 – Chapters 5, 6 and 7).  
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Section 2: Digitalised Health Data and The 

Application of Intensive Longitudinal 

Methods in Analysing Pain Using Mobile 

Health Data 

Overview of Section 2 

Section 2 of this thesis consists of two chapter, Chapters 3 and 4, which address the next 

research questions on digitalised health-related data and the application of intensive 

longitudinal methods in examining pain in RMDs.   

 

Chapter 3 presents the narrative review of harnessing digitalised health-related information 

in creating real-world evidence in clinical care and research. Benefits and challenges of 

using such digitalised health-related data in modern medicine are discussed in this chapter. 

 

Chapter 4 presents the research work done and research skills gained during my remote 

candidature period in the UK. This chapter presents the analyses of pain trajectory and day-

to-day pain variability in inflammatory and non-inflammatory RMDs using a large 

smartphone study, Cloudy with a Chance of Pain, dataset. Intensive longitudinal methods 

were applied in the analyses. This chapter hones my research skills and improves my 

knowledge in examining pain trajectory in RMD, which is an instrumental step in conducting 

research work presented in Section 3 of this thesis. 
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Chapter 3: Digitalised Health Data in 

Providing Real-World Evidence: A Review 

3.1 Preface 

The narrative review presented in this chapter addresses the research question of 

harnessing digitalised health-related data, in terms of appraising the nature of these data 

collected and used, as well as the benefits and challenges around using such data in 

modern medicine and research.  

 

This narrative review is presented in a manuscript format in this chapter, as it has been 

published in a peer-reviewed journal, Rheumatology, as part of the Real World Data: 

Special Section as:  

 

Pisaniello, H.L., Dixon, W.G. What does digitalization hold for the creation of real-world 

evidence? Rheumatology (Oxford, England), 2020; 59(1):39-45. 

doi:10.1093/rheumatology/kez068 

 

The Statement of Authorship is included. To end, I present the chapter summary from this 

narrative review. 
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What does digitalization hold for the creation of
real-world evidence?

Huai Leng Pisaniello1,2 and William Gregory Dixon1

Abstract

Health-related information is increasingly being collected and stored digitally. These data, either structured

or unstructured, are becoming the ubiquitous assets that might enable us to comprehensively map out a

patient’s health journey from an asymptomatic state of wellness to disease onset and its trajectory. These

new data could provide rich real-world evidence for better clinical care and research, if they can be

accessed, linked and analyzed—all of which are possible. In this review, these opportunities will be

explored through a case vignette of a patient with OA, followed by discussion on how this digitalized

real-world evidence could best be utilized, as well as the challenges of data access, quality and main-

taining public trust.

Key words: real-world evidence, electronic health record, mobile app, accelerometers, digital data,
unstructured data, data protection, osteoarthritis

Rheumatology key messages

. The volume and breadth of digital data contributing to real-world evidence is expanding.

. Digital data will allow researchers to answer questions that cannot currently be addressed.

. Real-world digital health data require robust data governance, sustainable public trust, data standardization and
interoperability.

Introduction

The increased uptake of technology is changing our ability

to observe and understand the onset, progression and

outcome of disease in society. Information and communi-

cation is increasingly stored digitally. There has been an

exponential expansion in stored data, from digital versions

of traditional media like text, to images and videos, sen-

sors, digital transactions and even digital traces of our

interactions with technology [1, 2]. As we live our daily

lives, vast amounts of information pertaining to our

health and well-being are being recorded, including con-

tact with health care systems. This includes our exposure

to environmental and behavioral risk factors while living

free from disease, the onset of symptoms and progress

towards a clinical diagnosis, as well as the consequences

and impact of living with a disease and its treatment.

Digital data relevant to health are expanding from the

more obvious and traditional, for example, notes held

within a medical record, to the sometimes less apparent

information captured about our everyday lives, as well

as a wide array of data describing the environment

in which we live. This digital archive of information is

fragmented and scattered, sometimes unstructured, yet

it has the potential to help us better understand diseases

and their treatment and ultimately to improve the lives

of future populations. This article will consider the wide

range of data that exists, both traditional and novel, that

might contribute to real-world evidence (RWE) about

health and disease.

Spot the digital data sources

Let us consider a patient’s health journey, starting from a

pre-morbid state of wellness to the onset of disease

symptoms, self-management and interactions with

health care professionals, to treatment response and dis-

ease outcome. Through a working example, we will exam-

ine how a patient may seek help, information, support,

guidance and treatment through this journey, with an

eye on what digital data are captured.
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Austin is a middle-aged man who has been previously

fit and well, albeit slightly overweight. He enjoys running

three times a week and tracks his activity, performance

and heart rate using a heart rate monitor linked to his

smartwatch, allowing him to understand his achievements

and progression. He is in his late 40s, and he has begun to

experience persistent knee pain. His family history of OA

and discussions on his online fitness community site make

him wonder whether he is developing arthritis. He seeks

information to learn more about his symptoms through

web searches and online forums about OA. He sees his

general practitioner (GP) about his knee pain. A diagnosis

of knee OA is confirmed and he is referred to a physio-

therapist. He is given an exercise prescription, education

on lifestyle modification and advice on simple analgesia.

He buys over-the-counter (OTC) paracetamol and topical

NSAID gel at his local supermarket. Follow-up visits are

arranged to assess his knee OA progression and manage-

ment. In the meantime, he continues to self-monitor and

tries to identify possible triggers for days that are worse.

He sends his saliva to a commercial company to generate

a genetic health risk and wellness report. He experiments

with nutritional supplements and alternative health food.

Over the next few years, he notes a progressive deteri-

oration in his performance and an increase in pain. He is

referred to an orthopaedic surgeon where he is assessed,

has further input from the physiotherapist, has X-rays con-

firming disease progression and is given a dedicated

smartphone application (mobile app) for his pre- and

post-operative assessment. He agrees to undergo knee

replacement surgery, but the outcome is not what he ex-

pected. Despite an initial good recovery, his knee pain

persists, which is evident from his pain-tracking mobile

app. Given his ongoing frustration with an outcome that

did not meet his expectations, he becomes an avid blog-

ger in sharing his post-surgical knee pain experience with

others.

Throughout Austin’s journey, digital data are captured

that could build a picture of his disease and its ante-

cedents, treatments and outcome (Fig. 1). Each discrete

data source would show part of his journey but, if linked,

could show a more comprehensive picture. These data

include what we might consider traditional health data:

primary and secondary electronic health records (EHRs)

from his GP, specialists and allied health professionals, as

well as imaging data. The clinician-derived data are sup-

plemented by patient-generated health data within the

health care system, such as his peri-operative mobile app.

There are also recorded data from the patient outside of

clinical encounters, including his wearable tracking

record, web search history, supermarket loyalty card,

genetic profile and social media posts. Collectively these

longitudinal types of digital data can provide real-time

tracking of symptom trajectory and disease progression

and outcome. This opportunity will support individualized

and evidence-based understanding of our patients, not

only in terms of disease impact on their general well-

being, but also of their digitalized information-seeking

behavior. Analyses of observational data from some of

these sources, such as primary care EHRs, already

FIG. 1 Digital health data capture: a hypothetical case study of the onset and progression of OA

EHR: Electronic health record.
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contribute to our understanding of disease and RWE

[3�5]. There are many others, like sensors and social

media posts, that offer potential RWE, although experience

of how to access and analyze such data is, at present,

limited.

Observational data in knee OA have indeed added con-

siderably to our knowledge. Age is one of the strongest

risk factors for knee OA, perhaps because of an accumu-

lation of other risk factors with time coupled in with the

aging process and a reduced ability to withstand adversity

in the joint [6]. Obesity is another well-established local

risk factor for knee OA [7�9]. Existing knowledge about

OA risk factors is often restricted to insights derived

from data that are routinely collected, such as age,

gender, weight, smoking status, family history and other

comorbidities [9]. There is a paucity of evidence about

some less readily available risk factors, such as physical

activity, diet, other lifestyle factors and health-seeking

behavioral, in influencing the development and progres-

sion of knee OA. Physical activity is a putative risk factor

for knee OA, yet studies provide conflicting evidence

[10�12]. This may be due in part to the challenge of ac-

curately measuring and summarizing physical activity pat-

terns over many years before the onset of disease. Prior

studies examining this question have used crude meas-

ures such as a single self-reported physical activity ques-

tionnaire or by comparing, say, runners to non-runners

[13, 14]. Yet, as seen in Austin’s case study, people are

leaving behind them very detailed, digital traces of their

active and sedentary living. If these can be linked to health

and disease onset and outcomes, we might significantly

advance our learning about the risk factors for the onset of

knee OA.

Let us now consider Austin’s surgery. In Austin’s case,

why did his total knee replacement (TKR) have a worse

outcome compared with similar patients? Many observa-

tional studies have examined predictors of poor outcome

in TKR. Studies have previously identified factors such as

higher pre-operative pain and functional limitations, social

disadvantage, depression and anxiety, higher fatigue and

higher illness-related distress and co-existing medical

conditions [15�17]. Yet Austin had good mental health,

high socio-economic status and few comorbidities—so

why him? It is possible that he had other important pre-

dictors of a poor outcome that may not be easily identified

through these study designs. These might include issues

such as the timing of surgery with respect to his functional

deterioration or his post-operative exercise and other rele-

vant activities during his surgical recovery and rehabilita-

tion. Such metrics and data were collected within his

personal digital history but are not yet commonly analyzed

across large populations.

As well as contributing to population-level RWE,

Austin’s use of technology might also support timely inter-

ventions. When Austin is faced with intractable pain post-

TKR, might his pain be better managed if his day-to-day

pain-tracking data, medication use and physical activity

data could be accessed? These data might allow his

treatment to be personalized instead of escalating the

dose and strength of his analgesia and giving generic

advice on exercise and self-care. Consumer devices

such as activity trackers already employ smart coaching

techniques to encourage greater physical activity, guided by

contemporaneous data collected on the device. In time, it is

possible that real-time analysis of this RWE could lead

to personalized digital health interventions, such as post-

operative coaching, to support usual clinical care.

Challenges in providing digitalized RWE
in future health care and research

New data types

Research that uses the novel data sources described in

Austin’s case study is still in its infancy. Studies in knee

OA are starting to use sensors to evaluate mobility,

demonstrating this method of assessment is feasible

and may be cost-effective [18�20]. Longitudinal studies

using accelerometers are starting to collect much more

granular information about physical activity in patients

with knee OA, such as the frequency, intensity, time and

type of activity [21]. Many such studies provide partici-

pants with a research device to track their activity but

do not yet provide RWE in free-living individuals without

an associated research infrastructure. Although large-

scale bespoke research studies using loaned accelerom-

eters can be done, as seen in the UK Biobank study,

which provided wrist-worn devices to >100 000 partici-

pants, such efforts are a major undertaking [22]. Research

using physical activity measured using consumers’ own

devices is starting to emerge—and sometimes on a large

scale. Using data from the Argus app by Azumio (Palo

Alto, CA, USA), researchers compared physical activity

levels in 717 527 people from 111 countries across the

globe [23].

Despite offering big promise, there are open questions

such as the validity and quality of the activity measure-

ment and possible selection bias of smartphone and app

users. In studies comparing step counts from consumer

wearables and smartphones in healthy adults, variability in

step count accuracy has been seen between devices [24].

In knee OA specifically, small feasibility studies are explor-

ing whether patterns of physical activity can be collected

using raw accelerometer outputs alongside self-reported

data using consumer cellular smartwatches [25]. This

would make the derivation of a physical activity metric

more transparent and standardized and could potentially

lead to a future where we are able to have detailed daily

information about disease symptoms and progression

collected on a single device. The gradual introduction of

patient-generated health data from consumer devices into

clinical care will lead to significant opportunities for re-

search due to the additional non-clinical context and in-

formation available from linkable clinical records data. The

overlap between what data and information could, in

theory, support both clinical care and research is signifi-

cant, meaning careful design of systems to meet both

needs would deliver multiple benefits [26, 27].
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The science of analysing user-generated data from web

searches and social media posts is new but has great

potential [28]. There are already examples of both promis-

ing insight and notable errors from this data mining

approach. One of the most highly cited examples of

web data analytics was the Google Flu Trends service,

which was initially heralded as an exemplary use of big

data but was later found to generate inaccurate predic-

tions [29, 30]. Other areas of social media mining for

health beyond disease surveillance have included phar-

macovigilance and behavioral medicine [31]. Both of

these areas have relevance to our case study. Could ana-

lysis of OTC NSAID use, captured through store card data

or self-reported information, tell us about its efficacy, or

could studying paracetamol consumption shine further

light on controversies about its effectiveness and safety

[32]? Paracetamol safety is notoriously difficult to study

using existing data sources such as administrative data-

bases or primary care databases, because they do not

capture OTC use that accounts for the vast majority of

paracetamol use. As discussed above, how does physical

activity influence the onset and outcome of OA? There is

an increasing range of research that has explored un-

structured data obtained from social media platforms in

different rheumatic and musculoskeletal conditions

[33�40]. For example, analysis of gout-related social

media posts has shown patients are more interested in

symptom uncertainties and treatment and less so in sero-

logical results of urate and its treat-to-target level [33].

Other studies using social media have brought to light

patients’ concerns about treatment, for example about

biologics or prednisolone therapy [35, 41, 42]. Patients

can find it difficult to discuss certain views openly with

their clinicians, so analysis of their views captured digitally

outside of the clinic consultation can be insightful.

Fundamentals of epidemiology for a digital age:
selection bias, validity, missing data and more

The new world of digital health data to support observa-

tional research requires us to revisit several fundamentals

of epidemiology. Selection bias can be easily introduced,

as digital health studies may recruit specific types of par-

ticipants, such as individuals who are health conscious,

digitally literate or have a higher socio-economic class.

The validity of new data collection tools needs to be con-

sidered, whether it is a digital version of a traditional

measure such as a visual analogue scale, a new instru-

ment for self-reported data, an active task such as an

app-directed 6-minute walk test or raw or processed pas-

sively collected sensor output. For example, can we trust

range of motion as measured by a user holding a smart-

phone and following instructions on a mobile app [43]?

Processing and analysis of such data require the estab-

lishment of new standards with transparent reporting. For

unstructured data, there is a technical challenge in accur-

ately converting these data into structured forms ready for

population-level analysis. Researchers may frequently

face issues of missing data and diminishing data over

time, as a gradual downtrend of user engagement is

commonly seen over time in many mobile health studies

[43, 44]. Handling continuous streams of sensor data will

require a new analysis method not previously required for

many epidemiological studies. There have been enormous

advances in artificial intelligence (AI) and machine learning

in recent years. Progress in non-health industries, such as

financial services, the development of driverless cars,

speech recognition within smartphones and fraud detec-

tion in insurance, has been exceptionally rapid and fruitful.

Similar progress is now starting to appear in health care

[45, 46]. In OA, the use of AI in automated multidimen-

sional imaging analysis may allow complex computational

interpretation and aggregation of these sophisticated ima-

ging data, linking them to patient-generated health data

and clinical care data [47]. There are concerns that pre-

dictive analytics in health, despite good model perform-

ance, may not be sufficiently transparent to enable clinical

buy-in and trust, a challenge that may be helped by emer-

ging developments in ‘interpretable’ machine learning or

‘explainable AI’ [48].

Governance and public trust for real-world digital
health data

Each discrete data source described above and its asso-

ciated analysis is promising, yet it is clear that the real

value will come when different digital data sources can

be collated to give a more comprehensive picture.

Appropriate governance on data ownership and data

protection is imperative as we move towards the idea of

acquiring, aggregating and archiving linked digital health

data. Patients should be able to control their own data,

with clarity about who has handled their data. This will

allow them freedom and rights in protecting, linking and

sharing their data with other digital health users, such as

health care professionals and researchers. It is inevitable

that only certain members of society would wish to have

their data shared in this way for research, and their views

should be heard. Yet this should not necessarily prevent

any data sharing within society. Initiatives like CitizenMe

allows individuals to store their digital data in their per-

sonal data cloud, as well as to participate in surveys which

may provide small monetary incentives [49].

Official regulation in reinforcing data security, consent

for data linkage and privacy is important in the digital era

[50]. Standards and guidelines are emerging, but it re-

mains a gray area at times. In the UK, the use of anon-

ymized EHR data for research does not require patient

consent [51]. In primary care research databases such

as the UK’s Clinical Practice Research Datalink, the data

controller does not hold identifiable patient information

and therefore cannot facilitate contact with patients.

Nonetheless, it is possible for studies to collect data

from patients alongside their EHR data via their GP,

albeit with limited uptake from practices and patients [52].

Keeping public trust can sometimes require more than

abiding by governance regulations, and so researchers

must be thoughtful about how they clearly communicate

the benefits and managed risks of data sharing [53].

Analysis of social media data still requires care, as users
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may not understand that their data are publically available

and may not wish their data to be used for research [54].

Future digital health and social care data require a bona

fide and secure infrastructure for data storage and use. As

outlined by Mandl and Kohane [55, 56], standardization

and interoperability of different digital data sources are

crucial for ensuring correct and valid data acquisition

from patients and appropriate implementation of these

data in self-care, clinical care and research. When collect-

ing consent on digital devices, a new model of consent is

required in the absence of study nurses, traditional con-

sent forms and patient information sheets. Guidelines for

electronic consent have been published by the US Food

and Drug Administration, and there are already examples

of excellent practice in mobile health studies such as the

MyHeart Counts cardiovascular health study [44, 57].

While there remain lots of challenges in the area of gov-

ernance, citizen consent and privacy are well delivered in

many other aspects of our digital lives, such as banking,

so strong governance of health data with public trust

should be entirely possible. Recent initiatives such as

the Wellcome Trust’s Understanding Patient Data,

Health Data Research UK and the new Ada Lovelace

Institute, an independent research and deliberative body

with a mission to ensure data and AI work for people and

society, will help ensure public trust remains at the fore-

front of developments in health data and research [53, 58].

As stated in the report from the Select Committee on

Artificial Intelligence, ‘maintaining public trust over the

safe and secure use of their data is paramount to the

successful widespread deployment of AI and there is no

better exemplar of this than personal health data’ [59].

Conclusion

In summary, data about the causes and determinants of

disease and its outcome are increasingly being collected

digitally. It is already possible to see that such data will be

hugely valuable. We are moving from a time when disease

could be measured only at sparse intervals, such as at a

6-month clinic appointment, to a situation where many

aspects and correlates of disease can be tracked fre-

quently or for the first time. Novel data types provide an

opportunity to answer questions that were previously dif-

ficult or impossible to answer. Yet there remain significant

challenges around the appropriate governance of such

data that maintains public trust and how we ensure we

derive appropriate insight given the representativeness of

the new digital patient. The inevitable move into the digital

era means we should embrace, rather than hide behind,

these challenges and ensure we make the best use of the

opportunities that this new RWE presents to us.
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3.4 Summary 

This chapter summarises the ever-expanding volume and breadth of digitalised health-

related data in the provision of real-world evidence in clinical practice and research, with 

the use of a clinical vignette of a patient with OA for the topic discussion.  

 

Main findings include: 

• New types of health-generated data (structured or unstructured) obtained digitally 

through consumer’s own device offer big promise in research, real-time intervention, 

and self-management 

• Information obtained from digitalised health-related data may raise questions on the 

validity and quality of the data collected, and empowers the development of novel 

methods in data transformation and analysis when evaluating unstructured data 

• Fundamentals of epidemiology and transparency are instrumental in the processing 

and analysis of such data 

• Reinforcement in data security, consent, and privacy is imperative in the digital era, 

and governance in data protection and ownership is necessary as these data are 

acquired, aggregated, and archived.
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Chapter 4: The Application of Intensive 

Longitudinal Methods in Analysing Pain 

Using Mobile Health Data 

4.1 Preface 

This chapter presents the research work and skills I achieved during the first 15 months of 

my candidature in Manchester, UK. In early 2018, I had the opportunity to be involved in 

one of the largest mobile health studies in the UK, Cloudy with a Chance of Pain, led by 

Professor William Dixon (my external supervisor) and his team. Cloudy with a Chance of 

Pain was the first smartphone study conducted to examine the association of weather and 

pain.  

 

During this candidature period, I developed my foundation in epidemiology knowledge and 

research skills, in particular statistical programming skills in R, Stata, and Python. In 

addition, I had the privilege to work with a multidisciplinary team across UK and 

internationally, which included epidemiologists, rheumatologists, meteorologists, 

statisticians, mathematicians, postgraduate students, project manager, and the patient and 

public engagement representatives. 

 

In this chapter, I first present the background for examining longitudinal data on pain 

symptoms and the analysis of pain trajectory and daily pain variability using intensive 

longitudinal methods, thus forming the primary aims of this exploratory work. I present the 

overview of the study, Cloudy with a Chance of Pain, in detail, as well as the subset of data 

that I used for my study analysis. The methodology and results of my exploratory analyses 

on pain trajectory and daily pain variability of individuals with inflammatory and non-

inflammatory RMDs are presented. Next, an overall synthesis and discussion of the study 

results are presented, with emphasis on the methods used and the epidemiological 

perspectives. This work is prepared and written in a conventional thesis chapter format. 
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Research skills achieved during this candidature period is discussed in detail in Chapter 8. 

Statistical code scripts for my study analyses are included in Appendix C. Additionally, as I 

was involved as a co-author in the primary publications for this study, the published articles 

are included in Appendix D.



4.2 Background 

An important aspect of understanding the variability of pain experienced, often not well 

captured in traditional pain trajectory analysis, is the extent and frequency of pain fluctuation 

over time. Such understanding of pain variability is essential to gather information of 

spontaneous pain moments as seen in flares in RA, OA, or LBP. Episodes of flare are often 

the impetus for guiding treatment decision and pain management in a typical rheumatology 

clinic consultation. 

 

Individuals living with chronic pain from their RMDs often describe a spectrum of pain 

intensity, duration, and frequency, depending on other co-occurring symptoms and activities 

related to the pain experience. In such phenomenology of chronic pain, its temporal 

variability, especially capturing those spontaneous or unprovoked moments of pain with 

varying duration and frequency, either good or bad, remains an ongoing topic of interest for 

many in understanding the dynamics of pain across different RMDs.  

 

Broadly, chronic pain in RMDs is dynamic and varies at different timepoint of 

measurements. Often, the longitudinal measure of these changes of pain over time, known 

as pain trajectory, is studied across different RMDs. Statistically, with the assumption under 

a normal distribution, at least three repeated measures of pain are adequate to define an 

individual’s pain trajectory over a pre-defined period(226). Population-averaged or 

aggregated summary course of pain is often insufficient to describe the temporal dynamics 

of the pain severity, as described in reviews summarising the work done in studies 

investigating the course of LBP and pain trajectory in knee OA(152, 227). Fundamentally, 

examining the temporal dynamics of pain often requires the evaluation of the variability of 

pain, the context, the diurnal pattern, and the activities corresponding to the pain level 

measured in real-time(178, 179, 197, 198, 228-232). In LBP, different pain trajectory phenotypes were 

observed, with common pain patterns identified across different studies, regardless of 

settings, countries, and frequency of pain measures(152, 233-242). Similarly, studies examining 
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pain trajectories in early to moderate knee OA had identified common pain trajectory 

phenotypes, with a stable pain trajectory found in 85% of the aggregated study population, 

and relevant predictors of worsening pain seen such as depressed mood, low education, 

and higher comorbidities(205, 227, 243-248). Common statistical methods in clustering analysis 

such as latent class analysis, latent class growth analysis and hierarchical class analysis 

were commonly used in these studies. Such data-driven analytical approach allows distinct 

stratification of pain trajectory phenotypes, with a birds-eye view in differentiating at-risk 

individuals with unstable or worsening pain trajectories and individuals with stable or 

improving pain trajectories (Figure 4.1).  

 

 

Figure 4.1 A simplified diagram of pain trajectory phenotypes in low back pain 

Source: Adapted from Kongsted A, Kent P, Axen I, et al(152) (used with permission under Creative Commons Attribution 

License) 

 

As shown in Figure 4.2, episodic or fluctuating pain patterns in LBP may differ in pain 

intensity and frequency of change in pain between individuals, and yet, these individuals 

were grouped in the same pain trajectory phenotype(152). Examining the intraindividual 

differences in the dynamic of pain in RMDs provides a detailed snapshot of the components 

of pain variability, in terms of assessing the extent and frequency of pain fluctuations across 

time and contextual settings(219). 
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Figure 4.2 An example of mild episodic pain trajectory phenotype in low back pain (left), with 

individual cases (right) of mildly episodic pain trajectory in Case 1 and highly episodic pain 

trajectory in Case 2 

Source: Adapted from Kongsted A, Kent P, Axen I, et al(152) (used with permission under Creative Commons Attribution 

License) 

 

Real-time data-driven analysis of change in pain intensity over time captured through EMA, 

as discussed in Chapter 1, had identified relevant components of pain variability using time 

series-based regime switching model(198). In this model, Schneider and colleagues stated 

these identified temporal dynamic measures of pain as ‘Average pain (mean level over 

time), Amplitude (magnitude of shifts in pain levels), Persistence (average duration of pain 

states), and Dominance (relative duration of higher vs lower pain states)’, as seen in Figure 

4.3(198).  

 

 

Figure 4.3 Measures of temporal dynamics of pain using regime-switching model 

Source: Adapted from Schneider S, Junghaenel DU, Ono M, et al(198) (used with permission under the Wolters Kluwer 

Health, Inc – Copyright Clearance Center’s Rightslink) 
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As described earlier in Chapter 3, in the presence of any chronic condition, digitalised 

patient-generated health data can provide invaluable information on many aspects of the 

individual’s well-being state as well as real-time capture of disease symptoms and disease 

impact. For example, in a typical rheumatology clinic, will the clinician have a better 

understanding of a patient’s pain experience outside of the clinic setting, if such real-time 

data is captured using one of the mHealth devices? Additionally, once the data are available 

for an in-depth analysis, how can we best assess such intensive data appropriately, and 

yet, relevant to the patient and the treating clinician? Currently, little is known on the 

applicability of such intensive longitudinal methods in examining change in pain over time 

captured through real-time mHealth app. Therefore, in this chapter, by using the daily data 

on pain symptoms captured in Cloudy with a Chance of Pain, I present my research work 

in analysing daily pain trajectory and pain variability across different RMDs. 

 

 

4.3 Study Aims and Study Outline 

In this exploratory work using data from Cloudy with a Chance of Pain, a national UK 

smartphone study, and using intensive longitudinal methods, I aimed to examine the long-

term and short-term day-to-day pain variability in individuals with different types of RMDs 

(both inflammatory and non-inflammatory).  

 

In detail, for the long-term and short-term pain variability analyses, multilevel model and 

Markov transition model were applied respectively. I hypothesised that there were 

differences in the temporal patterns of pain variability among individuals across different 

RMDs.  

 

I was involved in the Cloudy with a Chance of Pain study at the commencement of the 

primary study analysis of examining the weather-pain relationship, which occurred following 

the completion of the study design, study app, and study feasibility. In the next subchapter, 
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the main study dataset of the Cloudy with a Chance of Pain is presented, which serves a 

purpose for the reader to understand the concept of this smartphone study and to further 

guide the discussion of the methods and analyses of my study in this thesis. 

 

 

4.4 Dataset: Cloudy with a Chance of Pain 

Cloudy with a Chance of Pain was an mHealth study designed and conducted in the UK 

between 2016 and 2017. This large, prospective citizen-scientist cohort study was the 

largest mHealth national study in the UK to evaluate the weather-pain relationship. Below 

is an illustrated flow diagram of the study eligibility and recruitment as well as types of data 

collected in this study (Figure 4.4). 

 

 

Figure 4.4 A flow diagram summarising the study eligibility and recruitment and the pain and 

weather data collection  

 

 

4.4.1 Study recruitment and patient and public involvement 

Study recruitment commenced in January 2016 and ended in January 2017, with the 

opportunity for study participants to continue to enter their daily data on pain symptoms 

beyond the study recruitment period up until April 2017. At the beginning, the study 

information reached out to the public through the local and national media broadcasts via 
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television, radio, and press, as well as social media. Interested smartphone users were 

guided to the study website www.cloudywithachanceofpain.com, of which the study design, 

eligibility, study app download and enrolment process were outlined in detail. 

 

Patient and public involvement (PPI) was instrumental to the success of this study prior to 

the data collection from study participants in the Cloudy with A Chance of Pain(249-251). In 

detail, the PPI group was involved in the local UK media broadcast highlighting the 

importance of the study question around weather-pain relationship(249). The PPI group also 

took part in co-designing the study app during the feasibility study phase(251). In addition, 

the PPI group contributed to the interpretation and dissemination of the study findings to 

the study participants and the community in general.  

 

4.4.2 Study eligibility and type of data collection 

The study eligibility criteria included individuals who were: 

• Aged 17 years,  

• UK residents, 

• Having physician-diagnosed chronic pain condition with a duration of at least 3 

months, and 

• Smartphone users (either iPhone Operating System, iOS or Android) 

 

The ‘Cloudy’ app was designed and reconfigured from a pre-existing mHealth app by uMotif, 

a UK-based company focusing on co-designing user-engaging platform for clinical and 

research in collecting digitalised real-world data(252). In addition, uMotif was commissioned 

to the develop the GPS tool, allowing concurrent weather-pain data to be collected. Once 

downloaded, the app would guide the individual through an informed consent process 

electronically. Upon registration, study participants were asked to complete the baseline 

questionnaires (Figure 4.5). 

 

http://www.cloudywithachanceofpain.com/
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Figure 4.5 A screenshot of some of the baseline questionnaires presented on the study app 

interface  

Source: Adapted from Druce KL, McBeth J, van der Veer SN, et al(253) (used with permission under Creative Commons 

Attribution License) 

 

These baseline questionnaires included information on age, gender, the outward code of 

their residential UK postcode, pain site, clinician-diagnosed pain-related comorbidities, 

medication use and personal beliefs on weather-pain relationship (Table 4.1). 

 

Following the completion of the baseline questionnaires, study participants were able to 

access the daily recording of their pain symptoms using an interactive interface on the app. 

In this daily tracking app, each of the ten self-reported questionnaires on pain symptoms 

was presented as the ‘petal’ of a flower-like motif, designed by uMotif (Figure 4.6).  



 

Baseline data 

information 

Question Response ( options) 

Gender Are you male or female? • Female 

• Male 

Year of birth What is your year of 

birth? 

Free text 

Residential UK 

postcode 

 Free text (outward code only) 

Pain site(s) Where is your pain? • Mouth or jaw 

• Neck or shoulder 

• Back pain 

• Stomach or abdominal 

• Hip pain 

• Knee pain 

• Hands 

• Feet 

• Pain at multiple sites 

• Pain all over body 

Chronic pain 

condition(s) 

Has your doctor ever 

told you that you have 

any of the following 

pain-related conditions? 

(please tick all that 

apply) 

• No pain 

• Rheumatoid arthritis 

• Osteoarthritis 

• Spondyloarthropathy/ankylosing spondylitis 

• Gout or other crystal arthritis (e.g., pseudogout) 

• Arthritis (type not specified) 

• Chronic headache 

• Neuropathic pain 

• Other 
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Medication(s) What types of 

medication are you 

currently using? 

 

Painkillers (please tick 

all that apply)  

 

 

 

 

 

 

 

 

 

Disease modifying drugs 

(please tick all that 

apply) 

 

 

 

 

• None 

• Paracetamol 

• NSAIDs (tablets or creams/ gels) e.g., ibuprofen, diclofenac, naproxen, indomethacin, meloxicam, ketoprofen, celecoxib, 

etoricoxib, etodolac 

• Other simple analgesics e.g., cocodamol, codydramol 

• Weak opiates e.g., codeine, dihydrocodeine, tramadol 

• Strong opiates e.g., buprenorphine, fentanyl, morphine, oxycodone 

• Drugs for neuropathic pain e.g., gabapentin, pregabalin, duloxetine 

• Other 

 

 

• None 

• Glucocorticoids (or steroids) e.g., prednisolone, methylprednisolone, dexamethasone 

• Synthetic disease modifying anti-rheumatic drugs (DMARDs) e.g., methotrexate, sulfasalazine, hydroxychloroquine, leflunomide, 

gold, azathioprine, mycophenolate, cyclosporin, cyclophosphamide 

• Biologic DMARDs e.g., etanercept (Enbrel), infliximab (Remicade), adalimumab (Humira), certolizumab (Cimzia), golimumab 

(Simponi), rituximab (Mabthera), tocilizumab (Actemra), abatacept (Orencia) 

• Other 

Personal belief on 

weather-pain 

relationship 

How likely do you think it 

is that the weather is 

associated with pain? 

0-10 scale with 0 = not at all likely, 5 = not sure, 10 = extremely likely 

Table 4.1 Baseline questionnaires presented on the study app interface 



 

 

Figure 4.6 A screenshot of the data item tracking presented on the study app interface (left) and 

pain symptom reporting (right)  

Source: Adapted from Dixon WG, Beukenhorst AL, Yimer BB, et al(250) (used with permission under Creative Commons 

Attribution License) 

 

In detail, as shown in Figure 4.6, each coloured petal on the interface (left) represented 

each of the data item (right) and pain symptom was tracked based on participant’s response 

on the interface by dragging the ‘petal’ from the centre outwards. For each data item, there 

are five-level ordinal categories of severity, with each level of severity anchoring from 

bottom to top (from proximal to distal to the centre of the interface), as shown on Figure 4.6. 

This interactive platform was presented to the study participants daily at 6:24p.m. UK time 

through a gentle reminder using the ‘push notification’.  

 

Alongside real-time capture on daily pain symptoms, concurrent geolocation of weather 

data was obtained. This was achieved using the GPS embedded within the smartphone as 

a proxy to link the weather data derived from the nearest weather stations as provided by 
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the Met Office, a nationwide meteorological service provider in the UK. Data linkage 

between the weather observation from these weather stations and the weather data from 

the Integrated Surface Database (ISD) of the National Oceanic and Atmospheric 

Association (NOAA) was performed. These weather data were important for the primary 

study analyses of the weather-pain relationship(250, 254, 255).  

 

4.4.3 Study engagement, retention, and cohort selection 

During the 12-month study recruitment, across 124 UK postcode areas, a total of 13,207 

UK citizens downloaded the readily available ‘Cloudy’ app using smartphones of either iOS 

or Android. Approximately 5.1 million longitudinal pain symptoms were captured over this 

15-month study period (January 2016 – April 2017). 

 

In the preparation for a final analysis-ready dataset, study participants with complete data 

on baseline questionnaires and at least one pain data entry were selected. Therefore, 

10,584 of the total 13,207 ‘Cloudy’ app users were selected as the study cohort for analysis. 

Study engagement and retention was described in Figures 4.7 and 4.8.  

 

In addition, the study engagement was initially analysed in a cluster analysis for the first 6-

month recruitment period (January-July 2016), as described in detail elsewhere(253). The 

study engagement was relatively high, with 6,850 (65%) study participants remained in the 

study for the first month, and with 4,692 (44%) beyond the first month (not shown). In this 

cluster analysis using first-order hidden Markov models, within the range of median days of 

entry of 1-149, four clusters were observed – high (13.60%), moderate (21.76%), low 

(39.35%), and tourists (25.44%) (Figure 4.8)(250).  
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Figure 4.7 Study recruitment (top) and study retention (bottom) throughout the study period. The 

top figure (a) presented the cumulative recruitment (in black) and active participants remained in 

the period of study data collection (in blue), with the study end period highlighted for both 

recruitment (January 2017) and data collection (April 2017) respectively (in red dotted line). In 

bottom figure (b), using survival probability, active study participants retained in the study over time 

were outlined (in blue) 

Source: Adapted from Dixon WG, Beukenhorst AL, Yimer BB, et al(250) (used with permission under Creative Commons 

Attribution License) 
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Figure 4.8 Selected few study participants representing each cluster – tourists (in teal), low 

engagement (in green), moderate engagement (in purple), high engagement (in red) 

Source: Adapted from Druce KL, McBeth J, van der Veer SN, et al(253) (used with permission under Creative Commons 

Attribution License) 

 

 

4.5 Ethics Approval and Data Management 

Ethics approval for this study was obtained from the University of Manchester (Manchester 

Research Ethics Committee – ethics/15522) and the National Health Service (NHS) 

Integrated Research Application System (IRAS), UK – 23/NW/0716. The intellectual 

property agreement for this study remained with the research lead, Professor William Dixon, 

and the University of Manchester.  

 

In terms of the data management, the study data remained within the secured Information 

Technology (IT) environment provided by the University of Manchester IT services. I 

performed my study analyses both within the computer provided by the University of 

Manchester during my remote candidature period in Manchester, UK, and remotely via a 

secured Virtual Private Network (VPN)-based virtual computer with statistical support. No 
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data was removed or used in any form without permission during my research work for this 

thesis, except for exporting the statistical code scripts and study results specific to my study 

analyses. 

 

 

4.6 Methods 

4.6.1 Cohort and study period selection 

As discussed in Chapter 1, the natural history of chronic pain in patients with inflammatory 

RMD is mechanistically different from those with non-inflammatory RMD such as 

fibromyalgia. Furthermore, non-inflammatory chronic pain can co-exist in patients with 

inflammatory RMD, and commonly, fibromyalgia can develop in RA, due to both peripheral 

and central pain processing.  

 

Therefore, for my study, I used the final analysis-ready dataset, which included 10,584 

eligible study participants with complete data on baseline questionnaires and at least one 

pain data entry.  From this dataset, first, I selected study participants with a single chronic 

pain condition (i.e., no other concomitant chronic pain condition(s)). Specifically, from this 

cohort with single chronic pain condition, study participants with inflammatory (RA and SpA) 

and non-inflammatory (OA and chronic widespread pain/fibromyalgia (CWP/FM)) RMDs 

were selected. The purpose of such cohort selection with single pain condition of different 

inflammatory and non-inflammatory served for my hypothesis testing, which will allow the 

exploration of the patterns of daily pain trajectory and variability and to discuss the study 

findings accordingly with the natural history of pain in each RMD.  

 

Second, from this cohort with inflammatory and non-inflammatory RMDs, only those 

participants who remained in the study beyond the first 30 days and with pain data for the 

first 30 days were included as the final dataset for analyses. I censored the study duration 

to include only the first 30-day period based on results of the previous study of engagement 
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and retention in Cloudy with a Chance of Pain, as outlined in the previous subchapter(253). 

This previous study demonstrated the decline in the frequency of data entry after the first 

one month and therefore, for my study, the choice of 30-day duration for the analyses is a 

pragmatic solution for having a sufficiently long period to test my study hypotheses and to 

optimise data completeness(253).  

 

4.6.2 Baseline demographics 

During my remote candidature period in the UK, and when I was involved with the research 

team for the primary analyses of Cloudy with a Chance of Pain study, I was involved in the 

data cleaning process for the baseline questionnaires, as outlined in the file attached in 

Appendix A. 

 

For my study, from the data subset of participants with inflammatory (RA and SpA) and non-

inflammatory (OA and CWP/FM) RMDs, I extracted their baseline demographics from the 

final analysis-ready dataset, which included the number of eligible participants for each 

condition, and their age (in years) and gender. Self-reported pain sites and medications 

were described as well.  

 

4.6.3 Pain level as the outcome measure of interest 

In this exploratory work, I aimed to examine the long-term and short-term day-to-day pain 

variability in individuals across inflammatory and non-inflammatory RMDs. The daily pain 

severity was included as the primary outcome of interest for both the multilevel and Markov 

transition models. Although the pain severity data was reported in an ordinal 5-point scale 

(1 – no pain, 2 – mild pain, 3 – moderate pain, 4 – severe pain, 5 – very severe pain), I have 

treated this outcome variable as a continuous variable specifically in the multilevel model, 

which is an important study limitation to note.  
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Prior to this, I had explored the nature of the other data items related to the daily pain 

symptoms reported by study participants in the Cloudy with a Chance of Pain study and I 

described the results as the proportions of each 5-point scale for each data item (fatigue, 

morning stiffness, impact of pain, sleep quality, time spent outside, waking up feeling tired, 

physical activity, mood, and wellbeing), as shown in Appendix B.  

 

4.6.4 Statistical methods 

For the descriptive data on the baseline demographics, the continuous variables were 

summarised as mean with standard deviation, and the categorical variables were 

summarised as absolute numbers and proportions as percentages.  

 

Distribution of pain level 

Across all RMDs, for the first 30 days, mean pain scores and proportions for each pain level 

reporting were visually summarised in a trajectory line plot and a stacked bar chart 

respectively.  

 

Multilevel model 

Specific to my dataset, across different timepoints (level 1), there were repeated measures 

of pain level of varying intensity for each study participant (level 2) across different RMDs, 

also known as a hierarchical/multilevel data structure, as illustrated in Figure 4.9.  

 

In detail, these individuals were selected based on their pain conditions and some 

individuals might share the same type of pain trajectory through time, and more importantly, 

these individuals with similar characteristics of their pain trajectories might be nested within 

the same category of either inflammatory or non-inflammatory RMD. 
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Figure 4.9 An illustrated example of individuals with RA and their corresponding repeated 

measures of pain (level 2) at different timepoints (level 1) in a multilevel model 

 

Initially, I performed a visual analysis to examine these pain trajectories for individuals with 

different RMDs, as shown in Figure 4.10. In this illustrated example of a ‘spaghetti’ plot 

(essentially a scatterplot with linked data points at each timepoint of measurement) of 

individuals with RA, I mapped out the population-level mean pain trajectory (highlighted in 

green line) and the individual-level fitted mean pain trajectories (highlighted in grey lines). 

As shown in Figure 4.10, as we examine these grey lines in greater detail, there were 

different types of individual-level pain trajectories, and furthermore, these individuals 

contributed their pain data at different timepoints. In my exploratory study, with the 

assumption of normally distributed data, the multilevel model (MLM) (also known as the 

linear mixed model) is the most suitable statistical model to analyse such longitudinal pain 

data provided at irregular timepoints of measurement. 
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Figure 4.10 An illustrated example of a pain trajectory line plot of individuals with RA over the first 

30 days. This plot shows population-level mean pain trajectory pattern over time (in green line) and 

raw data of individual-specific mean pain trajectories (in grey lines) 

 

In MLM, such hierarchical data structure was applied in the model, with the assumption that 

an individual’s pain responses over time were inter-correlated. This model is used to 

examine both the between-individual and within-individual data, which contains fixed and 

random effects(256). Specifically, the fixed effects refer to the population-level between-

individual effects, and the random effects refer to the individual-specific effects. For 

instance, as seen in Figure 4.10, the population-level intercept is the initial pain level (the 

start of the green line) and the population-level slope is the average pain trajectory over 

time. However, to examine the individual-specific pain trajectories in my study (the grey 

lines in Figure 4.10), as we have multiple individuals with pain data contributed at different 

timepoints, both random intercept for study participant and a random effect for time (also 

known as slope) were required in my MLM model.  

 

Additionally, the MLM allowed the residual components at each level of the hierarchical data 

structure to be examined further. For instance, as shown earlier in Figure 4.9 illustrating a 

two-level model, this type of MLM allowed the analysis of grouping of pain outcomes across 

different timepoints within study participants, therefore generating residuals at the pain level 

(Level 1) and the individual level (Level 2). Within the MLM, the residual variance is stratified 

into a between-individual component (the variance of the individual-level residuals) and a 
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within-individual component (the variance of the pain-level residuals) and as a result, the 

‘unobserved’ individual characteristics that affect the pain level over time was defined as 

the between-individual residuals, also known as the ‘individual effects’. Such unobserved 

variables were instrumental to assess the correlation between outcomes for pain level from 

the same individual, which was not possible with a traditional fixed effect model. Next, I 

present a step-by-step MLM approach in my study. 

 

In my exploratory analysis, I initially performed both null (i.e., fixed effect) and random 

intercept models for comparison of different models examined, and to ensure that the data 

that I used for my study was applicable using the MLM method. Next, a random slope model 

was applied to examine the long-term pain variability across individuals with inflammatory 

and non-inflammatory RMDs, considering the differences in the starting pain level (i.e., 

varying intercept) and the change in pain over time (i.e., varying slope), as well as 

simultaneous comparison to the population-averaged pain trajectory within the cohort. This 

model of choice, although with the assumption of linear change in time, is sufficient to 

address my study questions, given the pre-defined period of subset of pain severity data 

selected for my this exploratory work.  

 

The random intercept and slope model formula is outlined below: 

𝑝𝑎𝑖𝑛𝑖𝑗 = 𝛽0 + 𝛽1𝑡𝑖𝑚𝑒𝑖𝑗 + 𝑢0𝑗 + 𝑢1𝑗𝑡𝑖𝑚𝑒𝑖𝑗 + 𝑒𝑖𝑗 

• 𝑝𝑎𝑖𝑛𝑖𝑗 represents the pain response at timepoint measurement i (i = 1,...,T) for 

individual j (j = 1,....,n) 

• 𝛽0 represents the population-level intercept (averaged across individuals), which is 

the expected value of pain at 𝑡𝑖𝑚𝑒𝑖𝑗 = 0 

• 𝛽1 represents the regression slope of y on time (which is the growth rate) and in a 

random slope, it considers a varying growth rate (varying slope) at 𝑡𝑖𝑚𝑒𝑖𝑗 
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• 𝑢0𝑗 represents the individual-specific random intercept for individual j, and its 

variance is the between-individual variance in pain after accounting for the linear 

effect of time 

• 𝑢𝑖𝑗 represents the individual-specific random slope for individual j at varying growth 

rate (varying slope) at 𝑡𝑖𝑚𝑒𝑖𝑗 

• 𝑒𝑖𝑗  represents the occasion-specific (time-varying) residual, and its variance is the 

within-individual variance in pain after accounting for the linear effect of time  

 

It is important to note that the model assumed that the effect of time on the change in day-

to-day pain was linear, which is an important study limitation to note. Additionally, the 

𝑡𝑖𝑚𝑒𝑖𝑗 = 0 represented the day of enrolment for the study participants and did not 

necessarily reflect the timepoint with regards to their RMDs such as disease onset or 

treatment/intervention.  

 

In this MLM approach, the random effects represent varying distribution of pain trajectories 

when comparing to the population-level average pain. For instance, some individuals might 

report higher level of pain and the others might report lower level of pain when compared 

to the population-level average pain. Additionally, some individuals could have steeper or 

shallower trajectories than the population average. To include such individual-specific 

differences in their pain levels (the extent of each individual deviates from the average and 

the variance between individuals), the model assumed that the individual-specific 

differences in pain level at baseline 𝑡𝑖𝑚𝑒𝑖𝑗 = 0 followed a normal distribution with a mean 

of 0 (50% above average and 50% below average). By using this MLM approach, I was 

able to explore the extent of change in pain over time across different RMDs by examining 

the correlation between individual-specific intercept and individual-specific slope. For 

instance, some individuals with higher initial pain level ended with faster rate of change in 

pain over time (steeper trajectory) and some individuals with lower initial pain level ended 
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with slower rate of change in pain over time (shallower trajectory) and therefore, resulting 

in a negative correlation coefficient between the intercept and the slope.  

 

To illustrate my study findings from this MLM approach, the random intercept and slope 

model output was presented in a slope-intercept plot. As an example for the interpretation 

of the results, I present a step-by-step description of my study results for each RMD as seen 

in Figure 4.11, which represents a slope-intercept plot of pain variability in individuals with 

RA.  

 

 

Figure 4.11 An illustrated example of a slope-intercept plot of pain in individuals with RA. In detail, 

the smaller figure (top left) showed individual pain trajectories (in grey line) a larger figure (in the 

centre) showed the slope-intercept plot  

 

In Figure 4.11, within the slope-intercept plot, each small circle represented an individual 

with RA.  The red vertical line represented the population-averaged pain score at baseline, 

with the red arrows pointing to the left or the right as the varying intercepts, representing 

either lower or higher than average pain at baseline respectively. Horizontally, the blue line 

represented the population-averaged growth curve of pain with time, with the blue arrows 

pointing up or down as the varying slopes, representing either increasing or decreasing pain 

with time respectively. This 4-quadrant slope-intercept plot allowed the examination of 

individuals with different pain at baseline and with different pain trajectories with time. For 
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instance, the top right quadrant in the slope-intercept plot (dashed green lined box) included 

individuals with higher-than-average pain at baseline and with increasing pain over time. In 

the Results section of this chapter, I will present these slope-intercept plots for each RMD 

analyses in my study, as well as the predicted population-level pain trajectories for each 

RMD. 

 

This MLM modelling analysis was performed using the lme4 package in R Statistical 

Software (v3.6.2; R Core Team 2021)(257). The statistical code scripts and the MLM model 

output (null, random intercept, random slope) and model selection were described in detail 

in Appendix C.  

 

Markov transition model 

Given the 5-point ordinal score of the pain level in the study, assuming that the future pain 

level is dependent on the current pain level, I applied a single sequence, first-order Hidden 

Markov model (HMM) or Markov transition model in examining the short-term pain variability 

in individuals with inflammatory and non-inflammatory RMDs. 

 

In general, HMM is based on the Markov chain process, first introduced by Andrei 

Andreyevich Markov (1856-1922), which describes a stochastic transition process of which 

the future state is dependent on the present state, considering the periodicity and 

recurrence of the states(258, 259). Such probabilistic analytical approach is appropriate to 

examine the likelihood of change in pain states in my study, and as I aimed to examine the 

effect of lag difference in time of 1 (i.e., comparison of current pain state to the pain state 

one day prior), I applied the first-order HMM in my analysis.  

 

The model output was presented in a heatmap transition plot. As an example for the 

interpretation of the results using the HMM approach, I present a step-by-step description 

of my study results for each RMD as seen in Figure 4.12, which represents a heatmap 

transition plot of one single level of day-to-day transition between pain states (short-term 
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pain variability) in individuals with CWP/FM. In this heatmap plot, only the ‘very severe’ pain 

level transition probability was described.  

 

 

Figure 4.12 An illustrated example of a heatmap transition plot of a single transition matrix 

between pain states in individuals with CWP/FM. In this heatmap plot with varying colour shades, 

lighter shade indicates low probability of staying in the same pain state and darker shade indicates 

high probability of staying in the same pain state. 

 

In Figure 4.12, focusing on a single transition matrix of 1-5 (none-very severe) ordinal pain 

level, the lighter shade corresponded to a lower probability of transitioning between pain 

states and the darker shade corresponded to a higher probability of transitioning between 

pain states. In this example of individuals with CWP/FM, there were higher proportions of 

individuals in the 'very severe' pain state, having transitioned from a 'very severe' pain state 

prior. In the Results section of this chapter, I will present these heatmap transition plots for 

each RMD analyses in my study.  

 

This analysis was performed using the seqHMM package in R Statistical Software (v3.6.2; 

R Core Team 2021)(260). The statistical code scripts and the Markov transition model output 

were described in detail in Appendix C.  
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Pain fluctuation 

In addition to the HMM analysis, the day-to-day pain fluctuations (the magnitude of either 

increase or decrease in pain level) were also summarised across all conditions as 

proportions, which I presented the results in stacked bar chart. Based on a previous pain 

flare definition analysis on Cloudy dataset by Beukenhorst and colleagues, I presented my 

pain fluctuation analysis as the absolute change and significant change of pain from 

yesterday – either an increase in pain by +2 (e.g., none → moderate) and +4 (e.g., none →  

very severe) or a decrease in pain by -2 (e.g., moderate → none) and -4 (e.g., very severe 

→ none)(261). No change in pain level from yesterday was specified by a value of 0 in my 

analysis.  

 

 

4.7 Results 

Baseline demographics for individuals across different RMDs were described in Table 4.2. 

Of the total of 1,189 included study participants, they were predominantly female and aged 

between 40 and 60 years old. A younger age groups of participants were seen in those with 

SpA and CWP/FM. 

 

Higher proportions of reported pain sites resembling the typical patterns of joint involvement 

for RA, SpA and OA were observed (highlighted in bold for each condition), with 

paracetamol and NSAIDs being commonly used across these conditions (highlighted in bold 

for each condition) (Table 4.2). In contrast, higher proportions of varying reported pain sites 

were seen in those with CWP/FM, and similarly, with a wider range of pain medications 

being used more commonly (highlighted in bold) (Table 4.2). 

 



  
Rheumatoid arthritis (RA) Spondyloarthritis (SpA) Osteoarthritis (OA) Chronic widespread 

pain/fibromyalgia (CWPFM) 

N of participants 425 100 409 255 

Female gender (%) 354 (83.3) 65 (65.0) 340 (83.1) 228 (89.4) 

Age: mean (SD) 49.17 (11.70) 44.90 (11.96) 57.01 (10.65) 41.44 (10.89) 

PAIN SITE 

Head (%) 21 (4.9) 9 (9.0) 13 (3.2) 70 (27.5) 

Face (%) 6 (1.4) 2 (2.0) 4 (1.0) 37 (14.5) 

Mouth/jaw (%) 59 (13.9) 13 (13.0) 14 (3.4) 71 (27.8) 

Neck/shoulder (%) 231 (54.4) 64 (64.0) 151 (36.9) 157 (61.6) 

Back (%) 122 (28.7) 88 (88.0) 186 (45.5) 165 (64.7) 

Abdomen (%) 20 (4.7) 11 (11.0) 15 (3.7) 64 (25.1) 

Hip (%) 175 (41.2) 57 (57.0) 207 (50.6) 150 (58.8) 

Knee (%) 251 (59.1) 45 (45.0) 282 (68.9) 149 (58.4) 

Hands (%) 324 (76.2) 40 (40.0) 215 (52.6) 132 (51.8) 

Feet (%) 267 (62.8) 35 (35.0) 147 (35.9) 112 (43.9) 

Multi-site (%) 197 (46.4) 41 (41.0) 67 (16.4) 169 (66.3) 

All over body (%) 45 (10.6) 5 (5.0) 13 (3.2) 121 (47.5) 

MEDICATION 

No analgesia (%) 38 (8.9) 7 (7.0) 35 (8.6) 14 (5.5) 

Paracetamol (%) 182 (42.8) 38 (38.0) 220 (53.8) 118 (46.3) 

NSAIDs (%) 270 (63.5) 75 (75.0) 261 (63.8) 133 (52.2) 

Other simple analgesia (%) 124 (29.2) 22 (22.0) 114 (27.9) 86 (33.7) 

Weak opioids (%) 93 (21.9) 25 (25.0) 101 (24.7) 107 (42.0) 

Strong opioids (%) 30 (7.1) 13 (13.0) 26 (6.4) 29 (11.4) 

Neuropathic pain agent (%) 22 (5.2) 13 (13.0) 31 (7.6) 108 (42.4) 

Other analgesia (%) 10 (2.4) 1 (1.0) 25 (6.1) 47 (18.4) 

Table 4.2 Baseline demographics across individuals with inflammatory (RA and SpA) and non-inflammatory (OA and CWP/FM) RMD



From a total of 23,470 daily pain scores in this cohort, and with a median days of data entry 

of 26 (IQR 21-30), participants with CWP/FM had the highest mean pain score of 3.041.03 

and the highest proportion of moderate to very severe pain reporting, with nearly 70% of 

these participants reporting moderate to very severe pain (Figures 4.13 and 4.14).  

 

Compared to those with RA, who had the least mean pain score of 2.500.98 and the lowest 

proportion of moderate to very severe pain reporting (46%), the mean pain scores were 

slightly higher in those with SpA and OA (2.730.98 and 2.600.95 respectively), 

corresponding to their proportions of moderate to very severe pain reporting (57% and 51% 

respectively) (Figures 4.13 and 4.14). 

 

 

Figure 4.13 Mean pain scores for the first 30-day period for individuals with RA, SpA, OA, and 

CWP/FM 
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Figure 4.14 Proportion of pain severity reporting for the first 30-day period for individuals with RA, 

SpA, OA, and CWP/FM 

 

In the MLM, from the population level, as shown in Figure 4.15, across all conditions, there 

were steeper time-based improvements in pain for individuals reporting higher initial pain 

scores.  

 

Figure 4.15 Predicted population-level mean pain trajectories for individuals with RA, SpA, OA, 

and CWP/FM 
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From the individual level, as illustrated in the slope-intercept plots, across all conditions, the 

long-term change in pain was significantly different between individuals (represented by the 

circles in the slope-intercept plot for each condition) (Figure 4.16). Negative correlation 

coefficients were seen across all conditions from the random slope model, which 

corresponded to the time-based improvements in pain for individuals reporting higher initial 

pain scores (Figure 4.16). 

 

In the Markov transition model, as shown in Figure 4.17, across all conditions, similar 

‘diagonal’ patterns of darker shades (represented by the diagonal arrows in the heatmap 

plot) were observed, which indicated the highest probability of staying in the same pain 

states and minimal variation in day-to-day change in pain states. Of note, in CWP/FM, 56% 

of those in the ‘very severe’ pain state stayed in that pain state with minimal day-to-day 

variation (indicated by the highlighted area in the heatmap plot for CWP/FM on the bottom 

right of Figure 4.17).  

 

Across all conditions, there were no day-to-day fluctuations in pain state in 50% of days, 

although an increase in pain level was observed in 25% of days, with a 2-point increase in 

pain level or more observed in 4% of days (Figure 4.18). 

 

 



 

 

Figure 4.16 Pain trajectory plot (left panel for each condition) and slope-intercept plot (right panel for each condition) with correlation coefficients of long-term 

change in pain over time for individuals with RA, SpA, OA, and CWP/FM. Of note, negative correlation coefficients were seen across all RMDs. 



 

Figure 4.17 Heatmap plot with transition probabilities indicated in each matrix for individuals with RA, SpA, OA, and CWP/FM. Similar diagonal patterns of darker 

shades were seen across all conditions (arrow) and in CWP/FM, 56% stayed in the ‘very severe’ pain state from yesterday’s pain state (yellow box)
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Figure 4.18 Proportion of pain fluctuation reporting for the first 30-day period for individuals with 

RA, SpA, OA, and CWP/FM 

 

 

4.8 Discussion 

In Cloudy with a Chance of pain study, by harnessing citizen scientist-generated daily pain 

symptom data using smartphones, I was able to examine patterns of day-to-day pain 

variability in individuals with inflammatory (RA and SpA) and non-inflammatory (OA and 

CWP/FM) RMDs. These analyses of pain variability were achieved using intensive 

longitudinal methods, of which I applied both multilevel model and Markov transition model 

to examine long-term and short-term pain variability respectively.  Three important key study 

findings were identified in these analyses, which are next discussed in detail. 

 

4.8.1 Key finding 1: Highest mean pain level and highest 

proportions of moderate-very severe pain reporting were seen in 

individuals with CWP/FM 

Using more than 23,000 daily pain scores over the first 30-day period, and excluding other 

confounding comorbid pain condition, individuals with CWP/FM reported both the highest 
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mean pain level of 3.041.03 and proportions of moderate-very severe pain reporting 

(70%), followed by those with SpA, OA, and RA (mean pain level of 2.730.98, 2.600.95 

and 2.500.98 respectively; proportions of moderate moderate-very severe pain reporting 

of 57%, 51% and 46% respectively).  

 

Evidently in CWP/FM, as seen in the Markov transition model, more than half of those in 

the ‘very severe’ pain state remained in that pain state with significantly minimal day-to-day 

variation in pain states. Such findings represent the common symptomatology experienced 

by individuals with either chronic widespread pain or fibromyalgia(48, 262). Amplification of 

pain in FM, typically coming from both nociceptive pain processing and central 

hypersensitisation, is a unique feature that distinguish these individuals from the others in 

this study(48, 262). 

 

4.8.2 Key finding 2: Patterns of pain improvement in individuals 

with higher initial pain level were seen across all conditions 

In this study, based on the pain trajectory plots generated across different single-disease 

RMDs, despite starting at higher pain level, patterns of improvement in pain were seen 

across all conditions. In research involving repeated data analysis, regression to the mean 

is a common statistical phenomenon of observing true change in the natural progression of 

repeated measurements, especially in dataset with random measurement error and also 

with random fluctuations of the follow-up outcome measure derived from a subset of data 

chosen using a baseline value(263, 264). In my study, in the context of using a mobile app to 

enter data items relating to pain, it is plausible that the included study participants were 

likely to have worst pain at the time of joining the study, and their pain might start to settle 

as time progressed. In this case, regression to the mean is a plausible explanation of these 

downtrending pain trajectories, given that participants could join in the Cloudy study at any 

timepoint regardless of the timing of their disease process. 
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4.8.3 Key finding 3: The volatility of changing pain states was 

comparable across all conditions 

By using all the daily data points in the Markov transition analysis, we observed that the 

probability was highest in those remaining in the same pain states from yesterday, indicating 

minimal day-to-day variation in pain states. Similarly, from the day-to-day pain fluctuation 

plots, we did not see frequent absolute change in pain level from yesterday, either 2-point 

or 4-point increase and decrease in pain. The volatility of change in pain states was 

relatively stable and comparable across all conditions, suggesting the possibility of no 

difference in flare periods. Of note, in CWP/FM, more than 50% remained in the same ‘very 

severe’ pain state with minimal day-to-day transition, indicating the magnitude of chronicity 

of high pain in this condition. 

 

4.8.4 Strengths and limitations 

In this study, despite restricting the dataset to a 30-day period for these analyses, patterns 

of day-to-day pain variability were well described using both modelling approaches – the 

MLM and the Markov transition model. This exploratory study of pain variability forms the 

basis of concise understanding in the dynamic process of pain response across different 

RMDs using intensive longitudinal methods. In addition, the MLM approach allows the 

integration of both between-individual and within-individual components in the analysis of 

pain trajectories.  

 

Nevertheless, there were some limitations in this study. First, female predominance was 

seen in my study cohort, and therefore, the study results were more likely to represent the 

female cohort with the RMDs analysed. Second, Cloudy with a Chance of Pain study was 

designed as a citizen science research study and objective measures of disease activity 

were not available. As a result, the severity of the disease in this study is largely unknown 

and it was not possible to ascertain the corresponding disease activity to the individual’s 

pain trajectory or changing pain states. Nevertheless, this smartphone study has shown us 
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the success of a large-scale recruitment of study participants and prospective daily patient-

generated health data collection using  the ‘Cloudy’ mHealth app for symptom capture. Such 

real-time symptom tracking in mHealth is a promising future for self-management and self-

monitoring of pain in RMDs, with many possibilities of early identification of concerning flare 

periods or worsening pain in real-time and a window of opportunity to intervene, when 

correlating these symptom data with clinical assessment and other objective disease 

activity measures(190). Third, the study cohort selection for my analysis was considered near-

complete cases, with an average of 2 out of 30 days of missing data per individual. 

Therefore, in my study analysis, study findings were limited to a short period, with a balance 

to minimise data missingness. Future study may further validate these study findings by 

using the full dataset along with multiple imputations in handling the missing data. Fourth, 

as highlighted in the Methods section in this Chapter, in the MLM, the effect of time on day-

to-day change in pain was considered as linear or fixed. Such limitation of assuming a stable 

or linear rate of change is worth highlighting, as this may not be necessarily true for different 

rates of change in pain that may vary at different timepoints even for the same individual. 

Alternative repeated measures analytical approaches such as polynomial trends in time, 

regression spline, orthogonal polynomial, and fractional transformations have been 

considered in delineating the non-linear effect of time on changes in pain, which is beyond 

the scope of this exploratory study(233, 265-270). They are, however, being explored further by 

others using this dataset. Fifth, due to the simplistic Markov transition modelling approach 

in my study, other contextual factors influencing the change in pain states were not 

examined (e.g., sleep, mood, physical activity, medication use). Local within-individual 

probability of pain state transition was not examined in this study, and alternative 

Markovian-based model of Bayesian dynamic time series may be required. 

 

4.8.5 Contribution as co-author in the primary publications 

In the Appendix D of this thesis, I have included three primary publications derived from 

Cloudy with a Chance of Pain. I was included as one of the co-authors for these publications 
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as I was involved in the work leading up to these publications during my initial remote 

candidature period. Apart from contributing to the study analysis, interpretation of the study 

results and the drafting of these publications, I also assisted in preparing the supplementary 

materials with Dr Anna Beukenhorst, Dr Belay Birlie Yimer and Dr Jamie Sergeant.  

 

These publications include: 

• Dixon, W.G., Beukenhorst, A.L., Yimer, B.B., Cook, L., Gasparrini, A., El-Hay, T., 

Hellman, B., James, B., Vicedo-Cabrera, A.M., Maclure, M., Silva, R., Ainsworth, J., 

Pisaniello, H.L., House, T., Lunt, M., Gamble, C., Sanders, C., Schultz, D.M., 

Sergeant, J.C., McBeth, J. How the weather affects the pain of citizen scientists 

using a smartphone app. NPJ Digital Medicine, 2019; 2:105. 

doi.org/10.1038/s41746-019-0180-3 [Published] 

• Schultz, D.M., Beukenhorst, A.L., Yimer, B.B., Cook, L., Pisaniello, H.L., House, 

T., Gamble, C., Sergeant, J.C., McBeth, J., Dixon, W.G. Weather Patterns 

Associated with Pain in Chronic-Pain Sufferers. Bulletin of the American 

Meteorological Society (BAMS), 2020; 101(5). doi/org/10.1175/BAMS-D-19-0265.1 

[Published] 

• Yimer, B.B., Schultz, D.M., Beukenhorst, D.M., Lunt, M., Pisaniello H.L., House, T., 

Sergeant, J.C., McBeth, J., Dixon, W.G. Heterogeneity in the association between 

weather and pain severity among patients with chronic pain: a Bayesian multilevel 

regression analysis. Pain Reports, 2022;7doi.org/10.1097/PR9.0000000000000963 

[Published] 

 

I have highlighted this valuable learning experience in epidemiology and research skills in 

a lay summary presented on the Arthritis Australia website (previous award recipient) 

following the receipt of the overseas fellowship award (Ken Muirden Overseas Training 

Fellowship funded by the Australian Rheumatology Association, ARA) which funded this 

opportunity (Appendix E). 
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4.9 Summary 

Cloudy with a Chance of Pain was a successful citizen-scientist study examining the 

weather-pain relationship using smartphones. In this study analysis I presented using a 

subset of the Cloudy with a Chance of Pain data over the first 30-day period, there were 

several key study results generated when examining the day-to-day pain trajectory and pain 

variability among individuals across different RMDs.  

 

Main findings include: 

• In comparisons to individuals with SpA, OA and RA, highest mean pain level and 

highest proportions of moderate-very severe pain reporting were seen in individuals 

with CWP/FM 

• In those with CWP/FM, those with a ‘very severe’ pain state remained in the same 

pain state from yesterday and had minimal change in day-to-day pain state 

• In the multilevel model, patterns of pain improvements in individuals, despite starting 

at higher pain level, were seen across all conditions (RA, SpA, OA, and CWP/FM), 

with regression to the mean as a plausible explanation of this study finding 

• In the Markov transition analysis, highest probability of staying in the same pain 

states from yesterday was seen across all conditions (RA, SpA, OA, and CWP/FM). 

Similarly, from the day-to-day pain fluctuation plots, there was minimal absolute 

change in pain level from yesterday, defined as 2-point or 4-point increase and 

decrease in pain. These findings suggest that the volatility of changing pain states 

was minimal and comparable across all conditions (RA, SpA, OA, and CWP/FM), 

suggesting no difference in flares 

• This study provides the opportunity to use intensive longitudinal methods to analyse 

day-to-day pain variability in RMDs by harnessing large dataset of pain symptoms, 

albeit the selection of the first 30-day study period for data completeness and 

evidence of participant attrition in the previous study 
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Summary of Section 2 

Section 2 presents the results of chapters 3 and 4, which address the second research 

question in this thesis in terms of discussing the benefits and challenges of harnessing 

digitalised health-related data and the use of intensive longitudinal methods in examining 

long-term and short-term day-to-day pain variability across different RMDs using a daily 

pain data derived from a UK-based smartphone study, Cloudy with a Chance of Pain. 

 

Specifically, the narrative review in chapter 3 highlights the importance of governance in 

data protection, consent, and ownership as we continue to see the ever-rising digitalised 

health-related data collection, use, and application in clinical practice and research. 

 

In chapter 4, using both multilevel model and Markov transition model to analyse the day-

to-day pain variability across different RMDs for a subset data of Cloudy with a Chance of 

Pain, study results have shown patterns of pain improvement for individuals with higher 

initial pain scores and minimal change in day-to-day pain states across all conditions, 

suggesting minimal day-to-day pain fluctuation. Such study results highlight the advantages 

of using this modelling approach to examine the extent of pain variability over time, 

however, the magnitude of response shift of pain over time is not clear. The original intention 

of Cloudy with a Chance of Pain study is to examine the association of pain and weather, 

and therefore, the dataset has limitations with further exploration of important pain-related 

health outcome measures. Additionally, persistent pain in those with inflammatory RMDs 

may not be evident in the current analysis presented in Chapter 4, given the lack of 

supporting disease-related outcome measures. Nevertheless, the analytical approach and 

key study findings from this work presented in Chapter 4 have formed the stepping stone to 

my pain trajectory work in RA, which are presented in Section 3 of this thesis. In the next 

section, the impact of pain trajectories in RA are closely examined, in the setting of 

identifiable subgroups of different pain trajectories using clustering methods. In Chapter 5, 

the trajectory of DAS28 in an early RA cohort is examined using the clustering method, 
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followed by analyses of the identified trajectory subgroups of the treatment characteristics, 

disease progression, and the sociodemographic factors. In Chapters 6 and 7, in an 

established RA cohort derived from a national biologic DMARD registry, I extend the 

analysis into a multi-trajectory analysis of different pain-related health outcomes and the 

associations with treatment characteristics, sociodemographic factors, comorbidities, 

hospitalisations and mortality rates. 
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Section 3: The Attributable Burden of 

Persistent Pain in Rheumatoid Arthritis 

(RA) 

Overview of Section 3 

Section 3 of this thesis consist of three chapters, chapters 5, 6, and 7, which address the 

final research question of this thesis in identifying at-risk individuals with persistent pain in 

RA, and in exploring the impact of persistent pain on medication use and important health 

outcomes in RA, such as hospitalisation events, mortality risk, and causes of death. 

 

In chapter 5, the study aimed to utilise the DAS28-P index, a derived proportion of the 

patient reported components within the DAS28, to identify distinct subgroups of individuals 

with early RA having different trajectories of the DAS-28P index over 1 year. By using these 

trajectory subgroups, predictors of treatment response to DMARD therapy were explored 

in this cohort. 

 

Chapters 6 and 7 present the work done using the Australian Rheumatology Association 

Database (ARAD), a national registry of study participants with inflammatory arthritis and 

monitoring of treatment safety and patient reported outcomes. In chapter 6, first, using a 

discrete mixture modelling approach, distinct multi-trajectory subgroups of five different self-

reported pain-related health outcomes were identified over a 15-year follow-up period. Next, 

using these trajectory subgroups as predictors, the study aimed to examine the associations 

of these trajectory subgroups with their corresponding baseline demographics, 

sociodemographic indicators, comorbidities, and medication use. In chapter 7, the study 

presented is an extension of chapter 6. Using similar clustering method of identifying distinct 

multi-trajectory subgroups of pain-related health outcomes, the study presented in this 

chapter aimed at examining the associations of these identified trajectories of pain-related 

health outcomes with hospitalisation events, mortality risk, and causes of death. 
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Chapter 5: DAS28-P Index as a 

Discriminatory Measure of Treatment 

Response in Early RA 

5.1 Preface 

The research work presented in this chapter addresses the research question of utilising 

disease activity score, and in this case, of the DAS28-P index, to identify distinct trajectories 

over 1 year in an early RA cohort.  By using these trajectory subgroups as predictors, the 

effect of DAS28-P index on treatment response to DMARD therapy was examined. 

 

This study is presented in a manuscript format in this chapter, as it has been published in a 

peer-reviewed journal, BMC Rheumatology, as: 

 

Pisaniello, H.L., Whittle, S.L., Lester, S., Menz, F., Metcalf, R., McWilliams, L., Hill, C.L., 

Proudman, S. Using the derived 28-joint disease activity score patient-reported components 

(DAS28-P) index as a discriminatory measure of response to disease-modifying anti-

rheumatic drug therapy in early rheumatoid arthritis. BMC Rheumatology, 2022; 

6:67. doi.org/10.1186/s41927-022-00299-3 

 

The Statement of Authorship is included. To end, I present the chapter summary from this 

study. 
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5.2 Dataset: Early Rheumatoid Arthritis Cohort 

The Early Rheumatoid Arthritis Cohort is a prospective cohort derived from a double-blind, 

randomised controlled trial (RCT) in examining the effects of fish oil in RA, and the original 

study protocol is outlined here in detail(271). 

 

5.2.1 Study participants 

Consecutive patients presenting with recent-onset polyarthritis to the Early Arthritis Clinic 

at the Royal Adelaide Hospital (RAH), South Australia, Australia were screened. The 

eligibility for study participation was performed by the principal investigator between 

September 2001 and December 2008. 

 

Inclusion criteria: 

• Aged 18 years or older 

• Diagnosis of RA according to the 1987 revised American College of Rheumatology 

(ACR) criteria(272) 

• Symptoms of polyarthritis of <12 months’ duration, with a swollen joint count (SJC) 

3, a tender joint count (TJC) 6, an erythrocyte sedimentation rate (ESR) 

>28mm/hour, and/or C-reactive protein (CRP) >10mg/dL  

• DMARD-naive 

• Written informed consent was obtained 

 

Exclusion criteria: 

• DMARD use other than anti-malarials 

• Use of anti-malarials for more than 1 month 

• Recent seroconversion to parvovirus, Ross River, Barmah Forest, or rubella viruses 

• History of positive anti-nuclear antibody (ANA) with titre 1:320 

• History of positive hepatitis B, hepatitis C, or human immunodeficiency virus (HIV) 
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• Known sensitivity to methotrexate, sulphasalazine, or hydroxychloroquine 

• History of systemic disease likely to increase the risk of toxicity to 1 or more of these 

DMARDs  

 

Study approval was obtained from the RAH Research Ethics Committee. Eligible study 

participants provided their written informed consent. This study was registered under the 

Australian New Zealand Clinical Trials Registration number ACTRN12613000579796. 

 

5.2.2 Study screening process 

A total of 187 consecutive patients attending the Early Arthritis Clinic were screened for 

eligibility between September 2001 and December 2008. Of 187 patients screened, 12 

eligible patients originated from The Queen Elizabeth Hospital clinics and the remaining 

175 eligible patients were recruited from the RAH clinics. All 187 patients were evaluated 

by the RAH metrologist who did not change for the whole study duration. 

 

Of these 187 participants, 32 participants did not fulfil the eligibility criteria due to various 

reasons: failure to fulfil the ACR criteria for RA, were not DMARD-naïve, absence of active 

disease, and inability to provide informed consent. An additional 15 participants fulfilled the 

eligibility criteria but declined to participate in the study due to various reasons: through 

choice, planned pregnancy in the next 2 months, or died before study enrolment. In total, 

140 participants were subsequently randomised to receive either high dose fish oil or low 

dose fish oil. Figure 5.1 illustrates the screening process derived from the original paper(271). 

 

Study cohort selection specific to my study presented in this chapter is discussed in detail 

in the published article. 
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Figure 5.1 Recruitment and eligible study cohort selection process for Early Arthritis Clinic in a flow 

chart   

Source: Adapted from Proudman SM, James MJ, Spargo LD, et al(271) (used with permission under Creative Commons 

Attribution License) 
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RESEARCH

Using the derived 28-joint disease activity 
score patient-reported components (DAS28-P) 
index as a discriminatory measure of response 
to disease-modifying anti-rheumatic drug 
therapy in early rheumatoid arthritis
Huai Leng Pisaniello1,2*  , Samuel L. Whittle2,3, Susan Lester2,3, Fiona Menz4, Robert Metcalf5, Leah McWilliams5, 
Catherine L. Hill1,2,3,5 and Susanna Proudman1,5 

Abstract 

Background: The 28-joint disease activity score (DAS28) is a widely used measure to assess disease activity in rheu-
matoid arthritis (RA). The DAS28-P index, a derived proportion of the patient-reported components (joint tenderness 
and patient global assessment) within the DAS28, has been utilized as a discriminatory measure of non-inflammatory 
pain mechanisms in RA. This study aimed to evaluate the use of the DAS28-P index as a predictor of treatment 
response in early RA.

Methods: Patients with early RA enrolled in a supplemental fish oil clinical trial received a combination of disease-
modifying anti-rheumatic drugs (DMARDs) according to a ‘treat-to-target’ protocol. First, consecutive measures of the 
DAS28-P index, derived from the DAS28-erythrocyte sedimentation rate (DAS28-ESR), at each visit over a 1-year period 
were estimated for each patient. Then, distinct subgroups of treatment responders based on the trajectories of the 
DAS28-P indices were identified using bivariate k-means cluster analysis. Data on baseline predictors as well as longi-
tudinal outcomes of disease impact and DMARD use over a 1-year period and radiographic progression over a 3-year 
period were collected and analyzed using a random intercept, population-averaged generalized estimating equation 
model.

Results: 121 patients were included (74% female; mean age of 57; median of 16 weeks of active disease) and a 
3-cluster model was identified—the ‘Responders’ group (n = 58; 48%), the ‘Partial Responders’ group (n = 32; 26%), 
and the ‘Non-Responders’ group (n = 31; 26%). The ‘Partial Responders’ group had consistently higher proportions 
of the DAS28-P index throughout the study period and had minimal radiographic progression over time, with the 
lowest joint erosion score of 0.9 [95% confidence interval (CI) 0.2, 1.6], observed at the 3-year follow-up. At 52 weeks, 
the methotrexate dose was higher for both ‘Partial Responders’ and ‘Non-Responders’ groups (18.5 mg [95% CI 15.5, 
21.5] and 18.6 mg [95% CI 15.3, 21.8] respectively), when compared with the ‘Responders’ group (12.8 mg [95% CI 14.7, 
20.9]).

© The Author(s) 2022. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the 
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory 
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this 
licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/. The Creative Commons Public Domain Dedication waiver (http:// creat iveco 
mmons. org/ publi cdoma in/ zero/1. 0/) applies to the data made available in this article, unless otherwise stated in a credit line to the data.

Open Access

BMC Rheumatology

*Correspondence:  huaileng.pisaniello@adelaide.edu.au

2 Rheumatology Research Group, Basil Hetzel Institute for Translational Health 
Research, The Queen Elizabeth Hospital, Woodville South, SA, Australia
Full list of author information is available at the end of the article

http://orcid.org/0000-0002-0425-1697
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s41927-022-00299-3&domain=pdf


Page 2 of 11Pisaniello et al. BMC Rheumatology            (2022) 6:67 

Background
Rheumatoid arthritis (RA) is a chronic autoimmune 
inflammatory disease that results in joint pain and 
swelling, as well as other peri-articular and extra-artic-
ular systemic manifestations [1]. RA characteristically 
affects the small joints of the hands (the metacar-
pophalangeal joints and the proximal interphalangeal 
joints), wrists, knees and feet [1]. In recent years, the 
long-term outcomes for RA have improved signifi-
cantly, largely driven by advances in disease-modifying 
anti-rheumatic drugs (DMARDs), in particular bio-
logic therapy, and with the implementation of ‘early 
diagnosis’ and ‘treat-to-target’ (T2T) approaches 
[1–4]. Pain remains a cardinal feature in RA and his-
torically, pain mechanisms in RA have been attributed 
solely to activation of the peripheral nociceptive path-
ways by the underlying joint inflammation [5]. Conse-
quently, the notions of controlling the disease activity 
with DMARDs and achieving disease remission have 
always been the cornerstone of pain management in 
RA, although this approach does not hold true for some 
patients with persistent pain.

In fact, the pain mechanism in RA involves a com-
plex interaction between the inflammatory process in 
the joints and a combination of both the activation of 
the peripheral nociceptors and the peripheral and cen-
tral modulation of nociceptive and other inputs [5]. The 
presence of joint pain despite apparent good control of 
synovial inflammation implies that mechanisms other 
than pure nociception are important in the overall pain 
experience in RA. The relative contributions of different 
peripheral and central mechanisms may vary between 
individuals with RA. For instance, a Swedish popula-
tion-based cohort study found that nearly one-third of 
patients with early RA had persistent pain despite effec-
tive control of the joint inflammation. This finding was 
strongly predicted by having both functional impair-
ment and low C-reactive protein (CRP) level at base-
line [6]. Additionally, over-estimation of disease activity 
scores by non-inflammatory pain has been observed as 
a common occurrence in RA, irrespective of the tim-
ing of initiating or escalating treatment [7]. Identifying 
non-nociceptive pain during the treatment course for 
RA is crucial as overtreatment in patients with persis-
tent pain unrelated to the underlying inflammation is 

unfavorable and can be harmful and is especially likely 
to occur in the context of a T2T approach.

In clinical practice and clinical trials, particularly in the 
modern T2T approach, the monitoring of disease activity 
and treatment response in RA is commonly performed 
by using the disease activity score 28-joints (DAS28) [8, 
9]. DAS28 is a composite score derived collectively from 
the objective measures as assessed by the clinician (i.e., 
swollen joint counts (SJCs) and the acute-phase response 
(erythrocyte sedimentation rate (ESR) or CRP level) and 
the patient-reported measures (i.e., tender joint counts 
(TJCs) and global health as assessed by using a visual 
analogue scale (VAS) of patient-reported disease activ-
ity (VAS-GH)) [10, 11]. These patient-reported measures 
within the DAS28 composite score, representative of the 
patient global assessment (PGA), are more susceptible 
to individual-level variation due to factors other than 
inflammation alone. When it comes to interpreting the 
DAS28 score, careful interpretation of the PGA is impor-
tant, especially in patients with pain driven predomi-
nantly by centrally augmented pain mechanisms [12, 13]. 
Various composite disease activity measures are used 
in the T2T paradigm. DAS28 remains in common clini-
cal use although other measures such as the Simplified 
Disease Activity Index (SDAI) and the Clinical Disease 
Activity Index (CDAI) have been the preferred composite 
disease activity measures in recent years [14–16]. Non-
inflammatory pain experienced by patients in RA may 
not be well captured by the overall scoring of the current 
composite disease activity measures, and the decomposi-
tion of a composite measure into subjective and objective 
components may be relevant to other measures, such as 
the SDAI, although this remains an open research ques-
tion. McWilliams and colleague proposed that the use of 
the DAS28-P index, defined as “a derived measure of the 
proportion for the contribution of the patient-reported 
outcomes (TJC and VAS-GH) to the total DAS28 score”, 
is considered a useful discriminatory index of non-
inflammatory pain mechanisms in RA [12, 17]. A higher 
DAS28-P index was shown to predict less pain improve-
ment in an early RA cohort at 12 months, when adjusted 
for baseline pain scores [12]. Similarly, a higher DAS28-P 
index was correlated with widespread pressure-induced 
pain sensitivity in established RA and with the fibromyal-
gia survey score [18].

Conclusions: Persistently high DAS28-P index scores are useful to distinguish poor patient global assessment and 
excessive treatment escalation in early RA, suggestive of underlying non-inflammatory pain contributing to higher 
disease activity score. Early identification of patients with discordant subjective and objective components of com-
posite disease activity measures may allow better tailoring of treatment in RA.

Keywords: DAS28-P index, Rheumatoid arthritis, Pain, Patient global assessment



Page 3 of 11Pisaniello et al. BMC Rheumatology            (2022) 6:67  

In this study, building on existing research utilizing 
the DAS28-P index, we hypothesized that in an early RA 
cohort with DMARDs initiated and modified to meet a 
pre-defined level of disease activity, the DAS28-P index 
is useful in discriminating non-inflammatory pain mech-
anisms in early RA. We first aimed to identify different 
disease trajectories for each participant in this early RA 
cohort by using the objective and subjective components 
of the DAS28-ESR. Next, we aimed to assess the impact 
of using the subjective components of the DAS28-ESR, 
and therefore, the role of the DAS28-P index in monitor-
ing disease activity and in determining the trajectory of 
DMARD use in a T2T approach.

Methods
Participants
Our study included a subset of participants recruited for 
a randomized controlled trial (RCT) of fish oil use in early 
RA. DAS28 was the most widely used composite disease 
activity measure in RA during the conduct of the study. 
As described in the original study, consecutive patients 
aged 18  years and older with early onset RA (defined 
as symptomatic polyarthritis of less than 12  months, 
SJC ≥ 3, TJC ≥ 6, ESR > 28  mm/h, and/or CRP > 10  mg/
dL) diagnosed at the Rheumatology Clinic, Royal Ade-
laide Hospital  (RAH), South Australia were recruited. 
These DMARD-naïve patients, who fulfilled the diagno-
sis of RA according to the 1987 revised American Col-
lege of Rheumatology (ACR) criteria, were enrolled, and 
screened for eligibility to enter a double-blind RCT of 
high dose fish oil versus low dose fish oil. The exclusion 
criteria included DMARD use other than anti-malarials, 
use of anti-malarials for more than one month, recent 
seroconversion to parvovirus, Ross River, Barmah For-
est, or rubella viruses, history of positive anti-nuclear 
antibody with a  titre of ≥ 1:320, history of positive hep-
atitis B, hepatitis C or human immunodeficiency virus 
(HIV), known sensitivity to methotrexate, sulfasalazine 
or hydroxychloroquine, and history of systemic disease 
likely to increase risk of toxicity to 1 or more of these 
DMARDs. The study was approved by the RAH Research 
Ethics Committee (Research Protocol No: 981105).

Study protocol
The full details of the original study cohort, study design, 
study treatment strategy and results have been previously 
published elsewhere [19–21]. Alongside the randomi-
zation of receiving high dose vs low dose fish oil in the 
study, patients commenced DMARDs with dose adjust-
ments based on a T2T treatment approach. In brief, triple 
DMARD therapy comprised methotrexate 10  mg orally 
weekly, folic acid 500mcg daily, sulfasalazine 500  mg 
daily, with dose increment over 4 weeks to 1 g twice daily 

and hydroxychloroquine 200 mg twice daily. The metho-
trexate dose was up-titrated to a maximum dose of 25 mg 
weekly administered subcutaneously to achieve disease 
remission based on pre-specified disease activity crite-
ria [19, 20]. The addition of leflunomide was considered 
when maximal tolerated doses of triple DMARD therapy 
were achieved. Use of oral glucocorticoids and non-ste-
roidal anti-inflammatory drugs (NSAIDs) was actively 
discouraged during the study, and if commenced at 
study inception, doses were gradually tapered and ceased 
where possible. Parenteral glucocorticoid use during the 
study was allowed as clinically indicated.

Data collections and measurements
Patients were reviewed every 3–6 weeks and measures of 
disease activity were taken at each follow-up visit. Spe-
cific to the aims of our study, we obtained data pertaining 
to longitudinal measures of disease activity and disease 
impact for the first 52 weeks. Both objective components 
(SJCs (28 joints) and ESR) and subjective components 
(TJCs (28 joints) and VAS-GH) of the DAS28-ESR cap-
tured for all visits (baseline and follow-up) for the first 
52  weeks were reviewed and analyzed separately. On 
average, there were 9.7 visits per patient. A 100-mm VAS 
was used to assess each of these domains—global health 
(VAS-GH), pain and fatigue. DAS28-P index, defined as 
the fraction of the total DAS28-ESR contributed by the 
subjective components of the DAS28-ESR, was calculated 
for each visit. The modified Health Assessment Ques-
tionnaire (mHAQ) and 36-Item Short Form Survey (SF-
36) were used at each visit to assess function and yearly 
to assess quality of life, respectively. A validated 5-item 
Rheumatology Attitudes Index (VALI-RAI) helplessness 
subscales (5–30) scoring system was used at each visit 
to evaluate patients’ views of helplessness in coping with 
their arthritis [22]. X-rays of the hands and feet were per-
formed for each patient annually for 3 years. In a blinded, 
chronological fashion, for each time point out to 3 years, 
two independent observers assessed the presence of joint 
erosion in these radiographs of hands and feet using the 
modified Sharp/van der Heijde (SHS) method [21, 23].

Statistical analysis
For the descriptive data, the categorical variables were 
summarized as absolute numbers and proportions in per-
centages, whereas the continuous variables were summa-
rized as means with standard deviation or median with 
interquartile range. For the overall pairwise comparisons 
between the identified clusters, p-values for normally dis-
tributed continuous variables were calculated using one-
way ANOVA and p-values for non-normally distributed 
continuous variables were analyzed using Kruskal–Wal-
lis one-way ANOVA. Categorical variables were analyzed 



Page 4 of 11Pisaniello et al. BMC Rheumatology            (2022) 6:67 

using Pearson’s chi square and 2-sided Fisher’s exact 
tests for concomitant rheumatological diseases, such as 
fibromyalgia.

To identify subgroups of patients with different pro-
files of DAS28 trajectories, a bivariate longitudinal 
k-means clustering analysis was performed using both 
the individual objective and subjective DAS28-ESR com-
ponent scores. This non-parametric clustering analysis 
was performed using the R package, klm3d [24]. Three 
treatment responder subgroups were selected accord-
ing to our prior hypothesis that RA patients with persis-
tent pain would be differentiated from both good- and 
non-responders.

For the identified cluster subgroups, the longitudinal 
outcome measures were analyzed by using a random 
intercept, population-averaged generalized estimat-
ing equation (GEE) model (a longitudinal generalized 
linear model), with an exchangeable correlation matrix 
and robust standard errors. In this GEE model, different 
regression analyses were applied for different outcome 
measures. For instance, binomial regression was used for 
both leflunomide and NSAIDs use and the presence of 
depression, Poisson regression for methotrexate use and 
negative binomial regression was used for the total joint 
erosion scores. The remaining outcome measures were 
analyzed by Gaussian regression, except the DAS28-P 
index scores (range of 0–1), which were analyzed by a 
probit fractional regression, with standard errors clus-
tered by each patient. The outcomes for the total joint 
erosion scores were measured at multiple, irregularly 
spaced visits over the 12  months of follow-up, with an 
average of 9.8 months per patient. Therefore, restricted, 
orthogonal cubic splines (with 3 degrees of freedom (d.f.) 
for the main effect, and an additional 2 d.f. for interaction 
effects) were applied to model the responses over time. 
As a result, the differences between the subgroups over 
time were assessed by joint Wald tests of the appropriate 
regression coefficients.

For the SF-36 data, the scores for each nine domains 
were converted to Physical Component Scores and Men-
tal Component Scores using the Stata sf36.ado mod-
ule [25]. To allow for between-domain comparisons of 
results, each SF-36 domain scale (0–100) was trans-
formed to a norm-based scale with a mean of 50 and 
standard deviation of 10, using direct age- and gender-
standardization to the South Australian (SA) population 
norms from the 1995 National Health Survey [26].

All results were interpreted as predicted marginal 
means (i.e., on the original response scale) with linear 
contrasts used to assess differences between response 
from each subgroup at specific time points. The cluster-
ing analysis was performed using R version 3.2.0 and the 

remaining statistical analyses were performed using Stata 
v16.1 (StataCorp LLC, TS, USA).

Results
A total of 121 patients were included in the final analy-
sis for this study, with 1220 observations captured from 
baseline to 52  weeks. These patients were predomi-
nantly female (74%) with a mean age of 57  years and 
had a median of 16  weeks of symptomatic polyarthritis 
at baseline and 54% were seropositive for anti-cyclic cit-
rullinated peptide antibodies (ACPAs). Among these 121 
patients, the k-means clustering analysis generated 3 sub-
groups of patients according to the 52-week trajectories 
of these 3 outcome measures: the overall DAS28-ESR, 
the objective components of the DAS28 and the subjec-
tive components of the DAS28. These subgroups were 
classified as Group 1—‘Responders’, Group 2—‘Partial 
Responders’ and Group 3—‘Non-Responders’. The base-
line characteristics for each of these groups are outlined 
in Table 1.

The predicted marginal means and their correspond-
ing 95% confidence intervals (CI) for all outcome meas-
ures of disease activity and disease impact at baseline 
and at week 52 for each responder group are summa-
rized in Table 2. Overall, at baseline, the participants in 
the ‘Non-Responders’ group were older, had a higher 
BMI and were more likely to have smoked (Table 1). The 
‘Responders’ group had the lowest baseline DAS28-ESR 
and the ‘Partial Responders’ group had the highest base-
line DAS28-P index (Table 2).

For the overall disease activity trajectories during the 
first year of treatment, the baseline mean DAS28-ESR 
for the whole cohort was 5.7 (s.d. 1.2). At 52 weeks, the 
DAS28-ESR score in the ‘Partial Responders’ group was 
3.9 [95% CI 3.3, 4.4], which was worse than the ‘Respond-
ers’ group (2.3 [95% CI 2.1, 2.6; p < 0.05]) and better 
than the ‘Non-Responders’ group (5.1 [95% CI 4.7, 5.5; 
p < 0.05]). These results were largely due to the lower sub-
jective DAS28 score of 0.6 [95% CI 0.5, 0.8; p < 0.05] for 
the ‘Responders’ group and higher objective DAS28 score 
of 2.8 [95% CI 2.7, 3.0; p < 0.05] for the ‘Non-Responders’ 
group. As shown in Fig.  1, the overall DAS28-P mean 
scores during the first year of treatment were consistently 
above 0.5 for the ‘Partial Responder’ group in comparison 
with the ‘Responders’ and ‘Non-Responders’ groups, with 
the subjective DAS28 score being the major contributor 
to the total DAS28 score. Notably, the trajectory of the 
objective DAS28 scores in the ‘Partial Responder’ group 
was similar to the ‘Responder’ group (Fig.  1B), whereas 
the trajectory of the subjective DAS28 scores in the ‘Par-
tial Responder’ group was similar to the ‘Non-Responder’ 
group (Fig. 1C).
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Table 1 Baseline characteristics of participants included in the study

The odds ratio (highlighted in italics) was calculated for the likelihood of smoking
* Significantly different from Group 2 (p < 0.05)

SD standard deviation, BMI body mass index, ACPA anti-cyclic citrullinated peptide antibody, RF rheumatoid factor, CI confidence interval, IQR interquartile range

Descriptor Group 1 Group 2 Group 3 All

Classification Responders Partial responders Non-responders

N (%) 58 (48%) 32 (26%) 31 (26%) 121

Age: mean (SD) 56 (16) 54 (15) 63 (11) 57 (15)

Females (%) 45 (78%) 25 (78%) 19 (61%) 89 (74%)

BMI: mean (SD) 26.4 (5.1) 27.4 (4.8) 30.6 (7.6)* 27.7 (6.0)

ACPA positive (%) 31/55 (56%) 14/31 (45%) 18/31 (58%) 63/117 (54%)

RF positive (%) 39/55 (71%) 13/31 (42%) 18/31(58%) 70/117 (60%)

Smoking (%)

 Never 29 (50%) 16 (50%) 7 (23%) 52 (43%)

 Former 20 (34%) 14 (44%) 15 (48%) 49 (41%)

 Current 9 (16%) 2 (6%) 9 (29%) 20 (17%)

 Odds  ratioordinal (95% CI) for the likelihood 
of smoking

1.2 (0.5, 2.7) 1 3.6 (1.4, 9.2)*

Weeks polyarthritis: median (IQR) 16 (12, 24) 16 (12, 24) 20 (12, 28)* 16 (12, 24)

Randomized to fish oil (%) 38 (66%) 20 (63%) 17 (54%) 75 (62%)

Table 2 Predicted marginal means (95% confidence intervals, CI), by responder group, for all outcome measures at baseline and at 
week 52

The cumulative glucocorticoid dose was calculated in milligrams(mg) of prednisolone equivalent

DAS28-ESR disease activity score 28-joints-Erythrocyte Sedimentation rate, mHAQ modified Health Assessment Questionnaire, SF-36 36-item short form survey, IQR 
interquartile range
* Significantly different from Group 2 (p < 0.05)

Baseline 52 Weeks

Group 1 Group 2 Group 3 Group 1 Group 2 Group 3

Responders Partial responders Non-responders Responders Partial responders Non-responders

DAS28-ESR 5.1 (4.9, 5.4)* 6.1 (5.7, 6.5) 6.3 (5.9, 6.6) 2.3 (2.1, 2.6)* 3.9 (3.3, 4.4) 5.1 (4.7, 5.5)*

DAS28-ESR objective compo-
nent

3.0 (2.9, 3.2) 3.0 (2.7, 3.2) 3.4 (3.2, 3.6)* 1.7 (1.5, 1.8) 1.7 (1.5, 1.9) 2.8 (2.7, 3.0)*

DAS28-ESR subjective com-
ponent

2.1 (1.9, 2.3)* 3.1 (2.9, 3.4) 2.9 (2.7, 3.1) 0.6 (0.5, 0.8)* 2.1 (1.8, 2.5) 2.3 (2.0, 2.6)

DAS28-P 0.40 (0.38, 0.43)* 0.52 (0.50, 0.55) 0.45 (0.43, 0.48)* 0.23 (0.19, 0.28)* 0.56 (0.52, 0.59) 0.43 (0.39, 0.47)*

mHAQ 0.61 (0.49, 0.73)* 0.91 (0.75, 1.07) 0.82 (0.64, 0.99) 0.11 (0.04, 0.18)* 0.47 (0.25, 0.67) 0.48 (0.32, 0.63)

Fatigue 36.1(30.6, 41.6)* 66.7 (58.7, 74.6) 53.7 (45.1, 62.2)* 18.9 (12.7, 25.1)* 44.6 (35.0, 54.1) 48.3 (39.4, 57.1)

Helplessness 13.0 (11.8, 14.3)* 16.1 (14.2, 17.9) 15.4 (13.7, 17.1) 8.6 (7.6, 9.6)* 13.0 (11.4, 14.6) 13.0 (11.4, 14.7)

SF-36

 Physical component score 37.5 (35.1, 39.9)* 32.1 (29.9, 34.3) 33.5 (30.6, 36.4) 47.6 (45.3, 50.0)* 38.5 (35.4, 41.6) 35.7 (32.9, 38.6)

 Mental component score 43.5 (40.8, 46.3)* 35.3 (33.3, 38.3) 37.0 (32.8, 41.2) 48.4 (40.8, 46.3)* 41.4 (37.6, 45.1) 40.1 (35.9, 44.4)

Methotrexate dose 12.8 (14.7, 20.9)* 18.5 (15.5, 21.5) 18.6 (15.3, 21.8)

Leflunomide use (%) 4% (0, 10)* 16% (2, 30) 40% (21, 59)

Cumulative glucocorticoid 
dose, mg: median (IQR)

171 (100, 250) 199 (150, 450) 297 (211, 484)

Total erosion score 0.5 (0.3, 0.8) 0.5 (0.1, 1.0) 1.0 (0.3, 1.7) 1.2 (0.6, 1.7) 0.9 (0.2, 1.7) 2.4 (1.1, 3.6)*
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In terms of self-reported outcome measures of dis-
ease impact during the first year of treatment, the overall 
mean mHAQ at baseline for the whole cohort was 0.75 
(s.d. 0.54). As shown in Fig.  2, the ‘Responders’ group 
had consistently lower mHAQ scores when compared 
to the ‘Partial Responders’ group (p < 0.001). Similarly, 
the ‘Responders’ group had consistently lower levels of 
fatigue and helplessness scores (p < 0.001 for both meas-
ures) when compared to the ‘Partial Responders’ group. 
Both the physical and mental component scores of the 
SF-36 were statistically better in the ‘Responders’ group 
(means of 47.6 [95% CI 45.3, 50.0] and 48.4 [95% CI 40.8, 
46.3] respectively).

In terms of DMARD treatment comparisons between 
the responder groups during the first year of treatment, 
based on the T2T approach, the methotrexate dose pro-
file was higher in the ‘Partial Responders’ group com-
pared to the ‘Responders’ group, but was comparable to 
the ‘Non-Responders’ group (Fig. 3A). At 52  weeks, the 
methotrexate dose (in milligram, mg) was 12.8 mg [95% 
CI 14.7, 20.9] for the ‘Responders’ group, 18.5 mg [95% CI 
15.5, 21.5] for the ‘Partial Responders’ group and 18.6 mg 
[95% CI 15.3, 21.8] for the ‘Non-Responders’ group. The 
leflunomide use profile in the ‘Partial Responders’ group 

was intermediate between the ‘Responders’ and ‘Non-
Responders’ groups (Fig. 3B). Although NSAID use was 
permitted during the study period, there were no signifi-
cant differences in terms of NSAID use profile between 
the three responder groups. In patients who were given 
glucocorticoid during the study period, the cumulative 
glucocorticoid doses (expressed in milligrams of predni-
solone equivalent) at week 52 were relatively low among 
the three responder groups (p = 0.022, Kruskal–Wal-
lis rank test for equality of populations). The median 
cumulative glucocorticoid dose was the highest in the 
‘Non-Responders’ group (297 mg, IQR 211, 284; n = 24), 
compared to the ‘Partial Responders’ group (199 mg, IQR 
150, 450; n = 24) and the ‘Responders’ group (171  mg, 
IQR 100, 250; n = 27) (Table 2).

The total joint erosion scores at baseline and 12 months 
follow-up are outlined in Table 2. While the comparison 
of total joint erosion scores between the ‘Responders’ 
and ‘Partial Responders’ groups over all time points was 
significant (p = 0.033), there were no significant differ-
ences at any individual time point (Fig. 4). However, the 
comparison between the ‘Partial Responders’ and ‘Non-
Responders’ groups was significant (p < 0.05) at each fol-
low-up time point (years 1, 2 and 3). At year 3, the total 

Fig. 1 DAS28 and DAS28 component scores (predicted marginal means) during the first year of treatment for the three responder groups. A 
DAS28-ESR B DAS28—Objective Component C DAS28—Subjective Component D DAS28-P (an index defined by DAS28—Subjective Component/
DAS28-ESR)
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Fig. 2 Self-reported scores (predicted marginal means) during the first year of treatment for the three responder groups: A modified Health 
Assessment Questionnaire (mHAQ) disability B Fatigue (measured in 0–100 mm visual analogue scale) C Helplessness in coping with arthritis 
(measured in a 5–30 subscale scoring system in a Validated 5-item Rheumatology Attitudes Index (VALI-RAI))

Fig. 3 DMARD treatment (predicted marginal means) during the first year for the three responder groups: A Methotrexate (MTX) Dose (in 
milligram, mg of weekly dosing) B Leflunomide Use (proportion of patients)
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joint erosion score in the ‘Responders’ group was 1.8 
(95% CI 0.8, 2.7), compared to 0.9 (95% CI 0.2, 1.6) in the 
‘Partial Responders’ group and 3.4 (95% CI 1.7, 5.2) in the 
‘Non-Responders’ group.

Discussion
Composite disease activity measures such as the DAS28 
are routinely used in rheumatology practice to moni-
tor the disease trajectory in RA. In this study of an early 
RA cohort managed with a T2T approach, we identi-
fied three distinct subgroups of patients with different 
disease trajectories over 12  months by clustering each 
component of the DAS28 (the overall score, and both 
the objective and subjective components of the score). 
Of the 121 study participants, at 52  weeks, nearly half 
of them were in disease remission (the ‘Responders’ 
group), and the other half of the study cohort contin-
ued to have moderate-to-high disease activity, with 26% 
in the ‘Partial Responders’ group and 26% in the ‘Non-
Responders’ group. When we examined the components 
of the DAS28, both ‘Responders’ and ‘Partial Responders’ 
groups had similar DAS28 objective component mean 
scores at baseline and at 52  weeks, and yet, these two 
subgroups had different disease trajectories. In fact, the 
relatively high total mean DAS28-ESR scores for the ‘Par-
tial Responders’ group at baseline and at 52 weeks were 
largely driven by the reporting of high DAS28 subjec-
tive component scores, as highlighted by the consistently 
higher proportions of the DAS28-P index throughout the 

study period when compared to both ‘Responders’ and 
‘Non-Responders’ groups. Despite receiving similar T2T 
therapy, these findings in the ‘Partial Responders’ group 
reflect ongoing patient-reported concerns about their 
disease trajectories disproportionate to the underlying 
disease inflammation.

In our study, both ‘Partial Responders’ and ‘Non-
Responders’ groups reported similar worsening of disease 
impact throughout the study period, when compared to 
the ‘Responders’ group, as demonstrated in the mHAQ 
scores, the level of fatigue and helplessness scores. Apart 
from the higher level of fatigue in the ‘Partial Responders’ 
group, both ‘Partial Responders’ and ‘Non-Responders’ 
groups were indistinguishable at baseline, even in the 
DAS28 subjective component scores. Evidently, these 
two subgroups differed in the trajectories of the DAS28 
objective component scores and the DAS28-P proportion 
indices. Again, according to the DAS28-P index, these 
findings suggest a predominance of non-inflammatory 
pain mechanisms in the ‘Partial Responders’ group and 
failure of treatment and ongoing active disease in the 
‘Non-Responders’ group at baseline and throughout the 
study. Although a difference in the DAS28-P was seen 
between the ‘Partial Responders’ group and the ‘Non-
Responders’ group (Fig.  1D), the difference between 
each group may not be sufficient to reliably categorize 
individual patients at any time point. Other concomi-
tant chronic pain conditions, such as osteoarthritis and 
fibromyalgia, could be confounders for persistent pain 

Fig. 4 Total Erosion Scores (predicted marginal means) over 3 years of follow-up for the three responder groups
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in this study cohort, and although beyond the scope of 
our study, their contribution to non-inflammatory pain 
in early RA would be relevant in any future analysis. 
Although the DAS28-P index can be used as a discrimi-
natory measure of non-inflammatory pain in RA, our 
study highlights that baseline DAS28-P does not predict 
trajectory of RA disease activity in individuals, which was 
not previously examined in the original study proposing 
the use of DAS28-P index [12].

Overtreatment is a potential risk in the modern treat-
ment era for patients diagnosed with early RA, especially 
in the T2T approach [27]. In this study, there was a sub-
stantial increase in both the methotrexate mean dose 
and the proportions of leflunomide users in both ‘Par-
tial Responders’ and ‘Non-Responders’ groups. In detail, 
dose increments for both of these DMARDs were seen at 
week 16, a typical time period for deciding any change in 
dosing, and subsequently the doses were gradually up-
titrated to the maximum recommended target doses, as 
dictated by the serial DAS28 scores. Similarly, despite the 
analysis of only a subset of the study cohort, the cumula-
tive dose of glucocorticoid use in the ‘Non-Responders’ 
group was substantively higher compared to the other 
two subgroups. Consequently, these subgroups with dis-
proportionate dose titration and disease activity could 
be at risk of DMARD-related toxicity in the intermedi-
ate- and long-term. Likewise, a recent study by Wallace 
and colleague revealed two thirds of established rheuma-
toid arthritis patients had persistent glucocorticoid use, 
especially in those with high fibromyalgianess [28]. In our 
study, we observed that a higher DAS28-P in both ‘Par-
tial Responders’ and ‘Non-Responders’ groups was asso-
ciated with higher exposure to combination DMARD 
therapy. Relying on the use of only the composite DAS28 
score might lead to overtreatment, which could be miti-
gated by understanding the relative contributions of 
subjective and objective measures to the total compos-
ite score. In addition, escalation to biologic DMARDs in 
these subgroups may occur, which may result in higher 
societal and health care cost and unnecessary immuno-
suppression. Future studies examining the use of conven-
tional synthetic DMARDs beyond a 1-year period and 
the timing of switching to biologic DMARD in these sub-
groups of early RA cohort may help to further character-
ize the impact of the T2T treatment approach in those 
with persistent non-inflammatory pain in RA.

Furthermore, in our study, despite not achieving the 
DAS28 indicative of low disease activity/disease remis-
sion, the ‘Partial Responders’ group had the lowest 
joint erosion scores serially over 3  years, demonstrat-
ing no progression of erosive disease. This is consistent 
with their low levels of disease inflammation following 
treatment, as reflected by the overall DAS28 objective 

component score. This finding underscores the risk of 
unnecessary overtreatment in a ‘partially-responsive’ 
subgroup of patients with early RA, in whom additional 
immunosuppressive agents will not alleviate non-inflam-
matory symptoms. Adjuvant interventions that target 
non-inflammatory pain rather than relying on immuno-
suppressive therapies are likely warranted in this group 
of patients with suboptimal disease control despite no 
objective evidence of ongoing inflammation [29, 30]. 
With regards to radiographic progression, the ‘Respond-
ers’ group had higher erosion risks compared to the ‘Par-
tial Responders’ group, although the ‘Responders’ group 
had the overall lowest subjective DAS28-ESR scores. This 
may reflect the recognised phenomenon of progressive 
structural damage even when objective measures of dis-
ease activity are low/normal, and highlights the impor-
tance of assessing radiographic outcomes in addition to 
both subjective and objective disease activity measures in 
RA [31–33]. Judicious interpretation of all these outcome 
measures may lower the risk of overtreatment in those 
with high DAS28-P and, conversely, undertreatment in 
those with low DAS28-P.

In the modern T2T strategies in achieving disease 
remission in RA, we are yet to have mutually exclusive 
composite measures to incorporate disease outcome 
measures important to both clinicians and patients. From 
the patient’s perspective, disease remission comprises 
both resolution of disease inflammation and alleviation 
of symptoms related to the disease. Although the PGA 
within the DAS28 has been considered the cornerstone 
of determining the patient-reported disease remission, 
the role of PGA remains contentious. A recent large indi-
vidual patient data meta-analysis evaluating the impact 
of PGA in the definition of disease remission and as a 
predictor of radiographic damage in RA concluded that 
the current DAS28 remission definition that includes the 
PGA, is better than a definition that excludes PGA for 
predicting a good functional outcome but reduces the 
predictive accuracy for radiological outcomes, raising 
concerns for risk of overtreatment [34]. In a large mul-
tinational study using the METEOR database of patients 
on biologic DMARDs for RA, the PGA remained high in 
those in remission, with the danger of further unneces-
sary immunosuppression [35]. Ferreira and colleagues 
have proposed a dual T2T strategy, which comprises the 
management of disease inflammation (biologic remis-
sion) and the management of disease impact (symptom 
remission) to guide treatment in RA [36]. For biologic 
remission, alongside the dual T2T, the author recom-
mended the use of 3-variable remission—SJC, TJC and 
CRP [37]. For symptom remission, the author suggested 
further validation of the PGA with the use of the Rheu-
matoid Arthritis Impact of Disease (RAID) score [37]. 



Page 10 of 11Pisaniello et al. BMC Rheumatology            (2022) 6:67 

This additional patient-reported measure in early RA 
may provide early insight at the start of DMARD initia-
tion, with early adjuvant interventions to be provided to 
those who are likely to have persistent non-inflammatory 
pain.

Our study has some strengths and limitations. Our 
study examined patients who were definitively diag-
nosed with early RA as they were recruited through 
strict RCT inclusion criteria. We were able to dif-
ferentiate patients with persistent pain (the ‘Partial 
Responders’ group) from the ‘Non-Responders’ group, 
a difference that was not shown in the previous study 
using the DAS28-P index [12]. It included a relatively 
small cohort of patients with early RA. Irrespective, we 
had adequate study size and repeated measures to pro-
vide representative subgroups of patients with different 
trajectories to evaluate the utility of DAS28-P index as 
predictor of treatment response in the first year after 
diagnosis of RA. In addition, the study participants 
were mainly recruited from a single-center rheumatol-
ogy unit, which may introduce selection bias in terms 
of the residency of the patients and their corresponding 
education levels and socio-economic status.

In summary, in this well-characterized early RA 
cohort managed with a T2T approach within the first 
year, the DAS28-P index can be used as a discrimina-
tory measure of non-inflammatory pain in RA, but 
baseline DAS28-P does not necessarily predict trajec-
tory in individuals. Concurrent assessment of both 
objective and subjective components of the DAS28 is 
likely to be most informative when it comes to tailoring 
of therapy in patients with RA, especially in treatment 
escalation. Most importantly, early identification of 
patients with discordant subjective and objective out-
comes may facilitate optimal shared decision-making 
regarding DMARD and pain management. Additional 
clinical assessment and communication are warranted 
when there is a suspicion of ongoing non-inflammatory 
pain despite adequate control of disease inflammation.
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5.5 Summary 

28-joint disease activity score (DAS28) is a common and widely used composite disease 

activity score in disease monitoring and treatment guidance in RA. This study demonstrated 

the success in using the DAS28-P index score as an appropriate discriminatory measure of 

response to DMARD therapy in a single-site early RA cohort.  

 

Main findings include: 

• Using a k-means clustering method on 1-year period data of DAS28-ESR of 121 

study participants, three distinct trajectories of disease activity were identified – 

‘Responders’ (n = 58; 48%), ‘Partial Responders’ (n = 32; 26%), and ‘Non-

Responders' (n = 31; 26%) 

• Unnecessary treatment escalation was seen in the ‘Partial Responders’ group in the 

context persistently high levels of DAS28 (primarily driven by the subjective 

component) but had the lowest joint erosion scores, implying the precarious 

influence of the PGA component on treatment decision 

• In contrast, the ‘Responders’ group had the lowest levels of the objective 

components of the DAS28 scores and yet had the highest joint erosion scores over 

time, suggesting the importance of ongoing monitoring of both radiographic 

progression and disease activity composite measure in RA 

• Baseline DAS28-P does not predict disease trajectory in RA, although DAS28-P 

index has been shown to be a good discriminatory measure of non-inflammatory 

pain in RA 

• The PGA role in DAS28 score is contentious especially in the current treat-to-target 

(T2T) strategy and biologic DMARD use in RA, and more concerningly, in those with 

predominantly non-inflammatory pain, suggesting that dual T2T approach (biologic 

remission and symptom remission) may be necessary 
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Chapter 6: Trajectories of Pain-Related 

Health Status in RA and the Associations 

with Sociodemographic Factors and 

Treatment 

6.1 Preface 

The study presented in this chapter addresses the final part of the research question of 

investigating the trajectories of pain symptom and pain-related health outcomes. Using the 

identified trajectory subgroups as predictors and capturing at-risk subgroup of persistent 

pain with poorer pain-related health status, this study aimed to investigate the associations 

with baseline demographics, sociodemographic indicators, comorbidities, and time-varying 

effects on medication use. 

 

This study is presented in a manuscript format in this chapter, which has been published in 

a peer-reviewed journal, the RMD Open. The Statement of Authorship is included. To end, 

I present the chapter summary and main findings identified from this study. 
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6.2 Dataset: Australian Rheumatology Association 

Database 

The Australian Rheumatology Association Database (ARAD) is a voluntary national registry 

founded in 2001. The aims of the ARAD are to collect and to process prospective data on 

long-term safety and effectiveness of b/tsDMARDs and health outcomes in patients with 

inflammatory arthritis (RA, SpA, psoriatic arthritis, and juvenile idiopathic arthritis)(273, 274). 

 

Study participation is on a voluntary basis and interested participants were recruited or 

referred by their treating rheumatologists across Australia. Information about this ARAD 

national registry was given to the participants. Eligible participants include those 

commencing on biologic DMARDs as well as those on csDMARDs (although the latter 

begun their enrolment since 2007). By agreeing to be part of this ARAD registry, there is no 

impact on the participants’ treatment trajectory, as the participants may start, change, or 

stop their DMARDs at any timepoint during the ARAD study follow-up, as informed by their 

treating rheumatologists. In addition, there is no exclusion for disease duration, previous 

medication use, and comorbidities.  

 

In this database, once consented, ARAD participants complete self-reported questionnaires 

biannually (options of paper or online format from August 2009) until January 2014. 

Thereafter, the questionnaires are completed once every year after the initial 2 years of 

biannual follow-up. The participant’s disease diagnosis is determined based on expert 

opinion diagnosis (i.e., the treating rheumatologist) instead of classification criteria based. 

 

Apart from diagnosis and seropositivity status (RF or ACPA), these self-reported 

questionnaires also consist of: 

• Sociodemographic information – education, employment, marital status, private 

insurance, disability support 

• Smoking history 
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• Alcohol consumption history 

• Height and weight 

• Comorbidities such as medical illnesses, infection, and malignancy 

• Hospitalisations 

• Current arthritis-related medication use – csDMARDs, b/tsDMARDs, glucocorticoids 

(oral/parenteral/intra-articular/intra-muscular), NSAIDs, analgesics, alternative 

medicine (herbal/complementary) 

• Symptoms related to arthritis 

• Measures of health outcomes and quality of life – HAQ-DI, SF-36, AQoL, European 

Quality of Life (EuroQoL) 

• Global evaluation of disease activity VAS – pain and arthritis activity (in the past 

week) 

 

Specific to the medication use, information on dose and duration of therapy is not collected 

in ARAD. Data on longitudinal safety outcomes in relation to DMARD use such as infection, 

malignancy and mortality is available through ARAD, and these outcomes can be used and 

validated with data linkage to other registries in Australia such as the Pharmaceutical 

Benefits Scheme (PBS), cancer registry, and death registry. 

 

All ARAD participants provide written permission to be contacted by ARAD investigators 

and written informed consent for study participation and for anonymous data analyses and 

associated data linkages. Once enrolled and during the study follow-up, participants have 

the options to either opt out at any time, or alternatively, to be converted to ‘tracking only’ 

status, by which ongoing questionnaire is ceased but retrospective data collected can be 

used for research or data linkage as necessary. Ethics approval for ARAD has been granted 

by 18 committees and organisations across all Australian states and territories(273, 274).  
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6.2.1 Access to biologic/targeted synthetic DMARDs in Australia 

In Australia, universal access to medications is provided under the PBS, which forms part 

of the Australian Government’s broader National Medicines Policy(275). Biologic DMARDs 

for inflammatory arthritis were only accessible through clinical trials prior to 2004. 

Thereafter, patients with inflammatory arthritis and with eligibility criteria fulfilled were able 

to access biologic DMARDs prescribed by their treating rheumatologists(276). The eligibility 

criteria include patients with severe and active RA and with the following(276): 

• Failure to achieve disease control after at least 6 months of intensive csDMARDs 

(minimum of two agents used of at least 3 months for each, and includes 

methotrexate use, unless contraindicated) AND 

• Serological markers showing active disease prior to biologic treatment – elevated 

ESR of >25mm/hour and/or elevated CRP of >15mg/L AND 

• At least 20 active (swollen and tender) joints or at least 4 major active joints (elbow, 

wrist, knee, ankle, shoulder and/or hip) 

 

For RA, currently approved b/tsDMARDs that are available through the PBS include 

abatacept (intravenous, IV or subcutaneous, SC), adalimumab, baricitinib, certolizumab, 

etanercept, golimumab, infliximab (IV or SC), tocilizumab (IV or SC), tofacitinib, 

upadacitinib, and rituximab (PBS approval is not required)(276). 

 

 

 

 

 

 

 



 

 

159 

6.3 Statement of Authorship 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Statement of Authorship 

Title of paper Trajectories of Self-Reported Pain-Related Health Outcomes 

and Longitudinal Effects on Medication Use in Rheumatoid 

Arthritis: A Prospective Cohort Analysis Using the Australian 

Rheumatology Association Database (ARAD) 

Publication status Published 

Publication Details Pisaniello, H.L., Lester, S., Russell, O., Black, R.J., Tieu, J., 

Richards, B., Barrett, C., Lassere, M., March, L., Buchbinder, 

R., Whittle, S.L., Hill, C.L. Trajectories of Self-Reported Pain- 

Related Health Outcomes and Longitudinal Effects on 

Medication Use in Rheumatoid Arthritis: A Prospective Cohort 

Analysis Using the Australian Rheumatology Association 

Database (ARAD) 

RMD Open 

Impact Factor: 5.806 

Principal Author 

Name of principal 

author 

Contribution to the 

Paper 

Huai Leng Pisaniello 

Contributed to the study design and conception, and data 

acquisition. Contributed to the data analysis and interpretation 

of study results. Contributed to the preparation, drafting and 

revision of the manuscript for publication. 

Overall percentage (%) 75% 

Certification This paper reports on original research I conducted during the 

period of my Higher Degree by Research candidature and is 

not subject to any obligations or contractual agreements with 

a third party that would constrain its inclusion in this thesis. I 

am the primary author of this paper. 

Signature Date: 8 April 2023 

Co-Author Contributions 

By signing the Statement of Authorship, each author certifies that: 

i. The candidate’s stated contribution to the publication is accurate (as detailed

above);

ii. Permission is granted for the candidate in include the publication in the thesis; and

iii. The sum of all co-author contributions is equal to 100% less the candidate’s stated

contribution.



Name of Co-Author Susan Lester 

Contribution to the 

Paper 

Contributed to the study design and conception, and data 

acquisition and management. Contributed to the data analysis 

and interpretation of study results. Contributed to the critical 

appraisal of the manuscript draft and approval of the final 

manuscript for publication. 

Signature Date: 
18/04/2023 

Name of Co-Author Oscar Russell 

Contribution to the 

Paper 

Contributed to the interpretation of study results. Contributed 

to the critical appraisal of the manuscript draft and approval of 

the final manuscript for publication. 

Signature Date: 

Jun 15, 2023 

Name of Co-Author Rachel J. Black 

Contribution to the 

Paper 

Contributed to the interpretation of study results. Contributed 

to the critical appraisal of the manuscript draft and approval of 

the final manuscript for publication. 

Signature 

Name of Co-Author Joanna Tieu 

Contribution to the 

Paper 

Contributed to the interpretation of study results. Contributed 

to the critical appraisal of the manuscript draft and approval of 

the final manuscript for publication. 

Signature Date: JJunu1n5,12502,32023

Name of Co-Author Bethan Richards 

Contribution to the 

Paper 

Contributed to the interpretation of study results. Contributed 

to the critical appraisal of the manuscript draft and approval of 

the final manuscript for publication. 

Signature Date: 

Jun 15, 2023



Name of Co-Author Claire Barrett 

Contribution to the 

Paper 

Contributed to the interpretation of study results. Contributed 

f the manuscript draft and approval of 

ublication. 

Signature  

Name of Co-Author Marissa Lassere 

Contribution to the 

Paper 

Contributed to the study data acquisition and management. 

Contributed to the interpretation of study results. Contributed 

to the critical appraisal of the manuscript draft and approval of 

the final manuscript for publication. 

Signature  

Name of Co-Author Lyn March 

Contribution to the 

Paper 

Contributed to the study data acquisition and management. 

Contributed to the interpretation of study results. Contributed 

to the critical appraisal of the manuscript draft and approval of 

the final manuscript for publication. 

Signature  

Name of Co-Author Rachelle Buchbinder 

Contribution to the 

Paper 

Contributed to the study data acquisition and management. 

Contributed to the interpretation of study results. Contributed 

to the critical appraisal of the manuscript draft and approval of 

the final manuscript for publication. 

Signature Date: 

Jun 15, 2023 

Name of Co-Author Samuel L. Whittle 

Contribution to the 

Paper 

Contributed to the data analysis and interpretation of study 

results. Contributed to the critical appraisal of the manuscript 

draft and approval of the final manuscript for publication. 

Signature ate: 18/04/2023 



Name of Co-Author Catherine L. Hill 

Contribution to the 

Paper 

Contributed to the study data acquisition and management. 

Contributed to the data analysis and interpretation of study 

results. Contributed to the critical appraisal of the manuscript 

draft and approval of the final manuscript for publication. 

 Signature Date: 18/04/2023 



 

 

160 

6.4 Manuscript: Trajectories of Self-Reported Pain-

Related Health Outcomes and Longitudinal Effects 

on Medication Use in Rheumatoid Arthritis: A 

Prospective Cohort Analysis Using the Australian 

Rheumatology Association Database (ARAD) 

Published in RMD Open Journal  

 

 

 

 

 



  1Pisaniello HL, et al. RMD Open 2023;9:e002962. doi:10.1136/rmdopen-2022-002962

ORIGINAL RESEARCH

Trajectories of self- reported pain- 
related health outcomes and 
longitudinal effects on medication use 
in rheumatoid arthritis: a prospective 
cohort analysis using the Australian 
Rheumatology Association 
Database (ARAD)

Huai Leng Pisaniello    ,1,2 Susan Lester,2,3 Oscar Russell,1,2,3 Rachel Black,2,3 
Joanna Tieu,2,3 Bethan Richards,4,5,6 Claire Barrett,7,8 Marissa Lassere,9,10 
Lyn March,11,12 Rachelle Buchbinder    ,13 Samuel L Whittle,2,3,13 Catherine L Hill2,3

To cite: Pisaniello HL, 
Lester S, Russell O, et al. 
Trajectories of self- reported 
pain- related health outcomes 
and longitudinal effects on 
medication use in rheumatoid 
arthritis: a prospective cohort 
analysis using the Australian 
Rheumatology Association 
Database (ARAD). RMD Open 
2023;9:e002962. doi:10.1136/
rmdopen-2022-002962

 ► Additional supplemental 
material is published online only. 
To view, please visit the journal 
online (http:// dx. doi. org/ 10. 
1136/ rmdopen- 2022- 002962).

Received 23 December 2022
Accepted 7 July 2023

For numbered affiliations see 
end of article.

Correspondence to
Dr Huai Leng Pisaniello;  
 huaileng. pisaniello@ adelaide. 
edu. au

Rheumatoid arthritis

© Author(s) (or their 
employer(s)) 2023. Re- use 
permitted under CC BY- NC. No 
commercial re- use. See rights 
and permissions. Published 
by BMJ.

ABSTRACT
Objective To determine distinct trajectories of self- 
reported pain- related health status in rheumatoid arthritis 
(RA), their relationship with sociodemographic factors and 
medication use.
Methods 988 Australian Rheumatology Association 
Database participants with RA (71% female, mean age 54 
years, mean disease duration 2.3 years) were included. 
Distinct multi- trajectories over 15- year follow- up for 
five different self- reported pain- related health outcome 
measures (Health Assessment Questionnaire Disability 
Index, visual analogue scores for pain, arthritis, global 
health and the Assessment of Quality of Life utility index) 
were identified using latent variable discrete mixture 
modelling. Random effects models were used to determine 
associations with medication use and biologic therapy 
modification during follow- up.
Results Four, approximately equally sized, pain/health 
status groups were identified, ranging from ‘better’ to 
‘poorer’, within which changes over time were relatively 
small. Important determinants of those with poorer pain/
health status included female gender, obesity, smoking, 
socioeconomic indicators and comorbidities. While 
biologic therapy use was similar between groups during 
follow- up, biologic therapy modifications (plinear<0.001) 
and greater tendency of non- tumour necrosis factor 
inhibitor use (plinear<0.001) were observed in those with 
poorer pain/health status. Similarly, greater use of opioids, 
prednisolone and non- steroidal anti- inflammatory drugs 
was seen in those with poorer pain/health status.
Conclusion In the absence of disease activity information, 
distinct trajectories of varying pain/health status were seen 
from the outset and throughout the disease course in this 
RA cohort. More biologic therapy modifications and greater 
use in anti- inflammatories, opioids and prednisolone were 
seen in those with poorer pain/health status, reflecting 
undesirable lived experience of persistent pain in RA.

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ Despite treatment advances in rheumatoid arthritis 
(RA), persistent pain and suboptimal health status 
may remain significant in some patients, even in 
those with adequately controlled disease or in dis-
ease remission.

WHAT THIS STUDY ADDS
 ⇒ We performed multi- trajectory analysis, using five 
different self- reported pain- related health outcome 
measures, with patients with RA classified into four 
distinct pain- related health status subgroups, which 
were associated with sociodemographic and life-
style factors.

 ⇒ Differences in the pain- related health status be-
tween subgroups were evident at baseline and were 
relatively stable over time. Greater use of opioids, 
anti- inflammatories and prednisolone and changes 
in biologic therapy were seen in those with poorer 
pain- related health status.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

 ⇒ This study highlights the importance of evaluating 
the overall well- being and pain experience of those 
living with RA from the outset, with a view to the 
development of appropriate management strategies 
in addition to suppression of disease inflammation.
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INTRODUCTION
Over the last two decades, significant improvements in 
disease- related outcomes in rheumatoid arthritis (RA) are 
evident.1–3 Patients presenting with inflammatory arthritis 
suspicious of RA are diagnosed earlier and treated inten-
sively, alongside the major advances in targeted therapy 
using biologic/targeted synthetic disease modifying 
anti- rheumatic drugs (b/tsDMARDs).1 2 4–6 However, 
mismatch between low disease activity or disease remis-
sion and patient- reported outcomes such as pain, fatigue 
and global disease activity remains. This is an ongoing 
treatment conundrum in the context of a treat- to- target 
approach in RA, especially in those with persistent pain 
despite remission in disease inflammation.7 8

Conventionally, the 28- Joint Disease Activity Score 
(DAS28), a universal composite scoring tool, is commonly 
used by treating physicians and in clinical trials to 
assess disease activity and treatment response in RA.9 10 
However, careful interpretation of the DAS28 scoring is 
crucial when it comes to determining disease remission 
objectively. For instance, discordance between the objec-
tive clinical assessment of joint inflammation and patient 
global disease activity (PGA) in the DAS28 scoring was 
observed in one- third of a multi- ethnic adult RA study 
cohort on treatment.11 Patients with RA who have 
achieved a state of DAS28 remission may still experience 
clinically significant pain.7 Similarly, McWilliams and 
colleagues identified 58% and 27% of their study cohort 
had partial improvement in pain and worsening pain 
after 12 months respectively, as assessed by the change of 
the DAS28- P index (defined as ‘the proportion of DAS28 
contributed by the patient- reported components’) over 
time.12 We recently showed that persistently high DAS28- P 
index scores predicted poor treatment response in an 
Australian early RA cohort, reflecting risks of underdiag-
nosed non- inflammatory pain and unnecessary escalation 
of RA treatment.13 Such phenomenon is also observed 
in those with RA disease remission assessed using other 
index- based criteria endorsed by the American College 
of Rheumatology (ACR) and the European Alliance of 
Associations for Rheumatology (EULAR).14 As high-
lighted by Studenic and his colleagues, two- thirds of their 
RA outpatient cohort achieved ‘near- remission’ based 
on fulfilling three of four of the Boolean- based criteria, 
with PGA being the primary limiting variable in defining 
disease remission.15 Additionally, a cross- sectional study 
in Portugal demonstrated lack of ultrasonographic 
disease inflammation in RA patients with high levels of 
PGA reporting who were otherwise in remission.16 More 
importantly, in a recent meta- analysis, despite using the 
ACR/EULAR Boolean- based remission criteria, patients 
in near- remission scored similarly in their PGA levels 
compared with those in non- remission, potentially with 
unintended risks of unnecessary treatment escalation.17 
These findings highlight the nuances behind the role of 
the PGA beyond the objective measure of disease remis-
sion in real- world clinical practice and the importance of 
dissecting the intention of treatment in RA, especially in 

those with persistent pain despite objective evidence of 
disease control.

Health status is regarded as the overall perception of 
the state of physical health, mental health and social well- 
being, and is an ever- changing metric in one’s life course, 
ranging from a state of wellness to illness onset and its 
trajectory, if present.18–20 In patients with RA, persistent 
pain may have an impact on their overall health status, 
as pain is regarded as the highest outcome priority for 
improvement.2 21–23 Persistent pain in RA is multifac-
eted, largely driven not only by the complex dynamics 
between peripheral joint inflammation and nociplastic 
central pain processing, but it is also by the totality of the 
overall lived experience of the individual’s health over 
time.24 25 For example, higher levels of pain experienced 
in RA were significantly correlated with poor quality of 
life, defined by reduced overall health perception, lack 
of independence and decline in biopsychosocial func-
tioning.11 26–30 Therefore, looking into the intertwined 
relationship between the complex dynamics of pain 
in RA and the negative corollary health outcomes that 
followed has the potential to provide further insights into 
the overall impression of the well- being of the person 
living with RA. To date, little is known of the temporal 
relationship between pain and health status of patients 
living with RA, and more importantly, how pain- related 
health status trajectories translate into the patterns of 
medication use.

In this longitudinal study of a national cohort of 
patients with established RA, we first aimed to identify 
distinct subgroups of trajectories of self- reported pain- 
related health status, measured by different pain- related 
health outcome measures. Second, we aimed to examine 
the baseline sociodemographic and comorbidities within 
each of these identified trajectories. Finally, we aimed to 
use these identified trajectories as predictors of the time- 
varying effects on medication use.

METHODS
Study database
The Australian Rheumatology Association Database 
(ARAD) is a voluntary national registry founded in 2001 
that aims to collect longitudinal data on long- term safety 
and effectiveness of b/tsDMARDs and health outcomes 
in patients with inflammatory arthritis. Information on 
the ARAD establishment, methodology and governance 
has been discussed in detail previously.31 32

In brief, ARAD participants with inflammatory arthritis 
completed self- reported questionnaires biannually 
(options of paper or online format from August 2009) 
until January 2014. Since then, questionnaires have been 
completed once every year after the initial 2 years of bian-
nual follow- up. These self- reported questionnaires consist 
of sociodemographic information, current arthritis- 
related medication use, comorbidities (ie, comorbid 
medical illnesses), symptoms related to arthritis, and 
measures of health outcomes and quality of life.

 on July 30, 2023 by guest. P
rotected by copyright.

http://rm
dopen.bm

j.com
/

R
M

D
 O

pen: first published as 10.1136/rm
dopen-2022-002962 on 28 July 2023. D

ow
nloaded from

 

http://rmdopen.bmj.com/


3Pisaniello HL, et al. RMD Open 2023;9:e002962. doi:10.1136/rmdopen-2022-002962

Rheumatoid arthritisRheumatoid arthritisRheumatoid arthritis

All ARAD participants provided written permission to 
be contacted by ARAD investigators and written informed 
consent for study participation and for anonymous data 
analyses and associated data linkages. Ethics approval for 
ARAD has been granted by 18 committees snd organisa-
tions across all Australian states and territories.

Eligibility criteria
Study participants were selected from an ARAD snapshot 
from August 2021. Inclusion criteria were participants 
with rheumatologist- diagnosed RA and aged between 
25 and 75 years old at diagnosis. We included ARAD 
participants who entered ARAD within 5 years of diag-
nosis and with at least 3 years of follow- up, therefore the 
study comprised participants with their RA diagnosis date 
between 1998 and 2018. Baseline data on age, gender, 
smoking and alcohol history, body mass index (BMI), 
education, employment, disability and comorbidities 
were extracted from the self- reported responses provided 
at ARAD entry.

Study outcomes
In this study, for included ARAD participants, five different 
self- reported pain- related health outcome measures 
derived from the ARAD questionnaires were used in the 
analysis, encompassing the overall pain experience and 
health status over time. These were (1) arthritis- related 
disability measured by the Health Assessment Question-
naire Disability Index, HAQ- DI (0–3 scale, higher score 
indicates higher level of disability), (2) pain level over 
the past week, measured on a 0–100 mm visual analogue 
score, VAS scale (higher score indicates greater pain), 
(3) participant- reported arthritis ‘condition’ (disease 
impact) measured on a 0–100 mm scale (higher score 
indicates worse arthritis), (4) participant- reported global 
health item measured on a 0–100 mm scale (higher 
score indicates better global health) and (5) the utility 
composite score of the Assessment of Quality of Life, 
AQoL, which ranges from 1.00 (indicating full health), 
to 0.00 (indicating death- equivalent), and to −0.04 (indi-
cating a state worse than death).33–36

Socioeconomic status
In addition to education level and disability support 
reported in ARAD, socioeconomic status (SES) was also 
measured by the Index of Socioeconomic Advantage and 
Disadvantage (IRSAD), and Socio- Economic Indexes 
for Areas (SEIFA) developed by the Australian Bureau 
of Statistics.37 The IRSAD quintile, according to 2016 
Australian population census data, was assigned using 
SA1 areas, which are the smallest SEIFA, and correspond 
to an average of 400 people.

Comorbidity index
A modification of the Rheumatic Disease Comorbidity 
Index (RDCI) was used as a measure of comorbidity 
(range 0–9), with osteoporosis substituted for frac-
ture.38 Additional comorbidities in relation to medical 
illnesses that contribute to the index were lung disease, 

cardiovascular disease, hypertension, depression, cancer, 
gastrointestinal ulcer or stomach problems.

Medications
Current use of opioids, non- steroidal anti- inflammatory 
drugs (NSAIDs), oral glucocorticoids, oral and subcuta-
neous methotrexate, and b/tsDMARDs were obtained 
from each completed questionnaire, however, dosage 
information was not available.

Statistical analysis
All analyses were performed in Stata V.16.1 (StataCorp 
LLC, TS, USA).

Trajectories of self-reported pain-related health outcome 
measures
Group- based multi- trajectory modelling, using all five 
self- reported pain- related health outcome measures, 
was performed to identify distinct groups of participants 
followed from ARAD baseline to a maximum of 15 years. 
Analysis was performed using the Stata ado ‘traj’, which 
uses a discrete mixture modelling approach, a form of 
group- based trajectory modelling (GBTM), to stratify 
latent subgroups of participants based on homogeneity 
of between- individual trajectories for which follow- up 
time was modelled as a continuous variable, with both 
linear and quadratic terms.39–41 The optimal number of 
trajectory groups was established based on the model 
selection criteria using the Akaike information criteria 
(AIC), Bayesian information criteria (BIC), entropy 
(which determines the overall probability of the individ-
uals being accurately assigned to a homogenous trajec-
tory) and the log- likelihood.39–42 The reporting of this 
trajectory analysis was prepared in accordance with the 
Guidelines for Reporting on Latent Trajectory Studies 
Checklist.43

Baseline comparisons between the identified trajectory 
groups for sociodemographic, medication use and other 
relevant variables were performed using the Jonckheere- 
Terpstra test for ordinal data.

Medication use
Trajectory subgroups were considered as the predictors 
in a random intercept, longitudinal panel regression 
analysis of NSAIDs, glucocorticoids, opioids, metho-
trexate and b/tsDMARDs use over follow- up, using 
both binomial and multinomial (for b/tsDMARD use 
only) models. The results were interpreted as predicted 
marginal probabilities (with 95% CI) and orthogonal 
polynomial linear contrasts were used to assess ordinal 
trends between trajectory groups. The results were 
also presented as (subject- specific) ORs and the corre-
sponding 95% CI, with all p values of <0.05 being consid-
ered statistically significant.

Modification of b/tsDMARD was also examined by 
time- to- event analysis in which failure times were defined 
at the initiation of, or change in, b/tsDMARD treatment. 
Multiple failures (modifications of b/tsDMARD) were 
possible for each individual, and therefore these data 
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Table 1 Baseline data on general demographics, socioeconomic demographics, medication use and comorbidities for 
participants stratified by pain- related health status trajectory groups

Baseline All Group 1 (better) Group 2 Group 3
Group 4 
(poorer) ptrend

Number of participants, N 988 169 285 316 218

Age at diagnosis: mean (SD) 53 (11) 50 (12) 52 (11) 54 (11) 54 (11) 0.005

Age at ARAD entry: mean (SD) 54 (11) 52 (12) 54 (11) 56 (11) 54 (11) 0.003

Disease duration (years): mean 
(SD)

2.3 (1.4) 2.3 (1.4) 2.2 (1.4) 2.4 (1.3) 2.4 (1.4) 0.17

Follow- up years: mean (SD) 6.7 (4.1) 6.9 (4.3) 7.2 (4.3) 6.7 (4.3) 5.9 (4.1) 0.004

Females: n (%) 703 (71%) 94 (56%) 200 (70%) 241 (76%) 168 (77%) <0.001

BMI (WHO category): n (%) <0.001

  Normal 156/643 (24%) 40/121 (33%) 62/206 (30%) 40/194 (21%) 14/122 (11%)

  Overweight 228/643 (35%) 60/121 (50%) 74/206 (36%) 62/194 (32%) 32/122 (26%)

  Obese 259/643 (40%) 21/121 (17%) 70/206 (34%) 92/194 (47%) 76/122 (62%)

Current smoker: n (%) 160/987 (16%) 18 (11%) 40 (14%) 61 (19%) 41 (19%) 0.009

Disability support: n (%) 111 (11%) 0 14 (5%) 33 (10%) 64 (29%) <0.001

Education: n (%) <0.001

  Did not complete high school 245/987 (25%) 35 (21%) 62 (22%) 86 (27%) 62 (28%)

  Completed high school 337/987 (34%) 60 (36%) 77 (27%) 114 (36%) 86 (39%)

  Post high school 405/987 (41%) 74 (44%) 146 (51%) 115 (37%) 70 (32%)

SES quintile**: n (%) <0.001

  Q1 (lowest) 163/831 (20%) 15/141 (11%) 40/229 (17%) 63/271 (23%) 45/90 (24%)

  Q2 173/831 (21%) 36/141 (25%) 38/229 (17%) 51/271 (19%) 48/90 (25%)

  Q3 178/831 (21%) 29/141 (21%) 41/229 (18%) 67/271 (25%) 41/90 (22%)

  Q4 160/831 (19%) 22/141 (16%) 56/229 (24%) 53/271 (20%) 29/90 (15%)

  Q5 (highest) 157/831 (19%) 39/141 (28%) 54/229 (24%) 37/271 (14%) 27/90 (14%)

Comorbidity index: mean (SD) 1.0 (1.3) 0.6 (0.9) 0.8 (1.1) 1.1 (1.3) 1.8 (1.6) <0.001

Trajectory analysis outcomes

  HAQ- DI: mean (SD) 1.0 (0.7) 0.4 (0.5) 0.7 (0.6) 1.2 (0.5) 1.7 (0.7) <0.001

  Pain VAS: mean (SD) 46 (26) 26 (24) 40 (23) 51 (23) 61 (21) <0.001

  Arthritis condition VAS: mean 
(SD)

46 (26) 27 (26) 40 (25) 53 (22) 61 (21) <0.001

  Global health VAS: mean (SD) 63 (20) 76 (19) 69 (17) 60 (17) 48 (19) <0.001

  AQoL utility index: mean (SD) 0.52 (0.25) 0.74 (0.21) 0.63 (0.18) 0.48 (0.19) 0.26 (0.17) <0.001

Medications: n (%)

  Opioids 330 (33%) 25 (15%) 70 (25%) 121 (38%) 114 (52%) <0.001

  Prednisolone 471 (48%) 66 (39%) 141 (49%) 146 (46%) 118 (54%) 0.022

  NSAIDs 444 (45%) 72 (43%) 138 (48%) 147 (47%) 87 (40%) 0.37

  Methotrexate 723 (73%) 141 (83%) 219 (77%) 210 (66%) 153 (70%) <0.001

  Other csDMARD 20 (2%) 1 (0.6%) 4 (1.4%) 9 (29%) 6 (2%)

  b/tsDMARD 537 (54%) 91 (54%) 148 (52%) 167 (53%) 131 (60%) 0.17

Trend tests (ptrend) were performed using the Jonckheere- Terpstra test.
*SES was measured by the Index of Relative Socioeconomic Advantage and Disadvantage (IRSAD).
AQoL, Assessment of Quality of Life; ARAD, Australian Rheumatology Association Database; BMI, body mass index; b/tsDMARDs, 
biologic/targeted synthetic disease modifying anti- rheumatic drugs; csDMARDs, conventional synthetic disease modifying anti- 
rheumatic drugs; HAQ- DI, Health Assessment Questionnaire Disability Index; NSAIDs, non- steroidal anti- inflammatory drugs; SES, 
socioeconomic status; VAS, visual analogue score.
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were analysed by a random effects, parametric Weibull 
‘survival’ model, which models the baseline hazard rate 
and allows for within- individual dependencies between 
treatment failure episodes. The Weibull survival model 
had both proportional- hazards (PH) and accelerated 
failure- time (AFT) parameterisations, and both were 
reported. Regression coefficients for the PH model 
were expressed as HRs, with values of >1 indicating an 
increased risk of ‘failure’ occurring compared with the 
reference group at any given time point. For the AFT 
model, the regression coefficients were expressed as 
time ratios (TRs), with values of <1 indicating shorter b/
tsDMARD ‘failure’ times.

RESULTS
A total of 988 ARAD participants were included in the 
study, the majority of whom were of Caucasian ancestry 
(93%) and spoke English at home (98%). Participants 
were predominantly female (71%) with a mean age at 
ARAD entry of 54 years (SD of 11) and a mean disease 
duration of 2.3 years (SD 1.4). The mean ARAD follow- up 
time was 6.7 years (maximum 15 years), as outlined in 
table 1.

Description of trajectories
Using multi- trajectory modelling, study participants were 
stratified into four, approximately equally sized, distinct 
pain- related health status groups. Four subgroups were 
selected based on the best model fit (minimum AIC, BIC 
and log- likelihood criteria) and a high entropy score 
(the average posterior probability of class membership) 
(table 2). Additional information on the model output 
was reported in online supplemental file.

The fitted multi- trajectories over time for each outcome 
measure for each group were reported in figure 1. The 
major difference between the groups was readily identifi-
able as the location (level) of the scores for each outcome, 
rather than the shape of the trajectories over time, and in 
fact, changes over time within each group were relatively 
small. Importantly, the patterns across each of the five 
outcome measures were remarkably similar, indicating 

that they measure the same underlying (latent) pain- 
related health construct. The four subgroups of study 
participants were therefore interpreted as an ordered 
classification of pain- related health status ranging from 
‘better pain- related health status’ in group 1 to ‘poorer 
pain- related health status’ in group 4.

Baseline comparisons
Baseline comparisons between the four pain- related health 
status groups were reported in table 1. There was an 
increasing female predominance with poorer pain/health 
status (from 56% in group 1 to 77% in group 4, p<0.001), 
and a relatively small, but statistically significant, trend for 
baseline age (from 52 years in group 1 to 54 years in group 4, 
p=0.003). Importantly, the disease duration at ARAD entry 
was comparable across all four groups. In terms of other 
sociodemographic variables, obesity, current smoking, 
comorbidity index and lower SES indicators (such as educa-
tion level, being on disability support and IRSAD quintile) 
were all associated with poorer pain/health status. Of note, 
30% of those with poorer pain- related health status had 
self- reported diagnosis of depression, which was signifi-
cantly higher than those in the better pain- related health 
status group (3%) (online supplemental table 1).

In detail, the five pain- related health outcome measures 
used for the multi- trajectory analysis were each different 
at baseline between the four groups of participants. When 
comparing the ‘better’ (group 1) to ‘poorer’ (group 4) 
groups at baseline, the HAQ- DI increased from 0.4 to 1.7, 
pain VAS from 26 to 61, arthritis condition VAS from 27 
to 61, whereas the global health VAS decreased from 76 
to 48 and the AQoL utility index decreased from 0.74 to 
0.26 (all p<0.001). This was accompanied by an increase 
in baseline opioid use (from 15% to 52%), predniso-
lone use (from 39% to 54%), and perhaps surprisingly, 
lower methotrexate use (from 83% to 70%), which was 
possibly offset by a statistically non- significant increase in 
b/tsDMARD use (from 54% to 60%, p=0.17). However, 
differences in medication use between the pain- related 
health status groups was subsequently explored in detail 
over the duration of follow- up.

Table 2 Model fit selection criteria for choosing the optimal number of trajectory latent classes (groups), and the number of 
participants assigned to each class

N_classes AIC BIC LL Entropy
Class 1 
(%)

Class 2 
(%)

Class 3 
(%)

Class 4 
(%)

Class 5 
(%)

1 146 116 146 165 146 096 100 – – – –

2 135 720 135 808 135 684 0.95 49 51 – – –

3 132 739 132 866 132 687 0.92 35 37 28 – –

4 131 391 131 558 131 323 0.88 17 29 32 22 –

5 Inestimable (singular variance- 
covariance matrix)

– – – – – –

Lower values of the Akaike information criterion (AIC), the Bayesian information criterion (BIC) and the log- likelihood (LL) indicate better 
model fit. Entropy is the average posterior probability of class membership, with values closer to one indicating greater precision, and values 
>0.7 indicating satisfactory discrimination between classes.
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Figure 1 Changes in five self- reported pain- related health status outcomes in rheumatoid arthritis during ARAD follow- up. The 
outcomes (top to bottom panels) were the Health Assessment Questionnaire Disability Index (HAQ- DI), a pain visual analogue 
score (VAS), an arthritis condition VAS, patient’s global health assessment and the Assessment of Quality of Life (AQoL) utility 
index. Four different longitudinal trajectory groups were identified (left to right panels). Each panel depicts the fitted regression 
line (estimated with both linear and quadratic terms for follow- up time) and mean estimates (symbols) at follow- up times for 
each outcome for each trajectory group. ARAD, Australian Rheumatology Association Database.
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Table 3 Longitudinal random effect panel regression modelling analysis of the four pain- related health status trajectory 
groups as predictors for medication use during Australian Rheumatology Association Database follow- up

Trajectory group Marginal probability (95% CI) OR (95% CI) P value

Opioid use: plinear<0.001

  Group 1 (better) 0.08 (0.05 to 0.10) 1 (base)

  Group 2 0.18 (0.15 to 0.21) 4.7 (2.6 to 8.7) <0.001

  Group 3 0.36 (0.33 to 0.40) 24.9 (13.7 to 45.4) <0.001

  Group 4 (poorer) 0.57 (0.52 to 0.62) 116.1 (61.0 to 221.1) <0.001

Prednisolone use: plinear<0.001

  Group 1 (better) 0.26 (0.21 to 0.30) 1 (base)

  Group 2 0.36 (0.32 to 0.41) 3.3 (1.5 to 7.2) 0.003

  Group 3 0.44 (0.39 to 0.48) 7.5 (3.4 to 16.2) <0.001

  Group 4 (poorer) 0.53 (0.48 to 0.57) 23.0 (9.9 to 53.7) <0.001

NSAID use: plinear=0.003

  Group 1 (better) 0.27 (0.23 to 0.32) 1 (base)

  Group 2 0.39 (0.35 to 0.43) 2.7 (1.5 to 4.7) 0.001

  Group 3 0.41 (0.37 to 0.45) 3.2 (1.8 to 5.6) <0.001

  Group 4 (poorer) 0.37 (0.32 to 0.42) 2.4 (1.3 to 4.3) 0.005

Methotrexate use: plinear=<0.001

  Group 1 (better) 0.78 (0.74 to 0.82) 1 (base)

  Group 2 0.75 (0.71 to 0.78) 0.60 (0.28 to 1.33) 0.21

  Group 3 0.65 (0.61 to 0.70) 0.20 (0.09 to 0.44) <0.001

  Group 4 (poorer) 0.68 (0.63 to 0.74) 0.28 (0.12 to 0.65) 0.003

Other csDMARDs use: plinear p=0.001

  Group 1 (better) 0.01 (0.00 to 0.02) 1 (base)

  Group 2 0.02 (0.01 to 0.03) 3.7 (0.6 to 24.7) 0.18

  Group 3 0.04 (0.03 to 0.06) 21.9 (3.6 to 134.4) 0.001

  Group 4 (poorer) 0.04 (0.03 to 0.05) 15.2 (2.3 to 100.5) 0.005

b/tsDMARD use

  1. No b/tsDMARDs: plinear=0.34

   Group 1 (better) 0.35 (0.30 to 0.39) 1 (base)

   Group 2 0.32 (0.29 to 0.35) 1 (base)

   Group 3 0.32 (0.29 to 0.36) 1 (base)

   Group 4 (poorer) 0.31 (0.27 to 0.35) 1 (base)

  2. TNF inhibitors: plinear=0.002

   Group 1 (better) 0.56 (0.51 to 0.61) 1 (base)

   Group 2 0.55 (0.52 to 0.59) 1.14 (0.6 to 2.2) 0.69

   Group 3 0.50 (0.46 to 0.53) 0.85 (0.44 to 1.62) 0.61

   Group 4 (poorer) 0.48 (0.44 to 0.53) 0.86 (0.42 to 1.75) 0.68

  3. Other b/tsDMARDs: plinear<0.001

   Group 1 (better) 0.09 (0.06 to 0.12) 1 (base)

   Group 2 0.13 (0.10 to 0.15) 2.19 (0.95 to 5.05) 0.065

   Group 3 0.18 (0.15 to 0.20) 4.47 (1.98 to 10.09) <0.001

   Group 4 (poorer) 0.21 (0.17 to 0.24) 6.87 (2.87 to 16.46) <0.001

Results are reported as both marginal probabilities (frequencies) and ORs with 95% CIs. Significance values are derived from both 
orthogonal polynomial linear contrasts of the marginal probabilities (plinear) reflecting an overall ordinal trend, and Wald tests for individual 
ORs (p value).
b/tsDMARDs, biologic/targeted synthetic disease modifying anti- rheumatic drugs; csDMARDs, conventional synthetic disease 
modifying anti- rheumatic drugs; NSAID, non- steroidal anti- inflammatory drug; TNF, tumour necrosis factor.
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Longitudinal (panel) mixed model regression analysis of 
medication use
Table 3 outlined the time- varying differences in medica-
tion use between the pain- related health status trajectory 
groups during ARAD follow- up.

Opioid, prednisolone and NSAIDs use each increased 
across the four pain- related health status groups. The 
difference in opioid use was the most marked, with the 
marginal probability increasing from 0.08 in the ‘better 
pain- related health status’ group (group 1) to 0.57 in 
the ‘poorer pain- related health status’ group (group 4) 
(plinear<0.001). The marginal probability for prednisolone 
use was overall quite high, with an increase from 0.26 to 
0.53 (plinear<0.001).

In terms of DMARD use, the trend towards lower meth-
otrexate use in those with poorer pain- related health 
status observed at baseline continued during follow- up 
with marginal probability ranging from 0.78 to 0.68 

(plinear<0.001). Although the use of other conventional 
synthetic DMARDs was low overall, the use of these medi-
cations increased with poorer pain- related health status. 
Overall, b/tsDMARD use was comparable across the four 
pain- related health status groups (p=0.34) but varied by 
type of b/tsDMARD. Specifically, tumour necrosis factor 
(TNF) inhibitor use decreased with poorer pain- related 
health status (marginal probability decreased from 
0.56 to 0.48, plinear=0.002), which was compensated by 
an increase in the use of other b/tsDMARDs (marginal 
probability increased from 0.09 to 0.21, plinear<0.001).

Time-to-event analysis of b/tsDMARD modification
A total of 1567 b/tsDMARD modification episodes were 
identified for 988 participants in this analysis, with a 
median number of 2 episodes. The underlying hazard 
rate for b/tsDMARD modification (figure 2) indicated 
that the risk of b/tsDMARD treatment modification was 

Figure 2 Marginal hazard rate for recurrent biologic/targeted synthetic disease modifying anti- rheumatic drug (b/tsDMARD) 
modification events estimated from a random effects Weibull parametric time- to- event proportional hazards model. The risk 
(hazard) of a b/tsDMARD treatment modification was greatest during the first 2 years or so following ARAD entry, and stabilised 
thereafter. ARAD, Australian Rheumatology Association Database.

Table 4 Time- to- event analysis of recurrent biologic/targeted synthetic disease modifying anti- rheumatic drug treatment 
modifications

Trajectory group
HR
(95% CI) Time ratio (95% CI) P value

Group 1 (better) 1 (base) 1 (base)

Group 2 1.20 (1.01 to 1.42) 0.67 (0.46 to 0.98) 0.041

Group 3 1.58 (1.35 to 1.87) 0.36 (0.25 to 0.52) <0.001

Group 4 (poorer) 1.78 (1.50 to 2.10) 0.28 (0.19 to 0.41) <0.001

Analysis was performed by a random effects parametric Weibull time- to- event proportional hazards model, which may be parameterised as 
either an increased risk (HR) or accelerated failure time (time ratio).
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highest within the first 2 years or so after ARAD study 
entry and plateaued thereafter.

Similar to our other results, there was an ordinal trend 
across the poorer pain- related health status groups, and 
the HR for b/tsDMARD modification for the ‘poorer 
pain- related health status’ (group 4) compared with the 
‘better pain- related health status’ (group 1) was 1.78 
(95% CI 1.50 to 2.10, p<0.001), as outlined in table 4. 
Alternatively, the AFT parameterisation indicated that 
the time to b/tsDMARD modification/failure was shorter 
by approximately 70% for group 4 participants compared 
with group 1 participants.

DISCUSSION
In this study of patients with rheumatologist- diagnosed 
RA, we used multi- trajectory analysis to identify subgroups 
of participants with an increasingly poorer pain- related 
health status. This type of analysis enabled us to examine 
risk factors, changes over time and medication use.

Our results highlight the strong interdependency 
between pain experience and overall health status in 
patients with RA. In part, pain experience in RA may be 
a proxy for the overall health status of the individuals. 
Notably, we observed these parallel patterns of synchro-
nous trajectories of high pain and poor global health 
and more disability, and vice versa, from the outset and 
throughout the study follow- up period. Further, the 
changes over time within trajectory groups were minimal 
relative to the differences between groups, implying that 
DMARD treatment alone may not be sufficient to manage 
chronic pain in RA. However, there may be a window of 
opportunity early in the course of RA disease to identify 
patients at high risk of developing persistent pain.

Our study results showed that lifestyle factors, comor-
bidities and socioeconomic indicators, which are likely 
inter- related, were risk factors for a persistently poorer 
pain- related health status. These findings are similar to 
those from a large French observational study, which 
highlighted the temporal implications of pain heteroge-
neity and sociodemographic characteristics throughout 
the disease course.44 Over the last two decades, the 
comorbidity burden at the time of RA diagnosis has risen, 
implying the need for early identification and better treat-
ment tailoring for these at- risk individuals.45 Additionally, 
our study findings have demonstrated high proportions 
of self- reported depression in those with poorer pain- 
related health status. The burden of pain in RA is highly 
correlated with levels of anxiety and depression, high-
lighting the unmet needs to consider open discussion 
of any psychological factors early on with these at- risk 
individuals, and to provide early psychosocial support or 
interventions as necessary.30 46

The use of opioids, prednisolone and NSAIDs 
throughout follow- up was higher in participants with 
worsening pain- related health status. The relationship 
with opioid use was the most marked, and consistent with 
a prior study of opioid use in the ARAD cohort which 

concluded that NSAID and DMARD treatment did not 
obviate opioid use in all patients.47 Evidence for the bene-
fits of opioid use in treating RA pain is minimal, resulting 
in a conditional recommendation against opioid use in 
the latest Australian Living Guideline for the treatment 
of inflammatory arthritis.48 Concerningly, a recent Amer-
ican study has demonstrated that despite increasing 
awareness of the risks and harms associated with opioid 
use, chronic opioid use approximately doubled in 
patients with RA between 2002 and 2015, and was asso-
ciated with pain, antidepressant use, high disease activity 
and disability.49 In terms of prednisolone use, the Austra-
lian Living Guideline for the treatment of inflammatory 
arthritis recommends against long- term use of gluco-
corticoids in RA, and suggest aiming for the lowest dose 
and shortest possible duration of use of glucocorticoids 
when used for treatment of disease flare or as a bridging 
therapy when initiating DMARDs.50 The relatively high 
probability of prednisolone use in this study, even in 
those with better pain- related health status, is potentially 
of concern. However, there is insufficient information 
in ARAD in terms of disease activity, prednisolone dose 
and duration to determine the appropriate prescribing 
of prednisolone in this study. Overarchingly, our study 
findings suggest that individuals with poorer pain- related 
health status did not experience abrogation of their pain 
level over time, despite greater use of opioids, prednis-
olone and anti- inflammatories. These at- risk individuals 
warrant further attentions when it comes to dissecting 
the underlying natural history of their pain experience, 
particularly in differentiating inflammatory and non- 
inflammatory pain in RA. In a proof- of- concept study by 
Wohlfahrt and her colleagues, lower knee pressure pain 
thresholds and conditioned pain modulation were shown 
to be predictive of DAS28 in those with low- moderate 
disease activity (pre- DMARD) and with higher baseline 
disease activity (post- DMARD), respectively.51 Using these 
indices of pain sensitisation measures, in addition to the 
standard disease activity composite measures, may allow 
future personalised mechanism- specific pain interven-
tions in RA, targeting those with PGA- near remission.52

The propensity of participants with RA and with poorer 
pain- related health status to have both used non- TNF 
inhibitor biological therapy, and experienced more b/
tsDMARD treatment modifications, is consistent with 
more refractory and difficult- to- treat disease. Indeed, a 
prior study of ARAD participants identified that a lack 
of treatment response and side effects were the most 
common reasons for changing b/tsDMARDs, regardless 
of the line of treatment choice.53 High pain level at the 
outset which persisted for up to 12 months was a strong 
predictor of discontinuation of TNF inhibitors, as shown 
in a British study of patients with RA.54 Intriguingly, this 
was predominantly driven by the patient- reported pain/
health components (as opposed to the inflammatory 
components) of the DAS28.54

In the current T2T strategy in managing patients with 
RA, the best approach to implement PGA in assessing 
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disease activity in RA remains controversial. Specifically, 
dilemma remains on how best to incorporate a compre-
hensive evaluation of the overall well- being and the 
patient- reported disease impact of individuals living with 
RA, distinct from the disease inflammation.17 Although 
PGA is not necessarily a true reflection of biomarker of 
disease activity in RA, our study confirms the importance 
of early and consistent identification and intervention 
of pain- related health concerns in those at- risk individ-
uals throughout the disease trajectory, as proposed in 
the current EULAR definition of ‘difficult- to- treat’ RA.55 
There is emerging evidence that the treatment response 
with regards to the self- reported pain/health (tender joint 
counts, global health) components of the DAS28 may be 
uncoupled from the inflammatory components response 
in some patients when assessing RA disease activity, 
suggesting a greater contribution of non- inflammatory 
factors, including central sensitisation, to pain in these 
patients.12 13 In addition, a pragmatic dual- target strategy, 
focusing on disease inflammation and disease impact 
as separate composite indices, has been proposed to 
further refine the definition of disease remission in 
RA.17 56 57 Focusing on capturing target information on 
disease impact, Patient Experienced Symptom State and 
seven items of Rheumatoid Arthritis Impact of Disease 
are some of the promising PGA tools that are feasible 
and universally acceptable for regular use in clinical 
practice.17 58 59 Unfortunately, in our study, we were not 
able to evaluate this factor as disease activity information 
was not available in the ARAD cohort. Nonetheless, our 
study results indicate there is an unmet need to incorpo-
rate a careful well- being evaluation of patients with high 
pain and poor health status at diagnosis with the view 
to the development of appropriate management strate-
gies in addition to suppression of inflammatory disease. 
Overarchingly, when implemented early from the outset 
of RA diagnosis, integrative health approaches such 
as psychological and social welfare access and support, 
interventions in physical activity and lifestyle factors, 
and management of comorbidities and related modifi-
able risk factors may influence the overall outlook of the 
health status of patients living with RA.60 61 Timely use of 
these valuable integrative health strategies may promote 
more sustainable multidisciplinary care for patients with 
RA.

This was a long- term longitudinal study of pain- related 
health outcomes in a well- characterised, well- treated 
Australian RA cohort. Australia has universal healthcare, 
and all participants were under the care of a rheuma-
tologist, with access to appropriate medications under 
the Pharmaceutical Benefits Scheme (PBS). Further, 
our cohort was homogenous in relation to ancestry and 
language. Therefore, confounding due to major inequi-
ties in access to, and navigation of healthcare were likely 
to be minimised. However, there are other limitations 
in our study. First, disease activity information was not 
available, limiting our study capability to track the rela-
tionship between disease activity and pain/health status. 

Second, medication use was self- reported. Although the 
accuracy of self- reported medication use by ARAD partic-
ipants has been previously validated against data from 
the Australian PBS, dosage information and exact dura-
tion of medication use was not available.62 63 Third, data 
on other non- inflammatory rheumatological diagnoses 
were not specifically captured in the ARAD dataset, and 
therefore, our study results may not be generalisable to 
patients with RA and other concomitant chronic pain 
conditions such as fibromyalgia. Fourth, in our trajec-
tory analysis, although we did not perform any training, 
testing and validation of our study dataset, we have based 
our optimal model selection on the recommended stan-
dard model parameters required for trajectory study 
reporting, such as the use of AIC, BIC, log- likelihood 
criteria, entropy and the average posterior probability of 
class membership.43

In summary, poorer pain- related health status in 
patients with diagnosed RA in this ARAD cohort is asso-
ciated with sociodemographic and lifestyle factors, and 
these time- varying factors do not appreciably improve 
during follow- up despite increased opioids, predniso-
lone and anti- inflammatory medication use as well as 
b/tsDMARD treatment modification. Early identifica-
tion of those potentially at risk of worse prognosis in the 
context of persistently poorer pain- related health status 
in RA is necessary. Holistically, there is an unspoken 
requisite to consider the overall outlook of well- being 
in patients with RA when assessing disease activity and 
treatment response, ideally at the time of diagnosis and 
continuously throughout the disease course. Having 
better understanding of the evolution of health status in 
patients living with RA, alongside their pain experience, 
will fundamentally enrich the opportunities in providing 
high- quality patient- focused care.
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Four groups, 5 outcome trajectory model 
 
988 observations read. 
3 had no trajectory data in one or more models. 
985 observations used in the trajectory model. 
  

 1.HAQ 
                        Maximum Likelihood Estimates 
                        Model: Censored Normal (cnorm) 
 
                                       Standard       T for H0: 
 Group   Parameter        Estimate        Error     Parameter=0   Prob > |T| 
  
 1       Intercept        -0.06313      0.03255          -1.939       0.0525 
         Linear           -0.01045      0.00122          -8.561       0.0000 
         Quadratic         0.00006      0.00001           6.610       0.0000 
  
 2       Intercept         0.49903      0.02125          23.489       0.0000 
         Linear           -0.00630      0.00073          -8.689       0.0000 
         Quadratic         0.00004      0.00000           7.220       0.0000 
  
 3       Intercept         1.09758      0.01960          55.994       0.0000 
         Linear           -0.00274      0.00069          -3.964       0.0001 
         Quadratic         0.00002      0.00000           4.043       0.0001 
  
 4       Intercept         1.68822      0.02343          72.060       0.0000 
         Linear            0.00200      0.00090           2.215       0.0268 
         Quadratic        -0.00001      0.00001          -1.519       0.1288 
  
         Sigma             0.50134      0.00447         112.256       0.0000 
  

2. PainWeek 
                        Maximum Likelihood Estimates 
                        Model: Censored Normal (cnorm) 
 
                                       Standard       T for H0: 
 Group   Parameter        Estimate        Error     Parameter=0   Prob > |T| 
  
 1       Intercept        15.60993      1.07749          14.487       0.0000 
         Linear           -0.18391      0.03921          -4.691       0.0000 
         Quadratic         0.00130      0.00027           4.787       0.0000 
  
 2       Intercept        32.32869      0.87359          37.007       0.0000 
         Linear           -0.09043      0.02954          -3.061       0.0022 
         Quadratic         0.00064      0.00020           3.138       0.0017 
  
 3       Intercept        46.52522      0.78020          59.632       0.0000 
         Linear            0.01334      0.02808           0.475       0.6348 
         Quadratic         0.00020      0.00020           1.013       0.3112 
  
 4       Intercept        58.55165      0.96685          60.559       0.0000 
         Linear            0.08709      0.03723           2.339       0.0193 
         Quadratic        -0.00036      0.00027          -1.296       0.1952 
  
         Sigma            20.83857      0.15436         134.998       0.0000 
  

3.Arthcond 
                        Maximum Likelihood Estimates 
                        Model: Censored Normal (cnorm) 
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                                       Standard       T for H0: 
 Group   Parameter        Estimate        Error     Parameter=0   Prob > |T| 
  
 1       Intercept        15.55170      1.10300          14.099       0.0000 
         Linear           -0.21834      0.04003          -5.455       0.0000 
         Quadratic         0.00141      0.00028           5.087       0.0000 
  
 2       Intercept        32.42543      0.89413          36.265       0.0000 
         Linear           -0.12636      0.03016          -4.190       0.0000 
         Quadratic         0.00078      0.00021           3.758       0.0002 
  
 3       Intercept        47.05029      0.79555          59.142       0.0000 
         Linear           -0.03811      0.02879          -1.324       0.1855 
         Quadratic         0.00034      0.00020           1.680       0.0929 
  
 4       Intercept        57.36250      0.98789          58.066       0.0000 
         Linear            0.05893      0.03782           1.558       0.1192 
         Quadratic        -0.00028      0.00028          -1.023       0.3064 
  
         Sigma            21.25620      0.15766         134.821       0.0000 
  

4. Health 
                        Maximum Likelihood Estimates 
                        Model: Censored Normal (cnorm) 
 
                                       Standard       T for H0: 
 Group   Parameter        Estimate        Error     Parameter=0   Prob > |T| 
  
 1       Intercept        81.29972      0.85919          94.623       0.0000 
         Linear            0.12357      0.03110           3.973       0.0001 
         Quadratic        -0.00091      0.00021          -4.224       0.0000 
  
 2       Intercept        72.47985      0.66679         108.699       0.0000 
         Linear            0.05356      0.02322           2.307       0.0211 
         Quadratic        -0.00034      0.00016          -2.113       0.0346 
  
 3       Intercept        61.80468      0.62737          98.514       0.0000 
         Linear            0.03977      0.02275           1.748       0.0804 
         Quadratic        -0.00028      0.00016          -1.791       0.0734 
  
 4       Intercept        48.91202      0.76541          63.903       0.0000 
         Linear            0.10332      0.02958           3.493       0.0005 
         Quadratic        -0.00071      0.00022          -3.280       0.0010 
  
         Sigma            16.45292      0.12034         136.720       0.0000 
  

5. Aqol 
                        Maximum Likelihood Estimates 
                        Model: Censored Normal (cnorm) 
 
                                       Standard       T for H0: 
 Group   Parameter        Estimate        Error     Parameter=0   Prob > |T| 
  
 1       Intercept         0.80817      0.00856          94.448       0.0000 
         Linear            0.00103      0.00030           3.413       0.0006 
         Quadratic        -0.00001      0.00000          -3.083       0.0021 
  
 2       Intercept         0.68344      0.00643         106.267       0.0000 
         Linear            0.00081      0.00022           3.650       0.0003 
         Quadratic        -0.00001      0.00000          -3.875       0.0001 
  
 3       Intercept         0.51275      0.00619          82.881       0.0000 
         Linear            0.00053      0.00022           2.468       0.0136 
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         Quadratic        -0.00001      0.00000          -4.187       0.0000 
  
 4       Intercept         0.27277      0.00746          36.575       0.0000 
         Linear           -0.00020      0.00028          -0.711       0.4770 
         Quadratic        -0.00000      0.00000          -0.523       0.6011 
  
         Sigma             0.15819      0.00120         131.528       0.0000 
  
  Group membership 
  
 1       (%)              17.13935      1.27724          13.419       0.0000 
 2       (%)              28.85902      1.53871          18.755       0.0000 
 3       (%)              31.97457      1.56734          20.401       0.0000 
 4       (%)              22.02707      1.35673          16.235       0.0000 
  
  
 BIC=-131690.88 (N=49352)  BIC=-131557.80 (N=985)  AIC=-131391.45  ll= -131323.45 
 
 Entropy = 0.881 
 



Supplementary Table 1: Baseline data on comorbidities (comorbid medical illnesses) for ARAD participants stratified by trajectories 
of pain-related health status  
 
Baseline Group1 (better) Group2 Group3 Group4 (poorer) P-value Total 
Number of participants, N 169 285 316 218 

 
988 

COMORBIDITIES: n (%) 
      

        Hypertension 28 (17%) 58 (20%) 77 (24%) 70 (32%) <0.001 233 (24%) 
        Hypercholesterolemia 15 (9%) 37 (13%) 55 (17%) 30 (14%) 0.085 137 (14%) 
        Cardiovascular diseases1 0 4 (1.4%) 5 (1.6%) 12 (5.5%) < 0.001 21 (2%) 
        Diabetes mellitus2 9 (5%) 21 (7%) 27 (9%) 24 (11%) 0.038 81 (8%) 
        Thyroid disease 7 (4%) 24 (8%) 33 (10%) 28 (13%) 0.003 92 (9%) 
        Lung diseases3 9 (5%) 21 (7%) 36 (11%) 41 (19%) <0.001 107 (11%) 
        Gastrointestinal diseases4 9 (5%) 36 (13%) 56 (18%) 49 (22%) <0.001 150 (15%) 
        Osteoporosis 5 (3%) 23 (8%) 32 (10%) 23 (11%) 0.008 83 (8%) 
        Depression 5 (3%) 28 (10%) 41 (13%) 66 (30%) < 0.001 140 (14%) 

 
ARAD: Australian Rheumatology Association Database,  
1Cardiovascular diseases include angina (stable/unstable), heart attack, coronary artery bypass graft and coronary angioplasty/stenting. 
2Diabetes mellitus include insulin- and non-insulin dependent types. 
3Lung diseases include asthma, bronchiectasis, and smoking-related disease. 
4Gastrointestinal diseases include ulcers, reflux, hiatus hernia, Crohn’s disease, and ulcerative colitis.  
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6.5 Summary 

Pain-related health outcome measures are important determinants that reflect the overall 

well-being and pain experience in patients with RA. Using the 15-year follow-up ARAD data 

of five different self-reported pain-related health outcome measures (Health Assessment 

Questionnaire Disability Index, visual analogue scores for pain, arthritis, global health, and 

the Assessment of Quality of Life utility index), four trajectories of varying pain-related health 

status, ranging from ‘better’ to ‘poorer’, were identified. In this trajectory analysis, pain 

experience and health status were found to be strongly interdependent in RA.  

 

In those with poorer pain-related health status, several main findings were observed: 

• Significant sociodemographic indicators – female predominance, obesity, current 

smoking, more comorbidities (including depression) and lower socioeconomic 

status (including lower education level and disability support use)  

• Significantly greater use of opioid, prednisolone and NSAID use  

• More biologic modifications (despite a homogenous pattern of biologic use between 

groups during follow-up) and greater tendency of non-tumour necrosis factor 

inhibitor use 

 

Early identification of patients with high pain and poor health status at the time of diagnosis 

of RA is necessary. This initial step may provide a window of opportunity to intervene early 

with psychosocial support and management of comorbidities and other modifiable risk 

factors. 

 

To better understand the characteristics of individuals with persistent use of opioid, 

important determinants such as opioid-induced hyperalgesia or opioid-related sensitisation 

should be considered, which are beyond the information available in the ARAD dataset. 

Additionally, pain-related psychosocial determinants (such as catastrophising, coping, self-

efficacy, depression, anxiety, and stress) of those with poorer pain-related health status are 
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important considerations in the study analysis, of which such data is not completely 

available in the ARAD and therefore, limiting further sub analysis of these psychosocial 

factors. 
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Chapter 7: Trajectories of Pain-Related 

Health Status in RA and the Associations 

with Hospitalisations and Mortality Risk 

7.1 Preface 

The study presented in this chapter is an extension from the research work done in Chapter 

6. In this study, using the identified trajectory subgroups of pain-related health outcomes as 

predictors, as captured by the same clustering method used in study presented in Chapter 

6, the time-varying effects on hospitalisations, mortality risk and causes of death were 

examined. 

 

This study is written as a short clinical paper and is presented in a manuscript format in this 

chapter, and it has been submitted as a Letter to a peer-reviewed journal, Annals of the 

Rheumatic Diseases. As it is submitted as a Letter, I have written this study with a word 

limit of 600 and a reference limit of 6 in accordance with the journal submission guideline. 

The numbered references in this manuscript have been reformatted accordingly in this 

thesis, corresponding to the Reference thesis chapter. The Statement of Authorship is 

included. To end, I present the chapter summary and main findings identified from this 

study. 
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ABSTRACT 

Aim: Distinct trajectory groups of self-reported pain-related health states in patients with RA 

were identified, and their relationships with hospitalisation, mortality rates, and causes of death 

(COD) were examined.  

 

Methods: 806 ARAD participants with RA and data linkage consent to the Australian Death 

Registry (72% female, mean age 54 years) were included. Distinct multi-trajectories for five 

different self-reported pain/health outcome measures (Health Assessment Questionnaire-

Disability Index, visual analogue scores for pain, arthritis, global health, and the Assessment 

of Quality of Life-utility index) were identified using group-based trajectory modelling. 

Hospitalisation events were analysed by longitudinal logistic regression. Survival analysis 

included Cox regression and comparison to matched Australian population mortality rates (18 

years of follow-up). ICD10-defined COD were analysed by competing risks regression. 

 

Results: Four distinct pain/health status trajectory groups were identified, ranging from 

“better” to “poorer”, each with relatively stable trajectories over time. Hospitalisation rates were 

highest in those with poorer pain/health status (OR 3.09, 95%CI 2.3, 4.2). Mortality was 

increased in participants with the poorer pain/health status (Group 4), either when compared 

to Groups 1-3 (HR 2.4, 95%CI 1.5, 3.8), or the Australian population (SMR 2.3, 95%CI 1.6, 

3.3, p<0.001). Mortality was not increased in Groups 1-3 (SMR 1.1, 95%CI 0.8, 1.5). 

Circulatory diseases (cardiovascular and cerebrovascular) were the predominantly reported 

COD in this poorer pain/health status group compared to other trajectory groups (subhazard 

ratio 8.3, 95%CI 2.2, 31.7).  

 

Conclusion: Poorer pain-related health status in RA is associated with higher hospitalisation 

and mortality rates, with circulatory diseases being the predominant COD. 

 

Word count: 250 
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Pain is a highly prioritised symptom reported by patients with rheumatoid arthritis (RA)(1). 

Persistent pain in RA may exist despite minimal disease activity and is often experienced as 

chronic widespread pain (CWP). Consequently, limited physical and social functioning, 

adverse psychological health and poor self-efficacy can occur and may contribute towards a 

downtrending health status trajectory(2, 3). In a combined UK Biobank study and meta-analysis, 

in the general population, CWP was highly associated with increased mortality rates, primarily 

driven by poor lifestyle factors(4). The burden of persistent pain in RA is well-recognised and 

mortality gap is globally higher in RA(5, 6). However, the relationship between persistent pain 

and poor health outcomes in RA is largely unknown. 

 

Using the Australian Rheumatology Association Database (ARAD), a large voluntary national 

registry with longitudinal self-reported data on treatment and health outcomes in inflammatory 

arthritis, we first identified distinct trajectory groups of pain-related health states in participants 

aged 25-75 years old and with rheumatologist-diagnosed RA. These participants entered 

ARAD within 5 years of diagnosis and with at least 3 years of follow-up and provided data 

linkage consent. Mortality data linkage to the Australian Death Registry was performed in early 

2020. Distinct multi-trajectories using five different self-reported pain-related health outcome 

measures (Health Assessment Questionnaire Disability Index, visual analogue scores for 

pain, arthritis, global health, and the Assessment of Quality of Life utility index) were identified 

using latent discrete mixture modelling. Using these identified trajectory groups as predictors, 

we then examined their relationships with hospitalisations, mortality risk and causes of death 

(COD). Hospitalisation events were analysed by longitudinal logistic regression with 

covariates (gender, time-varying age, baseline comorbidity index and trajectory groups). 

Survival analysis included Cox regression stratified by gender and included covariates 

(diagnosis, age, and baseline comorbidity index). Mortality rates were matched to the 

Australian population mortality rates over 18 years of follow-up and standardised mortality 

ratios (SMRs) were calculated. ICD10-defined COD were analysed by competing risks 

regression. 
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From 806 included ARAD participants (72% female, mean age at diagnosis 54 years), four 

distinct pain/health status trajectory groups were identified, ranging from “better” to “poorer”, 

each with relatively stable trajectories over time (Figure S1).  Participants with the poorer 

pain/health status (Group 4) were more likely to be obese and have a higher comorbidity index 

and lower socioeconomic status (Table 1). Hospitalisation rates were highest in those with 

poorer pain/health status (odds ratio, OR 3.09, 95%CI 2.3, 4.2) (Table S1). Excess mortality 

was observed in participants with the poorer pain/health status (Group 4), either when 

compared to Groups 1-3 (hazard ratio, HR 2.4, 95%CI 1.5, 3.8), or the Australian population 

(SMR 2.3, 95%CI 1.6, 3.3, p<0.001) (Table 2; Table S2 and Figure S2). Notably, mortality was 

not increased in Groups 1-3 (SMR 1.1, 95%CI 0.8, 1.5). Circulatory diseases (cardiovascular 

and cerebrovascular) were the most frequently reported COD in this poorer pain/health status 

group compared to other trajectory groups (subhazard ratio, SHR 8.3, 95%CI 2.2, 31.7) 

(Tables S3 and S4).   

 

This is the first study to demonstrate the association between poorer pain-related health status 

in RA and higher hospitalisation events and excess mortality, with circulatory diseases being 

the predominant COD. More importantly, this study has suggested that the mortality gap 

remains significantly higher in those with RA and poorer pain-related health status compared 

to the Australian general population. Overall, the burden of increased mortality risk in RA may 

be largely borne by this identifiable subset of patients, implying a need to implement timely 

and strategic multi-dimensional pain management and in parallel, to consider the overall 

health and well-being of these patients throughout their disease trajectory.  

 

Word count:  594 (limit 600) 
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TABLES 

Table 1: Baseline data on general demographics, socioeconomic demographics, comorbidity 

index, pain-related health outcome measures and medication use for participants stratified by 

pain-related health status trajectory groups. Trend tests (ptrend) were performed using the 

Jonckheere-Terpstra test 

 

Table 2: Standardised Mortality Rates (SMR) compared to age, sex and calendar year 

matched Australian population mortality rates  
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Table 1: Baseline data on general demographics, socioeconomic demographics, comorbidity 

index, pain-related health outcome measures and medication use for participants stratified by 

pain-related health status trajectory groups. Trend tests (ptrend) were performed using the 

Jonckheere-Terpstra test 

 

1Jonckheere-Terpstra non-parametric test for ordered alternatives 
2Socioeconomic Status (SES) was measured by the Index of Relative Socio-economic Advantage and 
Disadvantage (IRSAD) 
3Health Assessment Questionnaire Disability Index 
4Visual Analogue Score 
5Assessment of Quality of Life 
6Disease-modifying anti-rheumatic drug 

Baseline Group1 (better) Group2 Group3 Group4 (poorer) p-val1 ALL 

N 143 (18%) 232 (29%) 255 (32%) 176 (22%)  806 

Age at Diagnosis: mean (sd) 51 (12) 51 (12) 54 (11) 54 (11) 0.022 52 (11) 

Age at ARAD entry: mean (sd) 52 (12) 53 (12) 55 (11) 55 (11) 0.013 54 (11) 

Disease duration: mean (sd) 2.4 (1.3) 2.1 (1.3) 2.4 (1.3) 2.4 (1.4) 0.37 2.3 (1.3) 

Females: n (%) 82 (57%) 159 (69%) 198 (78%) 139 (79%) <0.001 578 (72%) 

BMI (WHO category)       

N 105 173 171 105  554 

Normal 35 (33%) 52 (30%) 36 (21%) 12 (11%) <0.001 135 (24%) 

Overweight 51 (49%) 60 (35%) 52 (30%) 29 (28%)  192 (35%) 

Obese 19 (18%) 61 (35%) 83 (49%) 64 (61%)  227 (41%) 

Current smoker 12 (8%) 31 (13%) 48 (19%) 31 (18%) 0.026 122 (15%) 

Education (N = 987)       

Did not complete High School 33 (23%) 57 (25%) 76 (30%) 62(35%) 0.001 228 (28%) 

Completed High School 46 (32%) 56 (24%) 83 (33%) 53 (30%)  238 (30%) 

Post High School 64 (45%) 119 (51%) 96 (38%) 61 (35%)  340 (42%) 

Comorbidity Index: mean (sd) 0.6 (0.8) 1.0 (1.2) 1.3 (1.4) 2.0 (1.6) <0.001 1.2 (1.4) 

SES quintile2 (SA1), : n (%)       

N 119 186 221 156  682 

1 (lowest) 14 (12%) 38 (20%) 50 (23%) 39 (25%) <0.001 141 (21%) 

2 29 (24%) 35 (19%) 43 (19%) 40 (26%)  147 (22%) 

3 28 (24%) 30 (16%) 55 (25%) 37 (24%)  150 (22%) 

4 18 (15%) 44 (24%) 44 (20%) 23 (15%)  129 (19%) 

5 (Highest) 30 (25%) 39 (21%) 29 (13%) 17 (11%)  115 (17%) 

HAQ-DI3: mean (sd) 0.31 (0.46) 0.69 (0.54) 1.19 (0.50) 1.70 (0.50) <0.001 1.00 (0.70) 

Pain VAS4: mean (sd) 24.6 (22.9) 39.9 (23.1) 50.7 (21.7) 62.8 (21.1) <0.001 45.6 (25.5) 

Arthritis VAS score: mean (sd) 25.5 (24.6) 40.6 (24.5) 52.1 (22.5) 61.9 (21.7) <0.001 46.1 (26.3) 

Patient global health: mean (sd) 78.0 (15.8) 69.3 (16.7) 59.7 (17.2) 49.1 (18.8) <0.001 63.5 (19.8) 

AQoL5 utility index: mean (sd) 0.75 (0.18) 0.63 (0.17) 0.48 (0.18) 0.27 (0.17) <0.001 0.53 (0.24) 

Any DMARD6: n (%) 136 (95%) 213 (92%) 220 (86%) 155 (88%) 0.001 724 (90%) 

Methotrexate: n (%) 126 (88%) 196 (84%) 186 (73%) 139 (79%) 0.003 647 (80%) 

bDMARDs7: n (%) 81 (57%) 122 (53%) 144 (56%) 110 (63%) 0.16 457 (57%) 

Prednisolone: n (%) 58 (41%) 126 (54%) 131 (51%) 103 (59%) 0.008 418 (52%) 

Opioids: n (%) 24 (17%) 65 (28%) 105 (41%) 102 (58%) <0.001 296 (37%) 

NSAIDs8: n (%) 64 (45%) 121 (52%) 130 (51%) 79 (45%) 0.85 394 (49%) 
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7Biologic DMARDs 
8Non-steroidal anti-inflammatory drugs 
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Table 2: Standardised Mortality Rates (SMR) compared to age, sex and calendar year 

matched Australian population mortality rates  

 

 Trajectory Group N Observed deaths Expected deaths person-years SMR (95% CI) p-val 

Group 1,2,3 630 45 40.41 5624.32 1.11 (0.83, 1.49) 0.47 

Group 4 176 29 12.50 1493.94 2.32 (1.61, 3.34) <0.001 

All 806 74 52.91 7118.26 1.40 (1.11, 1.76) 0.004 

 
 

 



SUPPLEMENTARY FILE 
 
Figure S1: Longitudinal trajectories for each of the defined participant trajectory subgroups 

for each of the five outcomes: Health Assessment Questionnaire Disability Index (HAQ-DI), 

Pain visual analogue score (VAS), Arthritis condition VAS, patient global health assessment 

and Assessment of Quality of Life (AQoL) utility score 

 

 

 
  

 
 
  

 

                                                

                                               

              

 
 
 

 
 

 
 

 
 

                                                

                                                   

              

 
 
 

 
 

 
 

 
 

                                                

                                                                        

              

 
 

 
 

 
 

 
 
 

                                                

                                                            

              

 
  
 

  
  
 

 

                                                

                                                    

              



Figure S2: Kaplan-Meier Survival curves for participants stratified by pain-related 

health status trajectory groups 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

    

    

    

    

    

    

 
 
  
  
 
 

        

                    

              

              

               

       



Table S1: Longitudinal (panel) regression logistic regression model for hospitalisation1 

 

Covariate Odds Ratio (95% CI) p-value 

Trajectory Group:  

Group 1 1 (base)  

Group 2 1.30 (0.99, 1.72) 0.059 

Group 3 1.87 (1.42, 2.45) <0.001 

Group 4 3.09 (2.29, 4.17) <0.001 

Sex:   

Males 1 (base)  

Female 0.81 (0.67, 0.99) 0.039 

Age 1.01 (1, 1.02) 0.019 
Baseline comorbidity index 1.04 (0.98, 1.11) 0.20 

1Participants were asked if they had been in hospital since their last ARAD questionnaire 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Table S2: Cox proportional hazards regression (stratified by sex), adjusted for age at 

diagnosis and baseline comorbidity index. Results were reported as Hazard Ratios (HR) with 

95% confidence intervals (95% CI) 

 

Covariate HR (95% CI) p-val 

Trajectory Group   
Group 1 1 (base)  
Group 2 0.96 (0.42, 2.19) 0.93 

Group 3 1.24 (0.58, 2.65) 0.58 

Group 4 2.58 (1.23, 5.39) 0.012 

Age at diagnosis 1.10 (1.07, 1.08) <0.001 

Baseline comorbidity index 0.91 (0.78, 1.08) 0.28 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
Table S3: Underlying cause of death (COD) by ICD10 Chapter. Results are reported as 

SubHazard Ratios (SHR), with 95% confidence intervals (95% CI), from a competing risks 

regression analysis for Trajectory Group 4 compared to Groups 1,2,3 combined 

 
COD ICD Chapter ICD10 codes Group 1,2,3 Group 4 Total SHR (95% CI) p-val 

N  630 176 806   
Cancer C00.0/D48.9 13 8 21 2.20 (0.92, 5.30) 0.077 

Circulatory I00.0/I99.9 3 7 10 8.26 (2.16, 31.69) 0.002 

Respiratory J00.0/J99.9 3 2 5 2.38 (0.40, 14.31) 0.34 

Musculoskeletal M00.0/M99.9 3 4 7 4.77 (1.08, 21.13) 0.040 

Other  11 5 16 1.63 (0.60, 4.68) 0.36 

Not reported  12 3 15   
All deaths   45 29 74     

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Table S4: Itemised Causes of Death 

 

CAUSE OF DEATH N 

A00–B99: Certain infectious and parasitic diseases  

A09.9 Gastroenteritis and colitis of unspecified origin 1 

C00–D48: Neoplasms  

C15.9 Malignant neoplasm: Oesophagus, unspecified 1 
C16.9 Malignant neoplasm: Stomach, unspecified 1 
C19 Malignant neoplasm of rectosigmoid junction 2 
C20 Malignant neoplasm of rectum 1 
C25.9 Malignant neoplasm: Pancreas, unspecified 1 
C26.0 Malignant neoplasm: Intestinal tract, part unspecified 1 
C32.0 Malignant neoplasm: Glottis 1 
C34.9 Malignant neoplasm: Bronchus or lung, unspecified 5 
C43.9 Malignant neoplasm: Malignant melanoma of skin, unspecified 1 
C45.9 Mesothelioma, unspecified 2 
C49.9 Malignant neoplasm: Connective and soft tissue, unspecified 1 
C50.9 Malignant neoplasm: Breast, unspecified 2 
C71.9 Malignant neoplasm: Brain, unspecified 1 
D43.2 Neoplasm of uncertain or unknown behaviour: Brain, unspecified 1 

E00–E90: Endocrine, nutritional and metabolic diseases  

E11.7 Type 2 diabetes mellitus: With multiple complications 1 
E11.9 Type 2 diabetes mellitus: Without complications 1 
E14.2 Unspecified diabetes mellitus: With renal complications 1 

G00–G99: Diseases of the nervous system  

G12.9 Spinal muscular atrophy, unspecified 1 
G37.8 Other specified demyelinating diseases of central nervous system 1 

I00–I99: Diseases of the circulatory system  

I21.9 Acute myocardial infarction, unspecified 1 
I25.9 Chronic ischaemic heart disease, unspecified 3 
I35.0 Aortic (valve) stenosis 1 
I51.6 Cardiovascular disease, unspecified 1 
I61.9 Intracerebral haemorrhage, unspecified 2 
I63.9 Cerebral infarction, unspecified 1 
I64 Stroke, not specified as haemorrhage or infarction 1 

J00–J99: Diseases of the respiratory system  

J18.9 Pneumonia, unspecified 1 
J44.0 Chronic obstructive pulmonary disease with acute lower respiratory 

infection 
1 

J47 Bronchiectasis 1 
J84.9 Interstitial pulmonary disease, unspecified 1 
J86.0 Pyothorax with fistula 1 

K00–K93: Diseases of the digestive system  



CAUSE OF DEATH N 
K57.8 Diverticular disease of intestine, part unspecified, with perforation and 

abscess 
1 

K59.8 Other specified functional intestinal disorders 1 
K81.9 Cholecystitis, unspecified 1 

L00–L99: Diseases of the skin and subcutaneous tissue  

L03.9 Cellulitis, unspecified 1 

M00–M99: Diseases of the musculoskeletal system and connective tissue  

M06.9 Rheumatoid arthritis, unspecified 5 
M32.1 Systemic lupus erythematosus with organ or system involvement 1 
M35.9 Systemic involvement of connective tissue, unspecified 1 

N00–N99: Diseases of the genitourinary system  

N17.0 Acute renal failure with tubular necrosis 1 
N18.5 Chronic kidney disease, stage 5 1 

V01–Y98: External causes of morbidity and mortality  

V47.5 Car occupant injured in collision with fixed or stationary object: Driver 
injured in traffic accident 

1 

W19 Unspecified fall 1 
X44 Accidental poisoning by and exposure to other and unspecified drugs, 
medicaments and biological substances 

1 

X64.5. Intentional self-poisoning by and exposure to other and unspecified 
drugs, medicaments and biological substances 

1 

COD Not reported 15 

ALL DEATHS 74 
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7.4 Summary 

Individuals with chronic pain have an increased mortality risk, primarily due to poor lifestyle 

risk factors, as identified in a large UK Biobank registry data. In this study using the ARAD 

dataset, using similar multi-trajectory analytic method presented in Chapter 6, four distinct 

trajectories of varying pain-related health status in individuals with RA, ranging from ‘better’ 

to ‘poorer’, were identified and their relationships with hospitalisation and mortality rates.  

 

Main findings include: 

• Increased hospitalisation rates were seen in those with poorer pain-related health 

status in RA 

• In parallel, higher mortality risk was identified in those with poorer pain-related health 

status, when compared to the other trajectory subgroups and the Australian 

population. Of note, mortality risk in RA was not identified in the other trajectory 

subgroups 

• In the trajectory subgroup of poorer pain-related health status, circulatory diseases 

(cardiovascular and cerebrovascular) were the most common reported causes of 

death 

 

The above study findings were largely borne by this identifiable subset of patients, further 

stressing the importance of early identification of such patients with high pain and poor 

health status at the time of diagnosis of RA, and to allow appropriate interventions early on.  
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Summary of Section 3 

Section 3 presents the results of chapters 5, 6 and 7, which address the third research 

question in this thesis in terms of evaluating the longitudinal impact of persistent pain in 

arthritis, and specifically in RA.  

 

Stemming from the knowledge gained form the work presented in Chapter 4 on longitudinal 

data analysis, studies presented in this Section 3 have allowed me the opportunities to 

examine the relationships between pain trajectory and important pain-related health 

outcome measures in RA using Australian datasets. 

 

In detail, the study presented in chapter 5 highlights the value of using of DAS28-P index 

score as a discriminatory measure of response to DMARD therapy in an early RA cohort.  

 

In chapters 6 and 7, using multi-trajectory longitudinal data analysis on five different pain-

related health outcome measures obtained from the ARAD dataset on individuals with 

established RA, study results have shown significant associations with some 

sociodemographic indicators (female predominance, obesity, low SES), medication use 

(opioids, prednisolone, NSAIDs), and higher hospitalisation and mortality rates in those with 

poorer pain-related health status. These key study findings have shed some light on the 

attributable burden of persistent pain in RA on treatment and health outcomes, of which 

such impact may be reversible or prevented if these at-risk individuals with high pain and 

poor health status are identified early on at the time of diagnosis. 
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Chapter 8: Discussion 

8.1 Preface 

This chapter presents the overall synthesis of the evidence that emerge from the work 

completed during my PhD candidature.  

 

First, I present an overview of all the research work presented in this thesis, consisting of 

the emerging themes followed by detailed discussions of the key findings for each theme. 

Second, I present the significance and implications of these key findings in real-world 

clinical practice and research. Third, as my remote candidature involved a significant 

amount of time spent overseas, my experience as an overseas postgraduate student and 

the development of my research skills, both remotely in the UK and locally in Australia, are 

presented. Fourth, as Covid-19 hit mid-part during my PhD candidature, I present some of 

the minor Covid-19-related challenges faced. Lastly, I end this chapter by discussing the 

strengths and limitations of my research work. 
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8.2 Overview of the Research 

Overall, this thesis explores the potentials of longitudinal characterisations of pain in RMD. 

This thesis has provided the evidence of the benefits and challenges of using digitalised 

health-related data to inform patterns of pain variability in RMDs using intensive longitudinal 

methods and the possibility of capturing at-risk individuals having persistent pain in RA and 

important negative corollaries that followed in terms of medication use and health-related 

outcomes. 

 

Chronic pain in RMD is prevalent worldwide. At an individual level, the management of 

chronic pain in arthritis is multifaceted, and within the body of research in this thesis, three 

emerging themes are identified: 

 

• Mechanisms of pain measures 

• Longitudinal pain patterns in RMDs 

• Longitudinal effects of persistent pain in RA 

 

Next, I will discuss the abovementioned themes and their corresponding key findings. 
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8.3 Key Research Findings, Significance and 

Implications for Clinical Practice and Research 

8.3.1 Mechanisms of pain measures 

The interpretation of the pain scales and the frequency of pain 

measurements used matter in characterising pain longitudinally 

When patients are asked about their pain level, often, VAS and NRS of pain level are 

commonly used in describing their pain in arthritis and this is most often done 

retrospectively.  In RA, based on the systematic scoping review presented in this thesis, a 

heterogenous pattern of study designs and outcomes is seen, in terms of the types of pain 

scales used as well as the number of timepoints used to longitudinally characterise pain 

patterns over time. Such heterogeneity in study outcomes limits the comparison between 

study results, especially across clinical trials and observational studies. In addition, VAS or 

NRS of pain level are usually considered as ordinal scales, which assumes similar interval 

of difference between each pain level in these scales in order, although the magnitude of 

this interval of difference is not constant, as seen in a temperature range(209). 

 

As we know that pain perception is subjective to individuals and the lived experience of 

chronic pain in arthritis can fluctuate with time, the magnitude of such measure of pain level 

in an ordinal scale may not be the same from time to time, even in the same individual. In 

general, even though VAS or NRS are easily applied in most history taking of pain 

symptoms and is assumed to measure a unidimensional component of pain, caution is 

required when interpreting these pain scales. As shown in Chapter 5 of this thesis, the 

DAS28-P index clearly identifies at-risk individuals with non-inflammatory pain in early RA, 

based on the persistently higher level of the subjective component of VAS PGA within the 

composite score of disease activity, DAS28, regardless of the frequency of timepoints of 

disease outcome measures.   
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Predictors of pain influence pain reporting – an important 

consideration in longitudinal studies 

In the scoping review of this thesis, it is recognised that gender, sociodemographic and 

socioeconomic indicators, psychological status, and sleep are important predictors that 

influence pain level reporting and pain fluctuation. Similarly, as demonstrated in the studies 

presented in Chapters 5, 6, and 7, these important predictors, along with other pain-related 

health outcomes, are also instrumental in explaining the time-varying effects on medication 

use and health outcomes, especially in those with persistent pain. One of the main features 

seen as either a predictor or confounder in the scoping review presented in this thesis is 

female predominance. For instance, higher tendency of pain fluctuation and higher pain 

level reporting were seen in female cohort(187, 203). Similarly, female predominance is a 

prominent feature in most of my studies done in RA cohort presented in this thesis, partly 

highlighting the well-established natural history of RA, that affects mostly women with a 

female to male ratio of 3:1(212, 213). Gender disparity influences the reporting of PROs and 

pain experience, and as such, for trials of evaluating pain and treatment response in RA, 

female predominance is an important confounder to consider in the interpretation of the 

study results of trials evaluating pain and treatment response in RA(214, 215). Cross-cultural 

differences in pain reporting inherently exists in clinical practice and research, therefore, an 

important factor to consider when individuals are asked to express their pain level(211).  

 

Changes in pain over time in arthritis is minimal, regardless of the 

frequency of pain measurements 

The scoping review in this thesis has identified stable pain trajectories in RA, regardless of 

the frequency of timepoints of pain measures. Similarly, stable pain trajectories in OA were 

identified in another systematic review by Previtali and colleagues(227). These findings 

highlight the advantages of using trajectory analytical methods in evaluating the inter-

individual variation of pain over time and identifying at-risk individuals such as those with 

persistent high level of pain or those with increasingly worse pain. However, such analytical 
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approach has limits in clinical practice when concerns of flares or response shift in pain 

level cannot be discerned from an individual level. In Chapter 4 of this thesis, from the 

Cloudy with a Chance of Pain study, patterns of pain improvement are identified in those 

with higher initial pain scores across different inflammatory and non-inflammatory RMDs, 

potentially suggesting regression of mean. It is important to note that in this study, a subset 

cohort data over the first 30-day period was chosen for the analysis, and therefore, 

highlights the importance of considering this phenomenon in repeated data when random 

errors exist(263). Such random errors in terms of within-individual variation in pain may be 

instrumental in explaining the magnitude of change in pain, which is not explicitly described 

in the trajectory analysis. 

 

The role of patient global assessment within the DAS28 composite 

score remains contentious 

DAS28 is commonly used in clinical practice and research to monitor disease activity and 

as a proxy for guiding treatment decision. The study in Chapter 5 has shown not only the 

potentials of using DAS28-P index as a discriminatory measure in treatment response in 

early RA, but the implicit concerns on relying upon the use of DAS28 scores in the current 

treat-to-target approach in achieving disease remission in RA. Specifically, the role of the 

PGA within the DAS28 remains contentious. A large multinational study using the METEOR 

database has shown evidence of high level of PGA in patients having disease remission in 

RA, with implications of predisposing these patients with unnecessary immunosuppressive 

effect from escalation of DMARD therapy(281). However, even though PGA is not predictive 

of radiographic progression based on a large individual patient data meta-analysis study, it 

is shown that PGA remains instrumental in defining patient’s view of disease remission. It 

is also important to note that PGA has been demonstrated to be a limiting factor in defining 

disease remission in RA. For instance, as shown in a study by Studenic and colleagues, 

two-thirds of their RA outpatient cohort achieved ‘near-remission’, defined as the fulfilment 

of three of four Boolean-based criteria, with PGA being the primary limiting variable in 
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defining complete remission(282). As such, a curated approach of incorporating PGA within 

the measures of disease activity is required(282). 

 

8.3.2 Longitudinal pain patterns in RMDs 

Digitalised patient-generated health-related data enables 

longitudinal characterisation of symptoms  

The study presented in Chapter 4 using the Cloudy with a Chance of Pain data subset has 

shown the potentials of using pain symptom data obtained from a smartphone app to inform 

longitudinal patterns of pain over time. It is important to note the limitation of my study 

presented in Chapter in terms of using the first 30-day study period for data completeness.  

Factors influencing study engagement and attrition in mobile health studies should be 

considered when interpreting the study results(251, 283).  

 

Pain trajectory analysis in arthritis allows stratification of 

individuals with varying degree of change in pain over time 

As demonstrated in studies presented in Chapters 5, 6, and 7 in this thesis, distinct 

trajectory subgroups of individuals with varying degree of pain over time in both early and 

established RA are identified using the clustering methods of composite disease activity 

score and pain-related health outcomes respectively. As discussed earlier, at-risk 

individuals can be identified and tailored management of pain and appropriate modification 

of DMARD therapy can be delivered. By stratifying individuals with varying patterns of pain 

over time, an overview of different pain phenotypes that exist in RA is captured, further 

confirming the nature of inter-individual variability of pain in individuals living with RA, 

despite differences in psychosocial factors, sociodemographic indicators, treatment, and 

comorbidities. 
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The magnitude of changes in pain over time is not fully captured 

in traditional pain trajectory analysis 

As discussed earlier, there are limitations in terms of the usefulness of trajectory subgroups 

in informing intra-individual changes in pain, and specifically, in dissecting the magnitude of 

change in pain over time. The response shift of pain is common in individuals experiencing 

chronic pain, whereby the reporting of pain can differ over time due to adaptation of pain 

response over time, even if the pain level experienced may not differ as much(284, 285). 

Additionally, substantial intra-individual variability in the dynamic process of pain experience 

is not captured in traditional pain trajectory analysis, therefore, limiting the granularity 

behind our understanding of the influence of pain variability on pain processing, coping, and 

treatment response(219). Alternative methods of assessing the magnitude of pain variability 

in real-time is required. 

 

8.3.3 Longitudinal effects of persistent pain in RA 

Pain in RA is much more than just a symptom related to the 

arthritis itself 

In the multi-trajectory analysis of pain-related health outcomes in studies presented in 

Chapters 6 and 7 in this thesis, pain in RA is no longer viewed as a physical symptom 

related to the disease itself. In fact, the pain experience and the health status of the 

individuals are interdependent. In detail, the major difference between the trajectory groups 

is readily identifiable as the location (level) of the scores for each pain-related health 

outcome, rather than the shape of the trajectories over time, and in fact, changes over time 

within each group are relatively small. More importantly, the trajectory patterns across these 

five different pain-related health outcomes, when compared individually, are remarkably 

similar, indicating that they measure the same underlying (latent) pain-related health 

construct. Such findings extend the understanding that the management of pain requires a 
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holistic and multidimensional approach of evaluating the overall well-being of individuals, 

especially those at-risk individuals with poorer pain-related health status trajectory.  

 

Disproportionate adjustment in dose and type of DMARD therapy 

in RA is seen in individuals with non-inflammatory pain and poorer 

pain-related health status 

As shown in studies presented in Chapters 5 and 6 in this thesis, a higher tendency to either 

modify DMARD therapy or to increase treatment dose unnecessarily is seen in those with 

non-inflammatory pain and similarly, in those with poorer pain-related health status. As 

shown in study in Chapter 5, uptitration in DMARD dosage, including glucocorticoids, is 

seen in those with non-inflammatory pain subgroups, which is primarily driven by the 

subjective component scores within the DAS28. Similarly, as shown in study in Chapter 6, 

those with poorer pain-related health status are more likely to use glucocorticoids and non-

TNF inhibitor biologic therapy, and to experience more b/tsDMARD treatment modifications, 

consistent with more refractory and difficult-to-treat disease. These at-risk individuals with 

RA are potentially predisposed to intermediate- and long-term DMARD-related and 

glucocorticoid-related adverse effects. In individuals with persistent pain and poorer health 

status, a mindful evaluation of treatment decision and disease-related management is 

required at the time of diagnosis and throughout the disease course, in parallel to their pain 

experience. 

 

Opioid use in RA is at an alarming level for at-risk individuals with 

poorer pain-related health status trajectory 

In the study presented in Chapter 6, opioid use in individuals with poorer pain-related health 

status is alarmingly high, which highlights a consistent finding with a prior study of opioid 

use in the ARAD cohort which concluded that NSAID and DMARD treatment did not obviate 

opioid use in all patients(286). Evidence for the benefits of either weak or strong opioid use 

in treating RA pain is insufficient, and as such, a conditional recommendation against opioid 



 193 

use in the latest Australian Living Guideline for the treatment of inflammatory arthritis is 

proposed(287, 288). Concerningly, a recent American study has demonstrated that despite 

increasing awareness of the risks and harms associated with opioid use, chronic opioid use 

approximately doubled in patients with RA between 2002-2015, and was associated with 

pain, anti-depressant use, high disease activity and disability(289). Opioid use in these at-risk 

individuals should be minimised and long-term use should be avoided. Additionally, at-risk 

individuals with persistent pain and using opioids should be identified and intervened early 

in the disease course to avoid opioid-related harms. 

 

An increase in mortality risk in RA is a major concern in individuals 

with persistent pain, especially of those with poorer health status 

trajectory 

As demonstrated in study presented in Chapter 7, excess in mortality is increased in those 

with persistent pain and of those with poorer pain-related health status, along with having 

the highest hospitalisation rates. Circulatory diseases (cardiovascular and cerebrovascular) 

are the most common contributing causes of death in this at-risk cohort in this study. Such 

finding is a concern on how we currently manage these at-risk individuals, when the 

mortality gap in RA itself is globally higher(280, 290).  In a study investigating excess mortality 

in the same ARAD cohort, the mortality gap in RA increases with time(291). It is imperative 

to consider, in parallel, the influence of persistent pain on health outcomes in RA and the 

impact of other well established risk factors that affect mortality in RA. 
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8.4 Research Skills Attainment 

During my remote candidature period in the UK, as I was working with the Cloudy with a 

Chance of Pain dataset, I have developed my epidemiology knowledge and research skills 

incrementally, particularly with my statistical programming skills in R, Stata, and Python. I 

can independently write the statistical code scripts and interpret the analysis output. As a 

newly qualified rheumatologist at the start of my candidature period, this was a steep 

learning curve as a beginner in clinical research. Furthermore, the effort in preparing and 

analysing such a large dataset is a huge undertaking, only made possible with the privilege 

to work with a multidisciplinary team of different background (epidemiologists, 

rheumatologists, meteorologists, statisticians, mathematicians, postgraduate students with 

heath informatics background, project manager, and the patient and public engagement 

representatives). 

 

Moving forward, as I gained my understanding of analysing pain trajectory and pain 

variability using the Cloudy with a Chance of Pain dataset, I could continue such work using 

local datasets in Australia when I returned to South Australia, namely the Early Arthritis 

Cohort in South Australia and the national ARAD registry.  

 

Most of the chapters presented in this thesis have been prepared in the form of manuscripts 

for publications. Being able to prepare and draft my research work into manuscripts have 

allowed the development of my critical thinking and appraisals of literature reviews, as well 

as constructing sound feedback to co-authors’ comments. 

 

 

 

 

 

 



 195 

8.5 Covid-19 Impact on the Research 

In August 2022, towards the final part of my PhD candidature, I was confirmed Covid-19 

positive based on a polymerase chain reaction (PCR) test done following the known close 

contact exposure of positive Covid-19 case in one my family member. Consequently, I had 

to take 2 weeks of time off research as I was symptomatic and was the primary carer of a 

young child in the family who was also affected. I was able to resume work following the 2-

week break. There was no interruption with the workflow or access for research facility 

during this period. 
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8.6 Strengths of the Research 

The strengths of the body of research in this thesis are: 

• The advantages of having research skills and opportunities gained early in the 

postgraduate study could be applied throughout the completion of this thesis – these 

include statistical programming skills, digital epidemiology, research skills in mobile 

health studies and the foundation in using intensive longitudinal methods 

• A unique opportunity to harness different types of data sources to address the 

research questions, including the application of complex statistical methods to 

analyse different data sources, including the mobile health study and the large 

observational cohort studies 
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8.7 Limitations of the Research 

There are several limitations in the research work presented in this thesis, which are:  

• In the work done using Cloudy with a Chance of Pain smartphone study, a short 

study period was selected during the analysis for data completeness. Hence, results 

from this exploratory work may be subject to selection bias, as highly engaged study 

participants were more likely to contribute data continuously.  

• In the work done using the Australian based observational studies, study 

participants with RA were the focus in this thesis. Therefore, results from this work 

may not be generalisable to individuals with other forms of RMDs, such as OA and 

FM.  

• Overall, the datasets used in the research for this thesis did not include information 

on disease activity, limiting further analysis of the relationship of the disease activity 

and the study outcome of interest such as pain-related health status. Furthermore, 

these datasets consist of mostly self-reported health-related information, which may 

be subject to recall bias or reporting bias.  
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8.8 Summary 

This chapter summarises the overall key findings identified from the research groundwork 

presented in this thesis. Overarchingly, potentials of using digitalised health data in 

providing real-world evidence are outlined, along with the possibility of stratifying individuals 

of varying pain trajectories across different RMDs. Specifically in RA, persistent pain in RA 

is a concern in the current treat-to-target approach and identifying these at-risk individuals 

is pertinent. More importantly, evidence on the attributable burden of persistent pain on 

medication use and important health outcomes including mortality risk is presented. Next, I 

complete this thesis by presenting the conclusion and future directions. 
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Chapter 9: Conclusion and Future 

Directions 

9.1 Conclusion 

The study findings in this thesis have shown significant potentials that arise from the 

application of intensive longitudinal methods in analysing pain in arthritis. Pain trajectory 

analysis allows the opportunity to identify at-risk individuals, particularly of those with 

persistent pain and similarly, of those with varying degree of pain-related health status. 

Changes in pain over time in arthritis is minimal, regardless of the frequency of pain 

measurements. Perhaps, in the traditional pain trajectory analysis, alternative methods in 

assessing pain volatility are likely required. The magnitude of the burden of persistent pain 

and poor health status in RA is significant, with concerning trends of higher tendency of 

unnecessary treatment use and modification and excess mortality risk.  

 

Most importantly, in the early days of the diagnosis of arthritis and throughout the disease 

course, pain and health status should be mindfully evaluated in parallel, with aims to 

improve the outlook of the individuals. Greater awareness of the adverse health-related 

impacts of persistent non-inflammatory pain in at-risk individuals should be a discernible 

priority amongst all treating rheumatologists and other health care professionals. 
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9.2 Future Directions 

Based on the evidence seen in studies presented in this thesis, I present the following 

recommendations relevant for clinical practice and research: 

 

1. Multidimensional measures of pain should be considered in 

longitudinal studies.  

Studies identified through the scoping review have identified the limits of using the VAS or 

NRS in measuring pain level over time, especially in measuring disease activity in 

inflammatory arthritis. Other causes of pain such as neuropathic pain or non-inflammatory 

pain in patients with inflammatory arthritis may be best measured using alternative 

modalities, such as the painDETECT questionnaires or Patient Experienced Symptom 

State (PESS)(90, 292, 293). Given that biopsychosocial factors can influence the pain pattern 

over time, a prognostic risk score using common biopsychosocial variables has potential 

roles in predicting the development and the spread of chronic pain over time, as shown in 

a recent data-driven UK Biobank study(294). Such pain prognostication may optimise 

personalised pain management and targeted cohort selection in research and clinical 

trials(294).   

 

2. Alternative statistical methods are required to assess the 

magnitude of pain variability.  

One of the study limitations in examining pain variability across different RMDs is the 

assumption of linearity of the effect of time on change in pain over time. Such assumption 

is not necessarily true for the true dynamic ebb and flow of pain experience and in the 

traditional pain trajectory analysis, there are limits to explore the magnitude of pain 

variability. Non-linearity in dynamic time series and the constructs of intraindividual pain 

variability may potentially provide new key insights in how we define long-term and short-

term pain variability in real-time. 
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3. Consider dual measures of disease outcomes in terms of 

treatment remission and symptom remission in future ‘treat-to-

target’ strategy in RA.  

Non-inflammatory pain largely influences the current composite disease activity measure, 

the DAS28, attributed to the PGA component. Studies by Ferreira and colleagues have 

recommended the use of dual treat-to-target (dual T2T) strategy, as defined by an aspect 

of controlling disease inflammation (biological remission) and another aspect of controlling 

disease impact (symptom remission). Focusing on capturing target information on disease 

impact, PESS and seven items of Rheumatoid Arthritis Impact of Disease (RAID.7) are 

some of the promising PGA tools that can be conveniently used in clinical practice(292, 295, 

296). Such alternative strategy may further support the acknowledgement of patient’s view of 

their disease activity and subsequent patient-reported satisfaction of being in control of their 

disease trajectory and management. Risk of unnecessary modification of DMARD therapy 

can be minimised using this alternative strategy. 

 

4. Consider objective measures of non-inflammatory pain in RA 

research.  

Studies presented in this thesis have highlighted the importance of identifying patients with 

non-inflammatory pain in RA. Alternative measures to objectively quantify non-inflammatory 

pain in RA are possible such as the use of indices of pain sensitisation, and this is likely 

advantageous in the recruitment and stratification of participants of clinical trials when 

assessing treatment efficacy(297, 298). In a proof-of-concept study by Wohlfahrt and her 

colleagues, lower knee pressure pain thresholds (PPT) and conditioned pain modulation 

(CPM) were shown to be predictive of DAS28 in those with low-moderate disease activity 

(pre-DMARD) and with higher baseline disease activity (post-DMARD) respectively(299). 

Apart from solely characterising pain in RA, by using these indices of pain sensitisation 

measures, alongside the application of standard disease activity composite measures, such 
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assessment may allow future personalised mechanism-specific pain interventions in RA, 

targeting those with PGA-near remission(300). 

 

5. Incorporate a mindful well-being evaluation of patients early 

from the outset at diagnosis in RA with the view to the 

development of appropriate management strategies in addition to 

suppression of inflammatory disease.  

Integrative health approaches are recommended. These measures include accessible 

psychological and social welfare support, timely interventions in physical activity and 

lifestyle factors, and in parallel, consider the management of comorbidities and related 

modifiable risk factors that may influence the overall outlook of the health status(301, 302). 
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Appendices 

Appendix A: Data Cleaning Process for Baseline 

Questionnaires (Cloudy with a Chance of Pain) 
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SUMMARY 

 

This document provides a general overview of my work in preparing the baseline data set 

during my fellowship in Manchester. I have been using R and RStudio for this work (on-site 

and offsite using WakeIT access and Incline). There were some manual work done (i.e., 

changes made manually in the spreadsheet) for the free text columns in the baseline data set 

for conditions and medications. The pain site columns have not been looked into in more 

detail, in terms of identifying single vs multi-site pain. 

 

Section 1 outlines the old baseline data set that I used at the start of my fellowship. This data 

set was valuable to me in terms of learning how to use R. The columns for this old baseline 

data set were used consistently for naming the variable columns in the new data set. There 

was a coding error in naming these columns, identified in May-June 2019, and corrections 

were made accordingly, and the work for this is outlined in Section 5. 

 

Section 2 outlines the Cloudy Data dictionary and its file source. 

 

Section 3 outlines the work in cleaning the free text conditions.  

 

Section 4 and 5 outlines the work in preparing the final baseline data set, and also the work in 

preparing the Table One and flow chart for Cloudy’s main paper. You will find that I have 

separated the work done in Section 4 (before June 2019) and the work done post-

identification of motif coding error (after June 2019).  

 

In each section, you will be able to find the relevant R scripts used for each step and the 

saved files in the R drive. 
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1. OLD BASELINE DATA SET (PRIOR TO MARCH 2018) 

 

An old baseline data set (coded) was previously generated by the Cloudy team prior to my 

arrival in March 2018.  

 

Directory: R:/CloudyWithAChanceOfPain/common_files/data/external/FINALDATA 

File name: baselinedata-clean.csv [dated:12/01/2018] 

 

In this data set, the free text for cond.other has been coded. I believe that the work was done 

by a medical student (?APEP)  under the supervision of the Cloudy team.  

 

I have previously used this baseline data set in my R programming learning and I used this 

data set and old motif data set to generate some graphs as part of my R exercise. This 

baseline data set was not used as the final baseline data set for the Cloudy main paper.  
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2. CLOUDY DATA DICTIONARY 

 

Directory: R:/Projects/CloudyWithAChanceOfPain/analyses/Jess/Cloudy Data/Data 

File name: Cloudy data dictionary.pdf 

 

I use this as my reference for coding the baseline data set and creating the Table One and 

flow chart for the Cloudy main paper.  
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3. CLEANING THE CHRONIC PAIN CONDITIONS IN THE BASELINE DATA SET 

 

At the start of my research fellowship for the first few months in Manchester, whilst learning 

how to code using R, I took the opportunity to look through the free text for ‘cond.other’. I 

also looked at the coded baseline data set to ensure that the free text has been coded correctly. 

I have noted a few observations of which the free text and the coded variables were 

discordant.  

 

Examples: 

 

1. When a study participant reported having osteoarthritis in the free text but did not tick 

the option ‘OA’ (i.e., the coded variable), in the old baseline data set, this study 

participant had two coded conditions, which were ‘OA’ and ‘cond.other’. In fact, this 

participant only had one condition, which is ‘OA’ and the ‘cond.other’ should be 

NA/0.  

2. When a study participant reported having ‘psoriatic arthritis’ in the free text, the 

participant was noted to have two coded conditions, which were ‘SpA’ and 

‘cond.other’. In fact, this participant had psoriatic arthritis, which should not be 

labelled as ‘SpA’ as there is no additional information to say if the psoriatic arthritis is 

an axial disease or peripheral joint disease or both. The option for ‘SpA’ variable is 

specifically pertaining to having either ankylosing spondylitis or axial 

spondyloarthropathy. Therefore, ideally, this participant should have one condition, 

which is ‘cond.artr.unsp’ (free text: psoriatic arthritis – see below) and the ‘cond.spa’ 

should be NA/0.  

 

These are just some examples that prompted me to clean the baseline data set, mainly on the 

free text for chronic pain conditions. This work was done manually in mid-2018 using the csv 

spreadsheet and this work was saved in the R drive. I have previously mentioned this work to 

the Cloudy team during one of those regular fortnightly meeting.  

 

You can find the categorised free text for the chronic pain conditions in this file. 

 

Directory: R:/Projects/CloudyWithAChanceOfPain/analyses/Jess/Cloudy Data/Data 

File name: FINAL-categorised-data-jess-11822.csv [dated: 23/08/2018] 

 

This categorised free text (conditions) data set was eventually merged with a partially cleaned 

baseline data set, which I will outline the process in the next section. 

 

An explanation for the variable names for this csv file is provided in Appendix 1. 
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3.1 FREE TEXT CHRONIC PAIN CONDITIONS THAT HAVE BEEN CODED INTO 

THE PRE-EXISTING CONDITION VARIABLES 

  

Conditions mentioned in the free text that were eligible to be coded in the pre-existing 

‘condition’ variables are listed as follow: 

 

Variable Name Free Text Conditions Eligible for Coding in the Pre-Existing Condition 

Variables 

con.ra Palindromic rheumatoid arthritis 

con.oa Wear and tear, worn thumb joints, joint wear, degenerate bone disease 

con.spa Spondylitis, cervical spondylitis, sacroiilitis, cranial spondylitis, sacroiliac 

arthritis 

con.artr.unsp Juvenile idiopathic arthritis (JIA), palindromic rheumatism, Still disease, 

synovitis, seronegative arthritis/arthropathy/polyarthritis, inflammatory 

arthritis, mono-inflammatory arthritis, arthralgia, inflammatory arthralgia, 

polyarthralgia, psoriatic, psoriatic arthritis, rheumatic pain, enteropathic 

arthritis, lupus polyarthritis, psoriatic rheumatism, joint pain from coeliac 

disease 

con.cwpfm Chronic pain syndrome, chronic pain from injury, chronic pain, central 

pain syndrome 

con.mig Tension headache, familial hemiplegic migraine, cluster headache, 

vestibular migraine, vascular migraine, hemicrania continua 

  

  

Subsequently, once the above free text conditions were coded accordingly to the pre-existing 

‘condition’ variables, then I made their corresponding ‘con.other’ variable as ‘NA/0’ unless 

the participant reported additional free text condition that could not be coded into the pre-

existing ‘condition’ variable. 

 

 

 

 

3.2 OTHER CHANGES MADE TO THE CHRONIC PAIN CONDITIONS 

 

There were some participants with duplicate entry for the baseline. Therefore, it was decided 

that participants with the earliest entry date (based on the ‘start.date.utc’ variable) for their 

baseline data were included and the other duplicates with later date were excluded. 

 

For the OA data entry, I found a number of duplicates (most participants had two duplicates, 

but some had more than two duplicates). Therefore, the presence or absence of having the 

diagnosis of OA was decided based upon the highest total number of similar responses. If the 

total was even, the earliest entry date (based on the ‘start.date.utc’ variable) was chosen to 

confirm the OA diagnosis. 

 

For participants who selected as having ‘con.none’ but also had other ‘condition’ variable(s) 

selected, I changed this ‘con.none’ to NA/0.  
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4. PREPARING THE FINAL BASELINE DATA SET (PRIOR TO JUNE 2019) 

 

4.1 RAW BASELINE AND MOTIF DATA SETS 

 

These are important raw baseline and motif data sets that I use for my work in preparing the 

final baseline data set (prior to June 2019): 

 

Directories:  

- R:/CloudyWithAChanceOfPain/common_files/data/external/FINALDATA 

- R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/DATA 

 

File names: 

- Cloudy Health Questionnaire Baseline-report.xlsx [dated: 29/05/2017] – raw baseline 

data 

- Custom Content Cloudy Health Questionnaire Baseline-report.xlsx [dated: 

29/05/2017] – raw baseline data 

- Osteoarthritis Questionnaire-report.xlsx [dated: 29/05/2017] – raw OA data 

- cloudy-25-05-20172121212_motif_segmentvalue.csv [dated: 26/05/2017] – raw motif 

data 

- Test_User.csv [dated: 02/03/2017] – raw test userids 

 

 

 

4.2 BASELINE DATA PREPARATION 

 

First, I prepared the baseline data using the first 3 files listed above and the work done can be 

found in this R script: 

 

Directory: R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/Scripts 

File name: 071018_baseline-data-preparation.R 

 

Here, I provide you a detailed explanation for this R script: 

 

1. Within the file ‘Cloudy Health Questionnaire Baseline-report.xlsx’, I found some non-

functional users, i.e., 7 blank users and 3 of ‘xxxxx’ users, which I manually removed from 

the spreadsheet. In addition, I removed the column KOALAP from the spreadsheet. Given the 

changes that I made, I saved these changes as a new file: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: NEW-Cloudy Health Questionnaire Baseline-report.csv 

 

In the R script, this file is called ‘bsl.cloudy’. I changed the column names accordingly, as 

follow: 

 

"weird.string", "sex", "yob", "post.code", "site.head", "site.face", "site.mouth.jaws", 

"site.neck.or.shoulder.pain", "site.back.pain", "site.stomach.or.abdominal.pain", 

"site.hip.pain", "site.knee.pain", "site.hands", "site.feet", "site.multi", "site.all", "site.none", 

"cond.ra", "cond.oa", "cond.spa", "cond.gou", "cond.artr.unsp", "cond.cwpfm", "cond.mig", 

"cond.np", "cond.other", "cond.none", "drug.pcmol", "drug.nsaids", "drug.simple.anal", 
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"drug.weak.opiates", "drug.strong.opiates",  "drug.for.np", "drug.other", "drug.none", 

"drug.ster", "drug.dmard", "drug.bdmard", "drug.other.dmard", "belief", "belief.rain", 

"belief.cold", "belief.hot", "belief.dbp", "belief.dt", "belief.other", "via", "via.other", "userid", 

"portalid", "region", "redirect_to", "start.date..utc.", "submit.date..utc.", "network.id" 

 

Note: I retained these variable names from the old baseline data set. However, at that time, I 

was not aware of the coding error of ‘site.none’, which is a non-existent variable. This error 

was discovered in June 2019 as I was cleaning the ‘medication’ variables. 

 

Then, in ‘bsl.cloudy’, I changed the responses to 1 or 0 (i.e. coded responses for each 

variable), except the free text ‘condition’ and ‘drug’ variables.  

 

I saved this coded ‘bsl.cloudy’ in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: CODED-CloudyHealth-11836.csv 

 

Thereafter, I removed the test users from this ‘bsl.cloudy’, for which I created 

‘bsl.cloudyfinal’ in the R script and this file was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: FINAL-CloudyHealth-11800.csv 

 

2. I created a new file for the purpose of this work for file ‘Custom Content Cloudy Health 

Questionnaire Baseline-report.xlsx’, which was saved in: 
 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: NEW-Custom Content Cloudy Health Questionnaire Baseline-report.csv 

 

In the R script, this file is called ‘bsl.custom’. I changed the column names accordingly, 

similar to above. Then, in ‘bsl.custom’, I changed the responses to 1 or 0 (i.e. coded 

responses for each variable), except the free text ‘condition’ and ‘drug’ variables.  

 

I saved this coded ‘bsl.custom’ in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: CODED-CustomContent-351.csv 

 

Thereafter, I removed the test users from this ‘bsl.custom’, for which I created 

‘bsl.customfinal’ in the R script and this file was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: FINAL-CustomContent-351.csv 
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3. I combined both ‘FINAL-CloudyHealth-11800.csv’ and ‘FINAL-CustomContent-351.csv’ 

as ‘bslcombo’ in the R script and this combined data set was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: CLEAN-baselinecombined-12151.csv 

 

4. In this ‘bslcombo’ data set, I identified 273 duplicates, of which I separated this file in R 

script as ‘bslcombo.dupl’ and this data set was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: baselinecombined-duplicates-273.csv 

 

The non-duplicates were separated out from the above, labelled as ‘bslcombo.clean’ in the R 

script and this data set was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: CLEANFINAL-baselinecombined-11878.csv 

 

5. In this ‘bslcombo.clean’, I subset those participants who were within the study period (20-

01-2016 until 20-04-2017), labelled as ‘baselineclean’ in the R script and this data set was 

saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: STUDY-baselinecombined-11822.csv 

 

There were 56 users who were outside of the study period (between 17-12-2015 until 19-01-

2016), labelled as ‘bsl.extra’ in the R script and this data set was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: OUTSTUDY-baselinecombined-56.csv 

 

6. Now, I review the OA data set. Within the ‘Osteoarthritis Questionnaire-report.xslx’ file, 

there were 3 non-identifiable userid and therefore, these were removed manually in the 

spreadsheet and this new data set was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: NEW-Osteoarthritis Questionnaire-report.csv 

 

I removed test users from this file and identified duplicates, labelled as ‘OAduplicate’ in the 

R script and was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: OA-duplicates-1013.csv 



10 
 

The non-duplicate OA file, labelled as ‘OA.notdup’ in the R script, was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: OA-clean-2169.csv 

 

Note: I also manually checked this file and one userid 12022 required manual change of 

response due to >2 duplicates found for this userid. The response was changed based on the 

earliest date of entry. 

 

7. I merged clean OA data set to the baseline data set, i.e., ‘bslstudy’ and ‘OA.notdup’, and 

this file was labelled as ‘bslstudy.OA’ in the R script, and this was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: STUDY-baselinecombined-mergedwithOA-11822.csv 

 

8. I merged the ‘bslstudy.OA’ data set with the free text cond.other file ‘FINAL-categorised-

data-jess-11822.csv’, and this file was labelled as ‘bslfinal’ in the R script and was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: STUDY-complete-baseline-11822.csv 

 

Note: I manually changed ‘con.other’ to ‘cond.other’ as these columns are similar and also 

cond.other free text manually to con.other, in other to retain the free text column in the data 

set. This file was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: STUDY-COMPLETE-set-baseline -11822.csv 

 

Then, for the above data set, I changed the NA to 0, and realign the ‘cond.other’ column to 

match the other columns in the data set. This file was labelled as ‘bslcomplete’ in the R script 

and was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: STUDY-baselineclean-11822.csv 

 

 

 

4.3 MOTIF DATA PREPARATION 

 

This work was mainly done to get the right baseline data set, and has not involved any 

modification to the original motif data set.  

 

Directory: R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/Scripts 

File name: 071018_motif-data-preparation.R 
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Here, I provide you a detailed explanation for this R script: 

 

1. I first retrieved the motif data “cloudy-25-05-20172121212_motif_segmentvalue.csv”, 

which was labelled as ‘motif.raw’ in the R script. I first removed the test userids from this 

data set (file was not saved due to its large volume). Then, I subset those who were within the 

study period (20-01-2016 until 20-04-2017), labelled as ‘motifclean’ in the R script and this 

file was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: STUDY-motifclean-11989.csv 

 

The file having those who were outside the study period with motif data, labelled as 

‘motif.extra’ in the R script, was saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: OUTSTUDY-motif-90.csv 

 

 

 

 

4.4 MERGING BASELINE-MOTIF 

 

This work can be found in: 

 

Directory: R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/Scripts 

File name: 071018_baselinemotif-merged-data-preparation.R 

 

In this R script, I merged both ‘bslclean’ (from file “STUDY-baselineclean-11822.csv”) and 

‘motifclean’ (from file “STUDY-motifclean-11989.csv”) by finding those userids who had 

only either one. I found 11,024 participants with both baseline and motif, 798 participants 

with baseline only (no motif) and 965 with motif only (no baseline). 

 

I saved the file for those 11,024 participants, labelled as ‘baseline.mot’ in the R script, in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: STUDYPERIOD-baselinedata-correctmotif-11024.csv 

 

I saved the file for those 798 participants, labelled as ‘bslonly’ in the R script, in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA 

File name: STUDYPERIOD-baselineonly-798.csv 

 

For those 965 participants with motif data only, this data set was labelled as ‘motifonly’ in 

the R script, but was not saved due to its large volume. 
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These 798 participants with baseline only and 965 participants with motif only were 

discussed in one of the ‘Crunch Time Cloudy’ meetings (together with Jamie, Anna and 

Belay) and it was decided that we only used the data for those within the study period and 

with both baseline and motif data. These steps taken were also discussed and agreed upon in 

the meeting.  

 

I had other scripts subsequent to these work with regards to preparing the Table One and flow 

chart. However, when we discovered the coding mistake with the motif data set in June 2019, 

my role in preparing the Table One and flow chart was on hold until Anna cleaned the motif 

data accordingly. This work will be discussed in the next Section. I have not presented these 

scripts in this document but they can be retrieved through this directory: 

 

Directory: R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/Scripts 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



13 
 

5. PREPARING THE BASELINE DATA SET FOR CLOUDY MAIN PAPER (AFTER 

JUNE 2019) 

 

5.1 CORRECTION FOR BASELINE DATA SET COLUMNS 

 

In May 2019, as part of my PhD work, as I was cleaning the free text for the medications, I 

realised that the baseline columns were labelled wrongly in the old baseline data set (which 

were used consistently in my baseline preparation work in Section 4). I informed Will and the 

Cloudy team about this, and also double checked this using the Cloudy Data Dictionary as 

well as the original questions and options in the uMotif app. There is a Dropbox folder which 

contained these original questions and options for each question in the uMotif app.  

 

This led to my work in correcting the baseline columns, for which this R script can be found 

in: 

 

Directory: R:/CloudyWithAChanceOfPain/analyses/Jess/INCLINE_Jess/PhD/Data 

File name: 210519_script_correctionforbaseline.R 

 

Here, I provide you a detailed explanation for this R script: 

 

I went back to the original file “STUDY-baselinecombined-mergedwithOA-11822.csv”, and 

in the R script, this file was labelled as ‘bslstudy.OA’.  

 

I corrected the column names for: 

 

1) site.none – changed to ‘cond.final.none’ 

2) cond.none – changed to ‘drug.final.none’ 

3) drug.none – changed to ‘drug.dmard.none’ 

 

Then, I merged the free text condition file (“FINAL-categorised-data-jess-11822.csv”) to the 

above data set ‘bslstudy.OA’, which is then labelled as ‘bslfinal’ in the R script. 

 

Within this ‘bslfinal’ data set, I tried to realign the variables thst start with ‘cond.’ with the 

correctly labelled variables that start with ‘con.’. Additionally, I check for multiple conditions 

and had new column created for this purpose. I also corrected the ‘cond.final.none’ to reflect 

those who truly reported no chronic pain condition.  

 

As I need to manually correct the free text for the medications, I saved this ‘bslfinal’ data set 

in: 

 

Directory: R:/CloudyWithAChanceOfPain/analyses/Jess/INCLINE_Jess/PhD/Data 

File name: 210519_cleanbaseline_correctcodedconditions_11822.csv 

 

Note: In the R script, this directory was not labelled correctly as I had to move around my 

folder due to my remote work away from UoM.  

 

After I have manually corrected the medications, I saved the changes in this new file: 

 

Directory: R:/CloudyWithAChanceOfPain/analyses/Jess/INCLINE_Jess/PhD/Data 

File name: 210519_cleanbaseline_correctcondition_correctdrug_11822.csv 
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Within the same R script, I opened the above file 

“210519_cleanbaseline_correctcondition_correctdrug_11822.csv” and labelled it as ‘newbsl’ 

in the script. I changed the drug column names in order to sum number of drugs taken.  

 

I also have additional column to sum the number of chronic pain condition for each 

participant. This is because in some of the free text conditions, these were not necessarily 

pain condition.  

 

When these changes were made to the ‘newbsl’ data set, I saved this file in: 

 

Directory: R:/CloudyWithAChanceOfPain/analyses/Jess/INCLINE_Jess/PhD/Data 

Directory: R:/CloudyWithAChanceOfPain/common_files/data/external/FINALDATA 

 

File name: 210519_final_correctedbaseline_11822.csv 

 

The above baseline data set is the data set that I use for the npj Cloudy main paper and for my 

PhD work. This data set is also the one that was discussed with Yuanyuan and Belay and the 

details for the variables can be found in this R markdown file, saved in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/Discussion_Jan2020 

File name: 20200122_CloudyBaseline_DataPreparation.html [the R markdown code is 

embedded within this file, which can be found at the top right hand corner] 

 

Details in how I cleaned the motif data and baseline data (i.e., to obtain the daysinstudy, 

number of entry, time in study, age, gender), I have learned the codes from Belay and Anna 

and used them consistently with my baseline work throughout. You can find the snippets of 

these codes in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/Discussion_Jan2020 

File name: 20200122_Cloudy_MotifandBaseline_DataPreparation.html [the R markdown 

code is embedded within this file, which can be found at the top right hand corner] 

 

For the full script details, I will outline them in Section 5.3. 

 

Appendix 2 outlines the description for each variable in this baseline data set. 

 

 

 

 

5.2 SCRIPT PART 1 FOR THE TABLE ONE  

 

This is an initial R script prepared for case-crossover (CCO) analysis for n=3309. I have not 

outlined the details here as this was not the final CCO number in the main paper. You can 

find the R script in: 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA/TABL

EONE 
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File name: 20190703_script_TableOne.R 

 

 

5.3 SCRIPT PART 2 FOR THE FINAL TABLE ONE AND FLOW CHART FOR THE 

NPJ CLOUDY MAIN PAPER 

 

This is the R script for the npj manuscript preparation, with regards to preparing the Table 

One and flow chart. There were corresponding emails from Anna on 020719 and 250719 

with the following information required for this work and the correct number of participants 

for each part of the flow chart: 

 

- 13207 users downloaded the app over the 12-month period 

- 10584 participants with complete baseline data and motif data and at least one pain 

entry 

- Need to exclude the first 10 days (for flow chart only) 

- 2658 included in the final CCO analysis (no longer 3309) 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA/TABL

EONE/manuscript 

File name: 20190730_tableone_flowscript.R 

 

(Please note: there is a similar script saved in 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA/TABL

EONE and with similar name. This is an incomplete script and for some reason, I didn’t 

change the name of the R script, which should have been done retrospectively.) 

 

Here, I provide you a detailed explanation for this R script: 

 

R packages used: tidyverse, data.table, sp, lubridate, tableone, bit64 

 

1. Baseline data set (labelled as ‘baseline’ in the R script) was retrieved from the R drive.  

 

Directory: R:/CloudyWithAChanceOfPain/common_files/data/external/FINALDATA 

File name: 210519_final_correctedbaseline_11822.csv 

 

(This file is same as the one saved in the INCLINE_Jess folder) 

 

I selected the columns required for this Cloudy main paper work – sex, yob, post.code, 

conditions, beliefs, userid, day 

 

2. Motif data set (labelled as ‘motif’ in the R script) was retrieved from the R drive. 

 

Directory: R:/CloudyWithAChanceOfPain/common_files/data/external/FINALDATA 

File name: 2090701_motif-weather-bsl-rain-sex_794007-rows_10584_userids.csv 

 

Then I cleaned this motif data set using the following code, with subsequent clean motif 

labelled as ‘cleanmotif’ in the R script. 

 

cleanmotif <- motif %>%  
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  dplyr::select(1:3, 8) ## select all motif variable 

 

cleanmotif[is.na(cleanmotif)]<-0 

cleanmotif$ind<-rowSums(cleanmotif[,symptom.start.col:symptom.end.col]) 

cleanmotif(cleanmotif$ind!=0) 

 

cleanmotif<-cleanmotif %>%  

  group_by(UserId) %>% 

  dplyr::mutate(YMD=as.Date(day,format="%Y-%m-%d"), 

                first = dplyr::first(YMD), 

                last = dplyr::last(YMD)) 

 

cleanmotif<-cleanmotif%>%  

  mutate(daysinstudy = difftime(last,first,units="days")+1) 

 

cleanmotif<-cleanmotif%>%  

  group_by(UserId) %>% 

  dplyr::mutate( 

    nentry = dplyr::n_distinct(YMD)) 

setDT(cleanmotif)  

 

colnames(cleanmotif) 

 

## Step 2b: Change calander time to process time 

cleanmotif <- cleanmotif %>% 

  group_by(UserId) %>% 

  mutate(Date=as.Date(YMD,format="%Y-%m-%d"), 

         prev.entry_date = c(0, diff(Date))) 

cleanmotif <- ungroup(cleanmotif) 

 

cleanmotif<-cleanmotif %>%  

  group_by(UserId) %>% 

  mutate(time = cumsum(prev.entry_date)) 

setDT(cleanmotif) 

 

colnames(cleanmotif) 

 

 

3. Then I retrieved the baseline data for 10,584 participants with motif data, labelled as 

‘bsl.all’ in the R script. Then, I subset the data for the first 10 days exclusion, labelled as 

‘tendayexcluded’ data set in the R script (6214 participants). 

 

4. Cluster data set (prepared by Belay using the HMM method) was retrieved from the R 

drive. 

 

Directory: 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA/TABL

EONE 

File name: datawithcluster_newdat_checking.csv 
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Note: cluster labels: 

- 1 – moderate engagement 

- 2 – low engagement 

- 3 – tourists 

- 4 – high engagement 

 

I left-joined this cluster data set (labelled as ‘cluster’ in the R script) with the ‘bsl.all’ data 

set, with the subsequent data set labelled as ‘bslfinal’ in the R script.  

 

5. I cleaned the above ‘bslfinal’ data set to obtain gender and age. I also combined both 

cond.other and cond.none. I changed the response for the belief columns to either 1 or 0. 

Please see the following code used for this work. 

bslfinal$yob[!(bslfinal$yob %in% c(1900:2000))] <- NA 

 

sum(is.na(bslfinal$yob)) #401 

 

bslfinal$yrentry <- year(as.Date(bslfinal$day, format = "%d/%m/%Y")) 

bslfinal$age <- as.numeric(bslfinal$yrentry) - as.numeric(bslfinal$yob) 

 

# Step 5c: Combine cond.final.none and condsum.pain.other 

bslfinal$cond.otherplusnone <- bslfinal$cond.final.other + bslfinal$cond.final.none 

 

# Step 5d: Change belief and other subgroups to 0 and 1 too 

bslfinal$belief.rain <- if_else(is.na(bslfinal$belief.rain), 0, 1) 

bslfinal$belief.cold <- if_else(is.na(bslfinal$belief.cold), 0, 1) 

bslfinal$belief.hot <- if_else(is.na(bslfinal$belief.hot), 0, 1) 

bslfinal$belief.dbp <- if_else(is.na(bslfinal$belief.dbp), 0, 1) 

bslfinal$belief.dt <- if_else(is.na(bslfinal$belief.dt), 0, 1) 

bslfinal$belief.other <- if_else(is.na(bslfinal$belief.other), 0, 1) 

 

I saved this ‘bslfinal’ in: 

 

Directory: R:/CloudyWithAChanceOfPain/common_files/data/external/FINALDATA 

File name: 20190729_10584_baselineWITHcluster.csv 

 

6. CCO motif data set was retrieved from the R drive (labelled as ‘motif.cco’ in the R script): 

 

Directory: R:/CloudyWithAChanceOfPain/common_files/data/external/FINALDATA 

File name: 20190719_CCO-data_NatDigMedpaper_2658-userids-6431-strata_91422-

rows.csv 

 

Then, I retrieved the baseline data for these CCO participants from the ‘bslfinal’ data set. I 

saved this ‘bslfinal.cco’ data set in: 

 

Directory: R:/CloudyWithAChanceOfPain/common_files/data/external/FINALDATA 

File name: 20190729_2658_CCObaselineWITHcluster.csv 

 

7. Table One preparation 

 

- 10584 participants – both with and without cluster 
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- 2658 CCO participants – both with and without cluster 

 

Files for the above were saved in: 

 

R:/CloudyWithAChanceOfPain/analyses/Jess/MainCloudybaselinework/NEWDATA/TABL

EONE/manuscript 

File name:  

- 20190730_10584_tableonewithoutcluster.csv 

- 20190730_2658_CCO_tableonewithoutcluster.csv 

- 20190730_10584_tableoneWITHcluster.csv 

 

For each of the above categories, I retrieved the summary statistics for beliefs (with and 

without clusters), days in study, number of days of pain data entry per individual and 

proportion of total days on which pain data entered per individual. 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



19 
 

 

 

Appendix 1: Explaining the variable names for categorised free text conditions 

 

Note:  

- Any variable that starts with “con.” has been coded accordingly with the free text 

provided by the participants, i.e., this coding work was done manually by Jessica on 

the csv spreadsheet. 

- Any variable that starts with “extra.” was derived from the variable “cond_open”, 

which is the free text column for chronic pain conditions. Correct medical terms for 

the conditions were used to replace the original free text (raw data). 

 

No Variable Name Description 

1 con.ra Rheumatoid arthritis  

2 con.oa Osteoarthritis 

3 con.spa Ankylosing spondylitis/axial spondyloarthropathy 

4 con.gou Gout/crystal arthropathy 

5 con.artr.unsp Arthritis unspecified 

6 con.cwpfm Chronic widespread pain/fibromyalgia 

7 con.mig Chronic headache (including migraine) 

8 con.np Neuropathic pain 

9 con.other Other condition 

10 con.none No chronic pain condition 

11 userid  

12 cond_open Original free text (raw data) 

13 extra.one Changed free text (other condition - first) 

14 extra.two Changed free text (other condition - second) 

15 extra.three Changed free text (other condition - third) 

16 extra.four Changed free text (other condition - fourth) 

17 extra.conds Changed free text (other condition – fifth or more) 

18 unclear.nodiag Unclear free text/no diagnosis 
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Appendix 2: Final baseline data set – descriptions for each variable 

 

No. Column Names Note 

1 weird.string  

2 sex gender (non-coded) 

3 yob year of birth 

4 post.code first part of the UK postcode 

5 site.head pain site 

6 site.face pain site 

7 site.mouth.jaws pain site 

8 site.neck.or.shoulder.pain pain site 

9 site.back.pain pain site 

10 site.stomach.or.abdominal.pain pain site 

11 site.hip.pain pain site 

12 site.knee.pain pain site 

13 site.hands pain site 

14 site.feet pain site 

15 site.multi pain site 

16 site.all pain site 

17 cond.final.none condition (none) 

18 condsum.ra condition (ra) 

19 condsum.oa condition (oa) 

20 condsum.spa condition (spa) 

21 condsum.gou condition (gout) 

22 condsum.artr.unsp condition (arthritis unspecified) 

23 condsum.cwpfm condition (cwpfm) 

24 condsum.mig condition (migraine) 

25 condsum.np condition (neuropathic pain) 

26 condtemp.other (column for previous coding) NOT FOR USE 

27 drug.final.none painkiller med (none) 

28 drugsum.pcmol painkiller med (paracetamol) 

29 drugsum.nsaids painkiller med (nsaids) 

30 drugsum.simple.anal painkiller med (simple analgesia) 

31 drugsum.weak.opiates painkiller med (weak opiates) 

32 drugsum.strong.opiates painkiller med (strong opiates) 

33 drugsum.for.no painkiller med (neuropathic pain) 

34 drugsum.coded.other painkiller med (other - coded) 

35 drug.other painkiller med (other - free text) 
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No. Column Names Note 

36 extra.drug.other1 new column for each painkiller med (other - free text) 

37 extra.drug.other2 new column for each painkiller med (other - free text) 

38 extra.drug.other3 new column for each painkiller med (other - free text) 

39 extra.drug.other4 new column for each painkiller med (other - free text) 

40 extra.drug.other5 new column for each painkiller med (other - free text) 

41 drug.dmard.none dmard (none) 

42 drugsum2.ster dmard (steroids) 

43 drugsum2.dmard dmard (synthetic dmard) 

44 drugsum2.bdmard dmard (biologic dmard) 

45 drugsum2.coded.dmard.other dmard (other - coded) 

46 drug.other.dmard dmard (other - free text) 

47 extra.drug.dmard.other1 new column for each dmard (other - free text) 

48 extra.drug.dmard.other2 new column for each dmard (other - free text) 

49 belief belief (scale 0-10) 

50 belief.rain belief (rain) - non-coded 

51 belief.cold belief (cold) - non-coded 

52 belief.hot belief (hot) - non-coded 

53 belief.dbp belief (change in pressure) - non-coded 

54 belief.dt belief (change in temperature) - non-coded 

55 belief.other belief (other) free text 

56 via  

57 via.other  

58 userid userid 

59 portalid  

60 region  

61 redirect_to  

62 start.date..utc.  

63 submit.date..utc.  

64 network.id  

65 day  

66 Do you have Osteoarthritis? (original OA dataset) NOT FOR USE 

67 con.ra (previously coded condition dataset) NOT FOR USE 

68 con.oa (previously coded condition dataset) NOT FOR USE 

69 con.spa (previously coded condition dataset) NOT FOR USE 

70 con.gou (previously coded condition dataset) NOT FOR USE 

71 con.artr.unsp (previously coded condition dataset) NOT FOR USE 

72 con.cwpfm (previously coded condition dataset) NOT FOR USE 

73 con.mig (previously coded condition dataset) NOT FOR USE 
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No. Column Names Note 

74 con.np (previously coded condition dataset) NOT FOR USE 

75 con.other (previously coded condition dataset) NOT FOR USE 

76 cond_open condition(other - free text) 

77 extra.one new column for each condition(other - free text) 

78 extra.two new column for each condition(other - free text) 

79 extra.three new column for each condition(other - free text) 

80 extra.four new column for each condition(other - free text) 

81 extra.conds new column for each condition(other - free text) 

82 unclear.nodiag 
new column for each condition(other - free text) - 

unclear/no diagnosis 

83 condsum.pain.other condition (other - coded) same as cond.final.other 

84 cond.final.other condition (other - coded) same as condsum.final.other 

85 totalcond total for rowSums of columns that contain “condsum.” 

86 totaldrugpain total for rowSums of columns that contain “drugsum.” 

87 totaldrugdmard total for rowSums of columns that contain “drugsum2.” 

88 totalpaincond 
total for rowSums of pain conditions except condition 

(other) 

89 cond.pain.none 
has pain condition (coded 0) or no pain condition (coded 

1) 

 



Cloudy with a chance of pain Data dictionary 

General objective: Cloudy with a Chance of Pain is the world's first smartphone-based study to 

investigate the association between weather and chronic pain. Data collection for Cloudy began in 

January 2016 and ended in April 2017. Five million pieces of symptom data were submitted over 15 

months alongside comprehensive weather data from across the UK. 

Principal investigator: Prof William Dixon 

Variable name  Variable 
description  

Additional information   

UserId  Unique participant 
identifier  

 

Baseline Data   

Sex Question in 
baseline 
questionnaire: Are 
you Male or 
Female?  
 

0=male, 1= female; there is not a recorded 
questionnaire entry if the participant did not 
record a response her  
 

Age Age derived from 
year of birth field 
in baseline 
questionnaire  

Numerical, except:  
.a = year of birth reported such that participant 
is >116 years (age of oldest woman alive); 
probable error  
.b= year of birth reported such that age is <0; 
probable error  

belief Question in 
baseline 
questionnaire: 
How likely do you 
think it is that the 
weather is 
associated with 
pain?  
 

0-10 (10 point scale anchored at 0 “not at all 
likely” and 10 “extremely likely”)  
 

Site_of_pain* Question in 
baseline 
questionnaire: 
Where is your 
pain?  
 

1=Mouth or jaw, 2= Neck or shoulder, 3= 

Back pain, 4=Stomach or abdominal, 5= 

Hip pain, 6=Knee pain, 7=Hands, 9=Feet, 

10=Pain at multiple site, 11=Pain all over 

body 

Condition_chronicc_pain* Question in 
baseline 
questionnaire: Has 
your doctor ever 
told you that you 
have any of the 
following 
conditions?  
 

1= No pain, 2=Rheumatoid arthritis, 

3=Osteoarthritis, 4=Spondyloarthropathy, 

5= Gout, 6=Unspecific arthritis, 

7=Fibromyalgia, 8=Chronic headache, 

9=Neuropathic pain, 10= other 



Medication* Question in 
baseline 
questionnaire: 
What types of 
medication are you 
currently using?  
 

1=No meds,2=Paracetamol, 3=NSAIDS, 

4=analgesic, 5=opiates week, 6=opiates 

strong, 7=neuro dugs, 8=other pain killer 

drugs, 9=no DMARD, 10=sDMARD, 

11=bDMARDS,12=other_DMARD 

Daily recorded data   

Date  Date that the 
participant records 
the symptoms  

The value is obtained by adding the difference 
between UTC and local time to the date that 
the entry is referring to  

HMS Exact Time of the 
day that symptom 
entry is recorded  

 

PainImpct Has your pain 
interfered with 
your activities 
today? 

1=Not at all, 2= a little bit , 3= somewhat, 
4=quite a bit, 5=Very much  

SleepQuality How was your 
sleep quality last 
night? 

1=Very poor, 2= poor , 3= Fair, 4=Good, 5=Very 
good  

timeSpentOuside How much times 
have you spent 
outside today? 

1=None of the day, 2= some of the day, 3= Half 
of the day, 4= Most of the day, 5= All of the day 

wakingUpTired How did you feel 
when you woke 
this morning? 

1=Not at all tired, 2= a little bit tired , 3= 
moderately tired, 4=quite a bit tired, 
5=Extremely tired 

exercise How long have you 
exercised today?  

1= No exercise, 2= Less than 30 minutes of light 
activity, 3= 30+ minutes light activity, 4= Less 
than 30 minute strenuous activity, 5= 30+ 
minute  strenuous activity 

Mood  How has your 
mood been today? 

1= Depressed, 2= Felling low, 3= Not very 
happy, 4= quite happy, 5= very happy  

patientWellbeing How well did you 
feel today? 

1= very unwell, 2= quite unwell, 3= unwell, 
4=Well, 5= Very well 

PainSeverity  How severe was 
your pain today? 

1= No pain , 2= Mild Pain, 3= Moderate pain, 4= 
Severe pain, 5= Very severe pain  

Fatigue How severe was 
your fatigue today? 

1=No fatigue, 2= Mild fatigue, 3= moderate 
fatigue, 4= Severe fatigue, 5= very severe 
fatigue  

morningStiffness How stiff did you 
feel on waking this 
morning?  
 

1= No stiffness, 2= A little Stiff, 3= Moderately 
stiff, 4= severe stiff, 5= very sever stiff  

Weather Data   

Average_Wind_speed  The average wind 
speed  the 
participant 
exposed to during 
the day (00:00:00-
23:59:00 

Numerical value or blank in the case of missing 
information. Missing wind speed values may 
imply  

1. The station cannot provide wind gust 
information  



2. The wind gust is not recorded for that 
day only  

3. We don’t have GPS to link to the 
nearest weather station  

4. The participant is far away from any 
station in UK (>60KM) 

Average_Temperature The average air 
temperature the 
participant 
exposed to during 
the day 

>> 

Average_Dewpt The average 
amount moisture 
in the air during 
the day 
 

>> 

Average_pressure The average 
Atmospheric 
pressure  the 
participant 
exposed to during 
the day 

>> 

Average_RHX The average 
relative humidity  
the participant 
exposed to during 
the day 

>> 

Minimum_Wind_speed  The minimum wind 
speed  the 
participant 
exposed to during 
the day (00:00:00-
23:59:00 

>> 

Minimum_Temperature The minimum air 
temperature the 
participant 
exposed to during 
the day 

>> 

Minimum_Dewpt The minimum 
amount moisture 
in the air during 
the day 

>> 

Minimum_pressure The minimum 
Atmospheric 
pressure  the 
participant 
exposed to during 
the day 

>> 

Minimum_RHX The minimum 
relative humidity  
the participant 

>> 



exposed to during 
the day 

maximum_Wind_speed  The maximum 
wind speed  the 
participant 
exposed to during 
the day (00:00:00-
23:59:00 

>> 

maximum_Temperature The maximum air 
temperature the 
participant 
exposed to during 
the day 

>> 

maximum_Dewpt The maximum 
amount moisture 
in the air during 
the day 

>> 

maximum_pressure The maximum 
Atmospheric 
pressure  the 
participant 
exposed to during 
the day 

>> 

maximum_RHX The maximum 
relative humidity  
the participant 
exposed to during 
the day 

>> 

*multiple answers are possible and new categories will be added   

$ For the weather components we will have 7 day lag data as well  
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Appendix B: Proportions of Each 5-Point Ordinal 

Scale for Each Pain Symptoms (Cloudy with a 

Chance of Pain) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Pain Symptoms
Proportions of each 5-point scale



(A) PAIN SEVERITY

Q: How severe was your 
pain today?

1 – No pain
2 – Mild pain
3 – Moderate pain
4 – Severe pain
5 – Very severe pain



(B) PAIN INTERFERENCE

Q: Has your pain 
interfered with your 

activities today?

1 – Not at all
2 – A little bit
3 – Somewhat
4 – Quite a bit
5 – Very much



(C) PHYSICAL ACTIVITY

Q: How long have you 
exercised today?

1 – No exercise
2 – Less than 30 minutes of light 
activity
3 – 30+ minutes of light activity
4 – Less than 30 minutes of 
strenuous activity
5 – 30+ minutes of strenuous activity



(D) SLEEP QUALITY

Q: How was your sleep 
quality last night?

1 – Very poor
2 – Poor
3 – Fair
4 – Good
5 – Very good



(E) TIREDNESS UPON WAKING

Q: How did you feel 
when you woke this 

morning?

1 – Not at all tired
2 – A little bit tired
3 – Moderately tired
4 – Quite a bit tired
5 – Extremely tired



(F) MORNING STIFFNESS

Q: How stiff did you feel 
on waking this morning?

1 – No stiffness
2 – A little stiff
3 – Moderately stiff
4 – Severely stiff
5 – Very severely stiff



(G) FATIGUE

Q: How severe was your 
fatigue today?

1 – No fatigue
2 – Mild fatigue
3 – Moderate fatigue
4 – Severe fatigue
5 – Very severe fatigue



(H) MOOD

Q: How has your mood 
been today?

1 – Depressed
2 – Feeling low
3 – Not very happy
4 – Quite happy
5 – Very happy



(I) WELLBEING

Q: How well did you 
feel today?

1 – Very unwell
2 – Quite unwell
3 – Unwell
4 – Well
5 – Very well
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Appendix C: Statistical Code Scripts for Chapter 4 
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Single-Disease Pain Analysis
Jessica Pisaniello
24/01/2020
This is R markdown for ARA 2020 abstract.

Original R script from R markdown file [20200106_RAvsOA_pain copy.Rmd].

#### R LIBRARY
library(knitr) 
library(kableExtra) 
library(tidyverse) 
library(psycho) 
library(gridExtra) 
library(data.table) 
library(tableone) 
library(viridisLite) 
library(viridis) 
library(lattice) 
library(lme4) 
library(nlme) 
library(sjPlot) 
library(sjmisc) 
library(effects) 
library(ggeffects) 
library(ggthemes) 
library(lcmm) 
library(ggpubr) 
library(seqHMM) 
library(TraMineR) 
library(reshape2) 
library(DataCombine)

#### ORIGINAL BASELINE DATA SET 
 
# Step 1: Load baseline data
#setwd("R:/Projects/CloudyWithAChanceOfPain/common_files/data/external/FINALDATA") ##
UoM remote working directory 
setwd("~/Cloudy") ##Incline working directory 
bsl <-  fread("210519_final_correctedbaseline_11822.csv", header = T) ##The overall b
aseline data for 11822 participants 
 
## Step 1a: Subsetting above for PhD baseline data 
baseline <- bsl %>% 
  dplyr::select(2:25,84,26:48,58,65,76:82) 
#colnames(baseline) ##To describe the variables that I have selected (from the above) 
in this new baseline dataset

Code 
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#### ORIGINAL MOTIF DATA SET - DATA CLEANING 
 
## Step 2: Load motif data set
#setwd("R:/Projects/CloudyWithAChanceOfPain/common_files/data/external/FINALDATA") ##
UoM remote working directory 
setwd("~/Cloudy") ##Incline working directory 
motif <- fread("20190719_cloudy-data_motif-weather-bsl_794007-rows_10584_userids.csv"
, header = T) ##The overall motif data for 10584 participants 
 
## Step 2a: Subsetting above for PhD motif data  
cleanmotif <- motif %>%  
  dplyr::select(1:2, 4:13)  
#colnames(cleanmotif) ##To describe the variables that I have selected (from the abov
e) in this new motif dataset 
 
## Step 2b: Cleaning the motif data 
cleanmotif[is.na(cleanmotif)]<-0 ##I have changed NA to 0 to facilitate the row sum f
or below 
cleanmotif$ind<-rowSums(cleanmotif[,3:12]) ##Row sum for all of the 10 motif items 
 
cleanmotif <- subset(cleanmotif, cleanmotif$ind!=0) %>%  
  dplyr::select(-ind) ##I have removed observations with no motif data at all 
setDT(cleanmotif) #466325 obs (with motif data) 
 
## Step 2c: To calculate days in study and number of entry 
cleanmotif<-cleanmotif[order(UserId, day)] 
 
cleanmotif<-cleanmotif %>%  
  group_by(UserId) %>% 
  dplyr::mutate(YMD=as.Date(day,format="%Y-%m-%d"), 
                first = dplyr::first(YMD), 
                last = dplyr::last(YMD)) 
 
cleanmotif<-cleanmotif%>%  
  mutate(daysinstudy = difftime(last,first,units="days")+1) 
 
cleanmotif<-cleanmotif%>%  
  group_by(UserId) %>% 
  dplyr::mutate( 
    nentry = dplyr::n_distinct(YMD)) 
setDT(cleanmotif) 
 
## Step 2d: Change calander time to process time to obtain time (to set time of first 
entry and onwards) 
cleanmotif <- cleanmotif %>% 
  group_by(UserId) %>% 
  mutate(Date=as.Date(day,format="%Y-%m-%d"), 
         prev.entry_date = c(0, diff(Date))) 
cleanmotif <- ungroup(cleanmotif) 
 
cleanmotif<-cleanmotif %>%  
  group_by(UserId) %>% 
  mutate(time = cumsum(prev.entry_date)) 
setDT(cleanmotif) 
 
## Step 2e: Change colnames for UserId to userid to facilitate left join for data mer
ging later 
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colnames(cleanmotif)[colnames(cleanmotif)=="UserId"] <- "userid" 
 
### EXTRA: To confirm number of participant in my cleanmotif is 10584
#cleanmotif %>%  
  #summarise(total = n_distinct(userid)) ## 10584 participants

#### BASELINE DATA SET FOR ANALYSIS - DATA CLEANING 
 
## Step 3: Get baseline data for 10584 participants  
cloudybsl <- baseline %>%  
  filter(baseline$userid %in% cleanmotif$userid) 
 
## Step 3a: Change column names for conditions other and none 
colnames(cloudybsl)[colnames(cloudybsl)=="cond.final.none"]<-"condsum.final.none" 
colnames(cloudybsl)[colnames(cloudybsl)=="cond.final.other"]<-"condsum.final.other" 
 
## Step 3b: Create a new column for multicond 
cloudybsl$multicond<-cloudybsl %>% 
  dplyr::select(contains("condsum.")) %>% 
  rowSums(na.rm=T) ##This facilitates analysis for single condition vs multiple condi
tions 
 
## Step 3c: Change gender female = 1, male = 0 
cloudybsl$sex <- ifelse(cloudybsl$sex=="Female", 1, 0) 
 
## Step 3d: Calculate the age 
cloudybsl$yob[!cloudybsl$yob %in% c(1900:2000)] <- NA 
 
#sum(is.na(cloudybsl$yob)) #401 without proper yob entered by participants 
 
cloudybsl$yrentry <- year(as.Date(cloudybsl$day, format = "%d/%m/%Y")) 
cloudybsl$age <- as.numeric(cloudybsl$yrentry) - as.numeric(cloudybsl$yob) ##To obtai
n the age
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#### BASELINE DATA SET FOR RHEUMATOID ARTHRITIS (RA), OSTEOARTHRITIS (OA) AND FIBROMY
ALGIA (CWPFM) AND SPONDYLOARTHROPATHY (SPA) 
 
## Step 4: Main baseline data for single condition 
singlecondbsl<-cloudybsl %>% 
  filter(multicond==1) #5976 participants 
 
## Step 4b: Get baseline data for each condition of interest
###### RA only cohort ###### 
ra.bsl<-singlecondbsl %>% 
  filter(condsum.ra==1) #921 participants 
 
###### OA only cohort ###### 
oa.bsl<-singlecondbsl %>% 
  filter(condsum.oa==1) #758 participants 
 
###### CWPFM only cohort ###### 
cwpfm.bsl<-singlecondbsl %>% 
  filter(condsum.cwpfm==1) #630 participants 
 
###### SpA only cohort ###### 
spa.bsl<-singlecondbsl %>% 
  filter(condsum.spa==1) #216 participants
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#### CLEAN MOTIF DATA SET FOR ANALYSIS 
 
## Step 4c: Get motif data for the above for a one month period for participants who
 remained in the study for 30 days or more (to exclude tourists)
##### RA ##### 
ra.motif <- cleanmotif %>%  
  filter(cleanmotif$userid %in% ra.bsl$userid) #42840 obs (overall motif data for 921 
participants)
#ra.motif %>%  
  #summarise(total = n_distinct(userid)) #921 participants 
 
ra.motif <- ra.motif %>%  
  filter(daysinstudy>29) #40321 obs (participants who remained in the study for 30 da
ys or more)
#ra.motif %>%  
  #summarise(total = n_distinct(userid)) #425 participants
#summary(ra.motif$nentry)
#Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 
#2.0    96.0   172.0   194.9   291.0   429.0  
 
 
ra.finalmotif <- ra.motif %>%  
  filter(time<31) #8752 obs (above criteria + first one month motif data)
#ra.finalmotif %>%  
  #summarise(total = n_distinct(userid)) #425 participants
#summary(ra.finalmotif$nentry)
#Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 
#2      39      89     118     169     429  
 
 
##### OA ##### 
oa.motif <- cleanmotif %>%  
  filter(cleanmotif$userid %in% oa.bsl$userid) #45606 obs (overall motif data for 758 
participants)
#oa.motif %>%  
  #summarise(total = n_distinct(userid)) #758 participants 
 
oa.motif <- oa.motif %>%  
  filter(daysinstudy>29) #43867 obs (participants who remained in the study for 30 da
ys or more)
#oa.motif %>%  
  #summarise(total = n_distinct(userid)) #409 participants
#summary(oa.motif$nentry)
#Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 
#2.0   104.0   173.0   202.4   299.0   453.0  
 
oa.finalmotif <- oa.motif %>%  
  filter(time<31) #8775 obs (above criteria + first one month motif data)
#oa.finalmotif %>%  
  #summarise(total = n_distinct(userid)) #409 participants
#summary(oa.finalmotif$nentry)
#Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 
#2.0    48.0    94.0   127.1   170.0   453.0  
 
 
##### CWPFM ##### 
cwpfm.motif <- cleanmotif %>%  
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  filter(cleanmotif$userid %in% cwpfm.bsl$userid) #21544 obs (overall motif data for
 630 participants)
#cwpfm.motif %>%  
  #summarise(total = n_distinct(userid)) #630 participants 
 
cwpfm.motif <- cwpfm.motif %>%  
  filter(daysinstudy>29) #19708 obs (participants who remained in the study for 30 da
ys or more)
#cwpfm.motif %>%  
  #summarise(total = n_distinct(userid)) #255 participants
#summary(cwpfm.motif$nentry)
#Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 
#2.0    73.0   165.0   184.7   264.0   436.0  
 
cwpfm.finalmotif <- cwpfm.motif %>%  
  filter(time<31) #4992 obs (above criteria + first one month motif data)
#cwpfm.finalmotif %>%  
  #summarise(total = n_distinct(userid)) #255 particpants
#summary(cwpfm.finalmotif$nentry)
#Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 
#2.00   32.00   60.00   99.19  146.00  436.00  
 
##### SpA ##### 
spa.motif <- cleanmotif %>%  
  filter(cleanmotif$userid %in% spa.bsl$userid) #9429 obs (overall motif data for 216 
participants)
#spa.motif %>%  
  #summarise(total = n_distinct(userid)) #216 participants 
 
spa.motif <- spa.motif %>%  
  filter(daysinstudy>29) #8901 obs (participants who remained in the study for 30 day
s or more)
#spa.motif %>%  
  #summarise(total = n_distinct(userid)) #100 participants
#summary(spa.motif$nentry)
#Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 
#4.0   109.0   179.0   187.8   268.0   402.0  
 
spa.finalmotif <- spa.motif %>%  
  filter(time<31) #1979 obs (above criteria + first one month motif data)
#spa.finalmotif %>%  
  #summarise(total = n_distinct(userid)) #100 particpants
#summary(spa.finalmotif$nentry)
#Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 
#4.0    34.0    87.0   114.1   175.0   402.0  
 
singledisease.first30days <- rbind(ra.motif, spa.motif, oa.motif, cwpfm.motif) 
#singledisease.first30days %>% 
  #summarise(total=n_distinct(userid)) #1189 participants 
singledisease.first30days <- singledisease.first30days %>% 
  group_by(userid) %>% 
  mutate(nentry2 = n_distinct(YMD)) 
#summary(singledisease.first30days$nentry2)
#Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 
#2.0    94.0   171.0   195.5   293.0   453.0  
 
singledisease.first1mth <- rbind(ra.finalmotif, spa.finalmotif, oa.finalmotif, cwpfm.
finalmotif) 
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#singledisease.first1mth %>% 
  #summarise(total = n_distinct(userid)) #1189 participants 
singledisease.first1mth <- singledisease.first1mth %>% 
  group_by(userid) %>% 
  mutate(nentry2 = n_distinct(YMD)) 
#summary(singledisease.first1mth$nentry2)
#Min. 1st Qu.  Median    Mean 3rd Qu.    Max. 
#1.00   21.00   26.00   24.29   30.00   31.00

BASELINE CHARACTERISTICS
RA

Overall

n 425

sex = 1 (%) 354 (83.3)

age (mean (SD)) 49.17 (11.70)

site.head = 1 (%) 21 (4.9)

site.face = 1 (%) 6 (1.4)

site.mouth.jaws = 1 (%) 59 (13.9)

site.neck.or.shoulder.pain = 1 (%) 231 (54.4)

site.back.pain = 1 (%) 122 (28.7)

site.stomach.or.abdominal.pain = 1 (%) 20 (4.7)

site.hip.pain = 1 (%) 175 (41.2)

site.knee.pain = 1 (%) 251 (59.1)

site.hands = 1 (%) 324 (76.2)

site.feet = 1 (%) 267 (62.8)

site.multi = 1 (%) 197 (46.4)

site.all = 1 (%) 45 (10.6)

drug.final.none = 1 (%) 38 (8.9)

drugsum.pcmol = 1 (%) 182 (42.8)

drugsum.nsaids = 1 (%) 270 (63.5)

Code Output
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Overall

drugsum.simple.anal = 1 (%) 124 (29.2)

drugsum.weak.opiates = 1 (%) 93 (21.9)

drugsum.strong.opiates = 1 (%) 30 (7.1)

drugsum.for.no = 1 (%) 22 (5.2)

drugsum.coded.other = 1 (%) 10 (2.4)

drug.dmard.none = 1 (%) 59 (13.9)

drugsum2.ster = 1 (%) 80 (18.8)

drugsum2.dmard = 1 (%) 328 (77.2)

drugsum2.bdmard = 1 (%) 110 (25.9)

drugsum2.coded.dmard.other = 0 (%) 425 (100.0)

SpA

Overall

n 100

sex = 1 (%) 65 (65.0)

age (mean (SD)) 44.90 (11.96)

site.head = 1 (%) 9 (9.0)

site.face = 1 (%) 2 (2.0)

site.mouth.jaws = 1 (%) 13 (13.0)

site.neck.or.shoulder.pain = 1 (%) 64 (64.0)

site.back.pain = 1 (%) 88 (88.0)

site.stomach.or.abdominal.pain = 1 (%) 11 (11.0)

site.hip.pain = 1 (%) 57 (57.0)

site.knee.pain = 1 (%) 45 (45.0)

site.hands = 1 (%) 40 (40.0)

Code Output
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Overall

site.feet = 1 (%) 35 (35.0)

site.multi = 1 (%) 41 (41.0)

site.all = 1 (%) 5 (5.0)

drug.final.none = 1 (%) 7 (7.0)

drugsum.pcmol = 1 (%) 38 (38.0)

drugsum.nsaids = 1 (%) 75 (75.0)

drugsum.simple.anal = 1 (%) 22 (22.0)

drugsum.weak.opiates = 1 (%) 25 (25.0)

drugsum.strong.opiates = 1 (%) 13 (13.0)

drugsum.for.no = 1 (%) 13 (13.0)

drugsum.coded.other = 1 (%) 1 (1.0)

drug.dmard.none = 1 (%) 50 (50.0)

drugsum2.ster = 1 (%) 5 (5.0)

drugsum2.dmard = 1 (%) 25 (25.0)

drugsum2.bdmard = 1 (%) 28 (28.0)

drugsum2.coded.dmard.other = 0 (%) 100 (100.0)

OA

Overall

n 409

sex = 1 (%) 340 (83.1)

age (mean (SD)) 57.01 (10.65)

site.head = 1 (%) 13 (3.2)

site.face = 1 (%) 4 (1.0)

site.mouth.jaws = 1 (%) 14 (3.4)

Code Output



24/07/2020 Single-Disease Pain Analysis

file:///Users/huaileng/Desktop/PhD(Cloudy)/January 2020/fromIncline/20200124_singledisease_pain.html 10/69

Overall

site.neck.or.shoulder.pain = 1 (%) 151 (36.9)

site.back.pain = 1 (%) 186 (45.5)

site.stomach.or.abdominal.pain = 1 (%) 15 (3.7)

site.hip.pain = 1 (%) 207 (50.6)

site.knee.pain = 1 (%) 282 (68.9)

site.hands = 1 (%) 215 (52.6)

site.feet = 1 (%) 147 (35.9)

site.multi = 1 (%) 67 (16.4)

site.all = 1 (%) 13 (3.2)

drug.final.none = 1 (%) 35 (8.6)

drugsum.pcmol = 1 (%) 220 (53.8)

drugsum.nsaids = 1 (%) 261 (63.8)

drugsum.simple.anal = 1 (%) 114 (27.9)

drugsum.weak.opiates = 1 (%) 101 (24.7)

drugsum.strong.opiates = 1 (%) 26 (6.4)

drugsum.for.no = 1 (%) 31 (7.6)

drugsum.coded.other = 1 (%) 25 (6.1)

drug.dmard.none = 1 (%) 369 (90.2)

drugsum2.ster = 1 (%) 15 (3.7)

drugsum2.dmard = 1 (%) 16 (3.9)

drugsum2.bdmard = 1 (%) 8 (2.0)

drugsum2.coded.dmard.other = 1 (%) 2 (0.5)

CWPFM

Overall

Code Output
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Overall

n 255

sex = 1 (%) 228 (89.4)

age (mean (SD)) 41.44 (10.89)

site.head = 1 (%) 70 (27.5)

site.face = 1 (%) 37 (14.5)

site.mouth.jaws = 1 (%) 71 (27.8)

site.neck.or.shoulder.pain = 1 (%) 157 (61.6)

site.back.pain = 1 (%) 165 (64.7)

site.stomach.or.abdominal.pain = 1 (%) 64 (25.1)

site.hip.pain = 1 (%) 150 (58.8)

site.knee.pain = 1 (%) 149 (58.4)

site.hands = 1 (%) 132 (51.8)

site.feet = 1 (%) 112 (43.9)

site.multi = 1 (%) 169 (66.3)

site.all = 1 (%) 121 (47.5)

drug.final.none = 1 (%) 14 (5.5)

drugsum.pcmol = 1 (%) 118 (46.3)

drugsum.nsaids = 1 (%) 133 (52.2)

drugsum.simple.anal = 1 (%) 86 (33.7)

drugsum.weak.opiates = 1 (%) 107 (42.0)

drugsum.strong.opiates = 1 (%) 29 (11.4)

drugsum.for.no = 1 (%) 108 (42.4)

drugsum.coded.other = 1 (%) 47 (18.4)

drug.dmard.none = 1 (%) 233 (91.4)

drugsum2.ster = 1 (%) 5 (2.0)

drugsum2.dmard = 1 (%) 12 (4.7)

drugsum2.bdmard = 1 (%) 5 (2.0)
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Overall

drugsum2.coded.dmard.other = 1 (%) 1 (0.4)

OVERALL BASELINE CHARACTERISTICS

Overall

n 1189

sex = 1 (%) 987 (83.0)

age (mean (SD)) 49.89 (12.66)

site.head = 1 (%) 113 (9.5)

site.face = 1 (%) 49 (4.1)

site.mouth.jaws = 1 (%) 157 (13.2)

site.neck.or.shoulder.pain = 1 (%) 603 (50.7)

site.back.pain = 1 (%) 561 (47.2)

site.stomach.or.abdominal.pain = 1 (%) 110 (9.3)

site.hip.pain = 1 (%) 589 (49.5)

site.knee.pain = 1 (%) 727 (61.1)

site.hands = 1 (%) 711 (59.8)

site.feet = 1 (%) 561 (47.2)

site.multi = 1 (%) 474 (39.9)

site.all = 1 (%) 184 (15.5)

drug.final.none = 1 (%) 94 (7.9)

drugsum.pcmol = 1 (%) 558 (46.9)

drugsum.nsaids = 1 (%) 739 (62.2)

drugsum.simple.anal = 1 (%) 346 (29.1)

drugsum.weak.opiates = 1 (%) 326 (27.4)

drugsum.strong.opiates = 1 (%) 98 (8.2)

Code Output
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Overall

drugsum.for.no = 1 (%) 174 (14.6)

drugsum.coded.other = 1 (%) 83 (7.0)

drug.dmard.none = 1 (%) 711 (59.8)

drugsum2.ster = 1 (%) 105 (8.8)

drugsum2.dmard = 1 (%) 381 (32.0)

drugsum2.bdmard = 1 (%) 151 (12.7)

drugsum2.coded.dmard.other = 1 (%) 3 (0.3)

DESCRIPTIVE SUMMARY OF PAIN
SEVERITY FOR THE FIRST ONE MONTH
SUMMARY FOR RA

##    Min. 1st Qu.  Median    Mean 3rd Qu.    Max.  
##   2.354   2.438   2.514   2.497   2.560   2.655

##    Min. 1st Qu.  Median    Mean 3rd Qu.    Max.  
##  0.8836  0.9470  0.9739  0.9766  1.0130  1.0520

time N mean sd sem

0 361 2.631579 0.9516068 0.0500846

1 327 2.559633 0.9978307 0.0551802

2 300 2.560000 0.9430613 0.0544477

3 290 2.593103 1.0188300 0.0598278

4 296 2.547297 1.0073254 0.0585496

5 283 2.568905 0.9918218 0.0589577

6 296 2.574324 1.0323002 0.0600012

7 284 2.580986 0.9967036 0.0591435

8 258 2.655039 1.0293333 0.0640835

Code Output
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time N mean sd sem

9 262 2.461832 0.9571636 0.0591338

10 278 2.514388 1.0043991 0.0602399

11 268 2.608209 1.0347193 0.0632055

12 270 2.514815 1.0301058 0.0626902

13 274 2.394161 0.9710661 0.0586643

14 266 2.387218 0.9216813 0.0565119

15 262 2.438931 0.9357172 0.0578088

16 270 2.462963 0.9738774 0.0592683

17 273 2.498168 0.9553431 0.0578200

18 255 2.525490 1.0186921 0.0637930

19 257 2.354086 0.9494616 0.0592258

20 256 2.437500 0.9801961 0.0612623

21 258 2.515504 1.0520278 0.0654964

22 243 2.522634 1.0217177 0.0655432

23 253 2.454546 0.9568618 0.0601574

24 263 2.395437 0.9746296 0.0600982

25 250 2.440000 0.9391101 0.0593945

26 248 2.383065 0.9234000 0.0586360

27 252 2.436508 0.8836364 0.0556639

28 271 2.516605 0.9263134 0.0562695

29 227 2.440529 0.9499584 0.0630510

30 239 2.422594 0.9445064 0.0610950

SUMMARY FOR SpA

##    Min. 1st Qu.  Median    Mean 3rd Qu.    Max.  
##   2.600   2.669   2.724   2.734   2.798   2.929

Code Output
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##    Min. 1st Qu.  Median    Mean 3rd Qu.    Max.  
##  0.8044  0.9235  0.9775  0.9834  1.0801  1.1076

time N mean sd sem

0 91 2.736264 1.0092369 0.1057968

1 76 2.750000 0.9398581 0.1078091

2 73 2.835616 0.9720211 0.1137665

3 77 2.688312 1.0164404 0.1158341

4 67 2.850746 1.0766634 0.1315354

5 66 2.833333 0.9540736 0.1174383

6 70 2.928571 1.1075685 0.1323798

7 67 2.671642 1.0500802 0.1282877

8 63 2.777778 1.0842635 0.1366044

9 57 2.859649 1.0426374 0.1381007

10 57 2.719298 0.9775039 0.1294735

11 59 2.762712 0.8971023 0.1167928

12 60 2.650000 0.9356408 0.1207907

13 57 2.666667 0.8309490 0.1100619

14 65 2.830769 0.8762354 0.1086836

15 61 2.622951 0.9515590 0.1218346

16 55 2.600000 0.8520129 0.1148854

17 61 2.721312 0.9332943 0.1194961

18 58 2.724138 0.8744543 0.1148215

19 57 2.719298 0.9956044 0.1318710

20 58 2.689655 0.9770506 0.1282930

21 55 2.727273 0.8488455 0.1144583

22 55 2.818182 1.0902074 0.1470035

23 58 2.724138 0.9136989 0.1199745

24 51 2.607843 1.0968761 0.1535934
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time N mean sd sem

25 50 2.640000 1.0834563 0.1532239

26 59 2.677966 1.1054829 0.1439216

27 59 2.661017 0.9932560 0.1293109

28 59 2.644068 0.8043569 0.1047184

29 55 2.763636 1.0880434 0.1467117

30 49 2.836735 1.1057980 0.1579711

SUMMARY FOR OA

##    Min. 1st Qu.  Median    Mean 3rd Qu.    Max.  
##   2.498   2.560   2.592   2.601   2.618   2.765

##    Min. 1st Qu.  Median    Mean 3rd Qu.    Max.  
##  0.8903  0.9270  0.9470  0.9464  0.9588  1.0073

time N mean sd sem

0 357 2.764706 1.0031345 0.0530915

1 317 2.757098 0.9617635 0.0540180

2 313 2.616613 0.9336886 0.0527752

3 303 2.577558 0.9312944 0.0535015

4 297 2.545454 0.9857710 0.0572002

5 281 2.530249 0.9141602 0.0545342

6 268 2.641791 0.9707558 0.0592983

7 289 2.560554 0.9559578 0.0562328

8 270 2.637037 0.9571287 0.0582490

9 273 2.571429 0.9487940 0.0574236

10 272 2.584559 0.9450886 0.0573044

11 270 2.688889 0.9978912 0.0607297

12 261 2.551724 0.9126288 0.0564903

Code Output
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time N mean sd sem

13 272 2.544118 0.9040103 0.0548137

14 273 2.615385 0.9521944 0.0576294

15 264 2.613636 0.9158322 0.0563656

16 250 2.592000 0.9577081 0.0605708

17 258 2.620155 1.0073180 0.0627129

18 260 2.596154 0.9598024 0.0595244

19 250 2.624000 0.9707696 0.0613969

20 247 2.615385 0.9466705 0.0602352

21 263 2.699620 0.9395264 0.0579337

22 257 2.610895 0.9542043 0.0595216

23 261 2.521073 0.9469264 0.0586133

24 250 2.604000 0.9480396 0.0599593

25 247 2.558705 0.9346509 0.0594704

26 241 2.535270 0.9081809 0.0585011

27 249 2.586345 0.9469679 0.0600117

28 255 2.498039 0.9130485 0.0571773

29 261 2.567050 0.8902822 0.0551071

30 254 2.590551 0.9227415 0.0578980

SUMMARY FOR CWPFM

##    Min. 1st Qu.  Median    Mean 3rd Qu.    Max.  
##   2.848   3.000   3.022   3.041   3.074   3.245

##    Min. 1st Qu.  Median    Mean 3rd Qu.    Max.  
##  0.9307  0.9956  1.0286  1.0320  1.0721  1.1328

time N mean sd sem

0 220 3.245455 0.9478297 0.0639027

Code Output
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time N mean sd sem

1 185 3.118919 0.9707230 0.0713690

2 193 3.088083 1.0692253 0.0769645

3 181 3.022099 0.9306855 0.0691773

4 166 3.156626 0.9658650 0.0749657

5 171 3.122807 1.0911975 0.0834460

6 164 3.006098 1.0537514 0.0822842

7 159 3.176101 1.0586270 0.0839546

8 168 3.059524 0.9952124 0.0767823

9 160 3.056250 1.0535766 0.0832925

10 158 3.120253 1.1136535 0.0885975

11 154 2.980520 1.0127990 0.0816137

12 149 2.959732 0.9647797 0.0790378

13 156 3.000000 1.0286226 0.0823557

14 151 2.993377 1.1105355 0.0903741

15 151 2.933775 1.0749814 0.0874807

16 146 3.047945 1.0912327 0.0903111

17 149 3.040268 1.0772788 0.0882541

18 145 2.848276 0.9741879 0.0809019

19 139 3.021583 1.0664014 0.0904510

20 143 3.020979 0.9962502 0.0833106

21 131 3.221374 1.0174635 0.0888962

22 140 3.057143 1.0913092 0.0922325

23 142 2.950704 1.0405090 0.0873176

24 137 2.854015 0.9666509 0.0825866

25 137 3.021898 0.9960743 0.0851004

26 142 3.021127 1.1328011 0.0950626

27 138 3.014493 1.0107850 0.0860437
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time N mean sd sem

28 147 3.047619 1.0490265 0.0865222

29 132 3.000000 1.0263699 0.0893340

30 138 3.050725 1.0132153 0.0862506

##    Min. 1st Qu.  Median    Mean 3rd Qu.    Max.  
##    1.00   21.00   26.00   24.29   30.00   31.00

AVERAGE PAIN SEVERITY FOR THE FIRST
ONE MONTH
OVERVIEW

BLUE - RA
PURPLE - OA
BLACK - CWPFM
ORANGE - SpA

Code Output
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CLOSE-UP
BLUE - RA
PURPLE - OA
BLACK - CWPFM
ORANGE - SpA

PROPORTION OF PAIN LEVEL REPORTING
FOR THE FIRST ONE MONTH

Code Output

Code Output
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MULTILEVEL MODEL
##Create new data name for the multilevel modelling and then factor the userid
#### RA #### 
data.ra <- ra.painmotif 
data.ra <- within(data.ra, { 
  userid <- factor(userid) 
}) 
 
#### SpA #### 
data.spa <- spa.painmotif 
data.spa <- within(data.spa, { 
  userid <- factor(userid) 
}) 
 
#### OA #### 
data.oa <- oa.painmotif 
data.oa <- within(data.oa, { 
  userid <- factor(userid) 
}) 
 
#### CWPFM #### 
data.cwpfm <- cwpfm.painmotif 
data.cwpfm <- within(data.cwpfm, { 
  userid <- factor(userid) 
})
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Model 1: The Null Model
Equation: 

 is the pain level at measurement occasion i (in the dataset, the measurement occasion is
denoted by ‘time’) for individual j (in the dataset, the individual is denoted by ‘userid’).

 is the overall mean across individuals.
 is the random effect of individual j on pain level (Level 2). This is assumed to follow a normal

distribution with mean zero and variance .
 is the measurement occasion-level residual (Level 1).

Here in R, I use lme4 package for fitting in the mixed effect model (developed by Douglas Bates and Martin
Maechler).

In the model,

userid = blocking factor (random factor)
time = within subject/repeated measures factor (fixed factor)
painSeverity = measured (dependent) variable

Null model for RA

## Linear mixed model fit by maximum likelihood  ['lmerMod'] 
## Formula: painSeverity ~ (1 | userid) 
##    Data: data.ra 
##  
##      AIC      BIC   logLik deviance df.resid  
##  19932.4  19953.5  -9963.2  19926.4     8387  
##  
## Scaled residuals:  
##     Min      1Q  Median      3Q     Max  
## -4.4799 -0.6501 -0.1236  0.6004  4.8134  
##  
## Random effects: 
##  Groups   Name        Variance Std.Dev. 
##  userid   (Intercept) 0.4460   0.6678   
##  Residual             0.5496   0.7414   
## Number of obs: 8390, groups:  userid, 422 
##  
## Fixed effects: 
##             Estimate Std. Error t value 
## (Intercept)  2.55041    0.03406   74.89

RESULT INTERPRETATION:
The overall mean (across all individuals with RA only) is estimated as .
The mean for individual j is estimated as , where  is the individual residual which will
be estimated in the next model. An individual with  has a mean that is higher than average pain,
while  for an individual with below-average pain.
The between-individual (level 2) variance ‘userid (Intercept)’ in pain severity is estimated as 

, and the within-individual (level 1) variance ‘Residual’ is estimated as .

painSeverit = + +yij β0 u0j eij

painSeverityij

β0

u0j

σ2
u0

eij

Code Output

2.55041

2.55041 + û 0j û 0j

> 0û 0j

< 0û 0j

= 0.4460σ ̂ 2u0 = 0.5496σ ̂ 2e
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The total variance is .
The variance partition coefficient (VPC) is , which indicates that 45% of the
variance in pain severity can be attributed to differences between individuals with RA only.

Notes to self:

both MLE and REML estimation procedure is based on optimizing a function of the log likelihood using
penalized iteratively re-weighted least squares. The log likelihood is evaluated using an adaptive Gauss-
Hermite approximation, which, when using the default value of one, reduces to the Laplacian
approximation. This default approximation can be changed using the nAGQ=n option, where n is an
integer >1, representing the number of points used for evaluating the adaptive Gauss-Hermite
approximation. The greater the value of n, the more accurate the evaluation of the log likelihood, but it
will take longer to fit the model.

Null model - testing for individual effects for
RA
A likelihood ratio test (LRT) is carried out to compare Model 1 (as above) with a null single-level model
(i.e. removing the random effect):

Equation: 

##  
## Call: 
## lm(formula = painSeverity ~ 1, data = data.ra) 
##  
## Residuals: 
##    Min     1Q Median     3Q    Max  
## -1.501 -0.501 -0.501  0.499  2.499  
##  
## Coefficients: 
##             Estimate Std. Error t value Pr(>|t|)     
## (Intercept)  2.50095    0.01069   233.9   <2e-16 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
##  
## Residual standard error: 0.9794 on 8389 degrees of freedom

## 'log Lik.' -9963.194 (df=3)

## 'log Lik.' -11730.05 (df=2)

 on 1 d.f.

By default, we know that 5% point of a chi-squared distribution on 1 d.f. is 3.84, there is strong evidence of
indiividual effect on pain level and therefore, the multilevel model is more appropriate.

0.4460 + 0.5496 = 0.9956

0.4460/0.9956 = 0.45

painSeverit = +yij β0 eij

Code Output

LR = 2(−9963.194 − −11730.05) = 3533.712
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Null model - examining individual random
effects (residuals) for RA
To estimate the individual-level residuals  and their associated standard errors, [ranef] command is used
with [postVar] option, creating a random effects object, which has variance-covariance matrix in the [postVar]
attribute.

Null model for OA

û 0j

Code Output

Code Output
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## Linear mixed model fit by maximum likelihood  ['lmerMod'] 
## Formula: painSeverity ~ (1 | userid) 
##    Data: data.oa 
##  
##      AIC      BIC   logLik deviance df.resid  
##  19785.4  19806.5  -9889.7  19779.4     8380  
##  
## Scaled residuals:  
##     Min      1Q  Median      3Q     Max  
## -4.2864 -0.6567 -0.1105  0.6362  4.6319  
##  
## Random effects: 
##  Groups   Name        Variance Std.Dev. 
##  userid   (Intercept) 0.3684   0.6070   
##  Residual             0.5465   0.7393   
## Number of obs: 8383, groups:  userid, 408 
##  
## Fixed effects: 
##             Estimate Std. Error t value 
## (Intercept)  2.61859    0.03156   82.96

RESULT INTERPRETATION:

The overall mean (across all individuals with OA only) is estimated as .
The mean for individual j is estimated as , where  is the individual residual which will
be estimated in the next model. An individual with  has a mean that is higher than average pain,
while  for an individual with below-average pain.
The between-individual (level 2) variance ‘userid (Intercept)’ in pain severity is estimated as 

, and the within-individual (level 1) variance ‘Residual’ is estimated as .
The total variance is .
The variance partition coefficient (VPC) is , which indicates that 40% of the
variance in pain severity can be attributed to differences between individuals with OA only.

Null model testing for individual effects for
OA
A likelihood ratio test (LRT) is carried out to compare Model 1 (as above) with a null single-level model
(i.e. removing the random effect):

Equation: 

2.61859

2.61859 + û 0j û 0j

> 0û 0j

< 0û 0j

= 0.3684σ ̂ 2u0 = 0.5465σ ̂ 2e
0.3684 + 0.5465 = 0.9149

0.3684/0.9149 = 0.40

painSeverit = +yij β0 eij

Code Output
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##  
## Call: 
## lm(formula = painSeverity ~ 1, data = data.oa) 
##  
## Residuals: 
##     Min      1Q  Median      3Q     Max  
## -1.6034 -0.6034  0.3966  0.3966  2.3966  
##  
## Coefficients: 
##             Estimate Std. Error t value Pr(>|t|)     
## (Intercept)  2.60336    0.01035   251.4   <2e-16 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
##  
## Residual standard error: 0.9481 on 8382 degrees of freedom

## 'log Lik.' -9889.698 (df=3)

## 'log Lik.' -11447.5 (df=2)

 on 1 d.f.

By default, we know that 5% point of a chi-squared distribution on 1 d.f. is 3.84, there is strong evidence of
indiividual effect on pain level and therefore, the multilevel model is more appropriate.

Null model - examining individual random
effects (residuals) for OA

## Warning in u0tab.oa$u0 + 1.96 * u0tab$u0se: longer object length is not a 
## multiple of shorter object length

LR = 2(−9889.698 − −11447.5) = 3115.604

Code Output
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Null model for CWPFM

## Linear mixed model fit by maximum likelihood  ['lmerMod'] 
## Formula: painSeverity ~ (1 | userid) 
##    Data: data.cwpfm 
##  
##      AIC      BIC   logLik deviance df.resid  
##  11786.5  11806.0  -5890.3  11780.5     4789  
##  
## Scaled residuals:  
##     Min      1Q  Median      3Q     Max  
## -3.6364 -0.6778 -0.0110  0.6498  3.3606  
##  
## Random effects: 
##  Groups   Name        Variance Std.Dev. 
##  userid   (Intercept) 0.4535   0.6734   
##  Residual             0.5973   0.7729   
## Number of obs: 4792, groups:  userid, 252 
##  
## Fixed effects: 
##             Estimate Std. Error t value 
## (Intercept)  3.06631    0.04472   68.56

RESULT INTERPRETATION:

Code Output
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The overall mean (across all individuals with RA only) is estimated as .
The mean for individual j is estimated as , where  is the individual residual which will
be estimated in the next model. An individual with  has a mean that is higher than average pain,
while  for an individual with below-average pain.
The between-individual (level 2) variance ‘userid (Intercept)’ in pain severity is estimated as 

, and the within-individual (level 1) variance ‘Residual’ is estimated as .
The total variance is .
The variance partition coefficient (VPC) is , which indicates that 43% of the
variance in pain severity can be attributed to differences between individuals with CWPFM only.

Null model - testing for individual effects for
CWPFM
A likelihood ratio test (LRT) is carried out to compare Model 1 (as above) with a null single-level model
(i.e. removing the random effect):

Equation: 

##  
## Call: 
## lm(formula = painSeverity ~ 1, data = data.cwpfm) 
##  
## Residuals: 
##      Min       1Q   Median       3Q      Max  
## -2.04591 -1.04591 -0.04591  0.95409  1.95409  
##  
## Coefficients: 
##             Estimate Std. Error t value Pr(>|t|)     
## (Intercept)  3.04591    0.01491   204.2   <2e-16 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
##  
## Residual standard error: 1.032 on 4791 degrees of freedom

## 'log Lik.' -5890.274 (df=3)

## 'log Lik.' -6951.577 (df=2)

 on 1 d.f.

By default, we know that 5% point of a chi-squared distribution on 1 d.f. is 3.84, there is strong evidence of
indiividual effect on pain level and therefore, the multilevel model is more appropriate.

Null model - examining individual random
effects (residuals) for CWPFM

3.06631

3.06631 + û 0j û 0j

> 0û 0j

< 0û 0j

= 0.4535σ ̂ 2u0 = 0.5973σ ̂ 2e
0.4535 + 0.5973 = 1.0508

0.4535/1, 0508 = 0.43

painSeverit = +yij β0 eij

Code Output

LR = 2(−5890.274 − −6951.577) = 2122.606

Code Output
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Null model for SpA

## Linear mixed model fit by maximum likelihood  ['lmerMod'] 
## Formula: painSeverity ~ (1 | userid) 
##    Data: data.spa 
##  
##      AIC      BIC   logLik deviance df.resid  
##   4802.2   4818.8  -2398.1   4796.2     1902  
##  
## Scaled residuals:  
##     Min      1Q  Median      3Q     Max  
## -4.2814 -0.6739 -0.1003  0.6442  3.7615  
##  
## Random effects: 
##  Groups   Name        Variance Std.Dev. 
##  userid   (Intercept) 0.3234   0.5687   
##  Residual             0.6449   0.8030   
## Number of obs: 1905, groups:  userid, 100 
##  
## Fixed effects: 
##             Estimate Std. Error t value 
## (Intercept)  2.72369    0.06066    44.9

RESULT INTERPRETATION:

Code Output
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The overall mean (across all individuals with SpA only) is estimated as .
The mean for individual j is estimated as , where  is the individual residual which will
be estimated in the next model. An individual with  has a mean that is higher than average pain,
while  for an individual with below-average pain.
The between-individual (level 2) variance ‘userid (Intercept)’ in pain severity is estimated as 

, and the within-individual (level 1) variance ‘Residual’ is estimated as .
The total variance is .
The variance partition coefficient (VPC) is , which indicates that 33% of the
variance in pain severity can be attributed to differences between individuals with SpA only.

Null model - testing for individual effects for
SpA
A likelihood ratio test (LRT) is carried out to compare Model 1 (as above) with a null single-level model
(i.e. removing the random effect):

Equation: 

##  
## Call: 
## lm(formula = painSeverity ~ 1, data = data.spa) 
##  
## Residuals: 
##     Min      1Q  Median      3Q     Max  
## -1.7365 -0.7365  0.2635  0.2635  2.2635  
##  
## Coefficients: 
##             Estimate Std. Error t value Pr(>|t|)     
## (Intercept)  2.73648    0.02252   121.5   <2e-16 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
##  
## Residual standard error: 0.983 on 1904 degrees of freedom

## 'log Lik.' -2398.078 (df=3)

## 'log Lik.' -2669.863 (df=2)

 on 1 d.f.

By default, we know that 5% point of a chi-squared distribution on 1 d.f. is 3.84, there is strong evidence of
indiividual effect on pain level and therefore, the multilevel model is more appropriate.

Null model- examining individual random
effects (residuals) for SpA

2.72369

2.72369 + û 0j û 0j

> 0û 0j

< 0û 0j

= 0.3234σ ̂ 2u0 = 0.6449σ ̂ 2e
0.3234 + 0.6449 = 0.9683

0.3234/0.9683 = 0.33

painSeverit = +yij β0 eij

Code Output

LR = 2(−2398.078 − −2669.863) = 543.57

Code Output
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## Warning in u0tab.spa$u0 + 1.96 * u0tab$u0se: longer object length is not a 
## multiple of shorter object length

Random intercept model for RA
Allowing for a linear effect,

Equation: painSeverit = + tim + +yij β0 β1 eij u0j eij

Code Output
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## Linear mixed model fit by maximum likelihood  ['lmerMod'] 
## Formula: painSeverity ~ time + (1 | userid) 
##    Data: data.ra 
##  
##      AIC      BIC   logLik deviance df.resid  
##  19914.6  19942.7  -9953.3  19906.6     8386  
##  
## Scaled residuals:  
##     Min      1Q  Median      3Q     Max  
## -4.5328 -0.6454 -0.1181  0.6178  4.8022  
##  
## Random effects: 
##  Groups   Name        Variance Std.Dev. 
##  userid   (Intercept) 0.4437   0.6661   
##  Residual             0.5484   0.7405   
## Number of obs: 8390, groups:  userid, 422 
##  
## Fixed effects: 
##               Estimate Std. Error t value 
## (Intercept)  2.6055011  0.0361567  72.061 
## time        -0.0041037  0.0009218  -4.452 
##  
## Correlation of Fixed Effects: 
##      (Intr) 
## time -0.342

Result interpretation:

The between-individual variance reduced slightly (compared to nullmodel) from 0.4460 to 0.4437 and
the within-individual variance reduced slightly (compared to nullmodel) from 0.5496 to 0.5484.
The total variance is  and the VPC is , which
indicates that 45% of the variance in pain severity is attirbuted to differences between individuals.

Random intercept model - plot of the
predicted individual lines for RA

= 2.606 − 0.0041037tim + +painSeverity
^

ij eij u0j eij

0.4437 + 0.5484 = 0.9921 0.4437/0.9921 = 0.4472

Code Output
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Random intercept model for OA
Allowing for a linear effect,

Equation: painSeverit = + tim + +yij β0 β1 eij u0j eij

Code Output
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## Linear mixed model fit by maximum likelihood  ['lmerMod'] 
## Formula: painSeverity ~ time + (1 | userid) 
##    Data: data.oa 
##  
##      AIC      BIC   logLik deviance df.resid  
##  19777.4  19805.5  -9884.7  19769.4     8379  
##  
## Scaled residuals:  
##     Min      1Q  Median      3Q     Max  
## -4.3398 -0.6443 -0.1112  0.6276  4.6250  
##  
## Random effects: 
##  Groups   Name        Variance Std.Dev. 
##  userid   (Intercept) 0.3683   0.6069   
##  Residual             0.5458   0.7388   
## Number of obs: 8383, groups:  userid, 408 
##  
## Fixed effects: 
##               Estimate Std. Error t value 
## (Intercept)  2.6581325  0.0339387  78.321 
## time        -0.0028732  0.0009072  -3.167 
##  
## Correlation of Fixed Effects: 
##      (Intr) 
## time -0.368

Result interpretation:

The between-individual variance reduced minimally (compared to nullmodel) from 0.3684 to 0.3683 and
the within-individual variance reduced slightly (compared to nullmodel) from 0.5465 to 0.5458.
The total variance is  and the VPC is , which
indicates that 41% of the variance in pain severity is attirbuted to differences between individuals.

Random intercept model - plot of the
predicted individual lines for OA

= 2.658 − 0.0028732tim + +painSeverity
^

ij eij u0j eij

0.3683 + 0.5458 = 0.9141 0.3683/0.9141 = 0.4029

Code Output
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Random intercept model for CWPFM
Allowing for a linear effect,

Equation: painSeverit = + tim + +yij β0 β1 eij u0j eij

Code Output
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## Linear mixed model fit by maximum likelihood  ['lmerMod'] 
## Formula: painSeverity ~ time + (1 | userid) 
##    Data: data.cwpfm 
##  
##      AIC      BIC   logLik deviance df.resid  
##  11778.8  11804.7  -5885.4  11770.8     4788  
##  
## Scaled residuals:  
##     Min      1Q  Median      3Q     Max  
## -3.6683 -0.6688 -0.0301  0.6341  3.3828  
##  
## Random effects: 
##  Groups   Name        Variance Std.Dev. 
##  userid   (Intercept) 0.4526   0.6727   
##  Residual             0.5961   0.7721   
## Number of obs: 4792, groups:  userid, 252 
##  
## Fixed effects: 
##              Estimate Std. Error t value 
## (Intercept)  3.117694   0.047620  65.470 
## time        -0.003958   0.001270  -3.117 
##  
## Correlation of Fixed Effects: 
##      (Intr) 
## time -0.346

Result interpretation:

The between-individual variance reduced slightly (compared to nullmodel) from 0.4535 to 0.4526 and
the within-individual variance reduced slightly (compared to nullmodel) from 0.5973 to 0.5961.
The total variance is  and the VPC is , which
indicates that 43% of the variance in pain severity is attirbuted to differences between individuals.

Random intercept model - plot of the
predicted individual lines for CWPFM

= 3.118 − 0.003958tim + +painSeverity
^

ij eij u0j eij

0.4526 + 0.5961 = 1.0487 0.4526/1.0487 = 0.4472

Code Output
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Random intercept model for SpA
Allowing for a linear effect,

Equation: painSeverit = + tim + +yij β0 β1 eij u0j eij

Code Output
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## Linear mixed model fit by maximum likelihood  ['lmerMod'] 
## Formula: painSeverity ~ time + (1 | userid) 
##    Data: data.spa 
##  
##      AIC      BIC   logLik deviance df.resid  
##   4803.7   4825.9  -2397.9   4795.7     1901  
##  
## Scaled residuals:  
##     Min      1Q  Median      3Q     Max  
## -4.3016 -0.6790 -0.0994  0.6404  3.7776  
##  
## Random effects: 
##  Groups   Name        Variance Std.Dev. 
##  userid   (Intercept) 0.3227   0.5681   
##  Residual             0.6448   0.8030   
## Number of obs: 1905, groups:  userid, 100 
##  
## Fixed effects: 
##              Estimate Std. Error t value 
## (Intercept)  2.741756   0.066606  41.164 
## time        -0.001361   0.002083  -0.653 
##  
## Correlation of Fixed Effects: 
##      (Intr) 
## time -0.415

Result interpretation:

The between-individual variance reduced minimally (compared to nullmodel) from 0.3234 to 0.3227 and
the within-individual variance reduced slightly (compared to nullmodel) from 0.6449 to 0.6448.
The total variance is  and the VPC is , which
indicates that 33% of the variance in pain severity is attirbuted to differences between individuals.

Random intercept model - plot of the
predicted individual lines for SpA

= 2.742 − 0.001361tim + +painSeverity
^

ij eij u0j eij

0.3227 + 0.6448 = 0.9675 0.3227/0.9675 = 0.334
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Random slope model for RA
Allowing for a linear effect,

Equation: painSeverit = + tim + + tim +yij β0 β1 eij u0j u1j eij eij

Code Output
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## Linear mixed model fit by maximum likelihood  ['lmerMod'] 
## Formula: painSeverity ~ time + (1 + time | userid) 
##    Data: data.ra 
## Control: lmerControl(optimizer = "bobyqa") 
##  
##      AIC      BIC   logLik deviance df.resid  
##  19702.7  19744.9  -9845.3  19690.7     8384  
##  
## Scaled residuals:  
##     Min      1Q  Median      3Q     Max  
## -4.5094 -0.6472 -0.1188  0.6113  4.9614  
##  
## Random effects: 
##  Groups   Name        Variance  Std.Dev. Corr  
##  userid   (Intercept) 0.5150158 0.71765        
##           time        0.0004575 0.02139  -0.37 
##  Residual             0.5113829 0.71511        
## Number of obs: 8390, groups:  userid, 422 
##  
## Fixed effects: 
##              Estimate Std. Error t value 
## (Intercept)  2.602686   0.038396  67.785 
## time        -0.003929   0.001433  -2.742 
##  
## Correlation of Fixed Effects: 
##      (Intr) 
## time -0.463

## Data: data.ra 
## Models: 
## interceptmodel.ra: painSeverity ~ time + (1 | userid) 
## slopemodel1.ra: painSeverity ~ time + (1 + time | userid) 
##                   Df   AIC   BIC  logLik deviance  Chisq Chi Df Pr(>Chisq)     
## interceptmodel.ra  4 19915 19943 -9953.3    19907                              
## slopemodel1.ra     6 19703 19745 -9845.3    19691 215.92      2  < 2.2e-16 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

##              (Intercept)          time 
## (Intercept)  0.515015846 -0.0056868932 
## time        -0.005686893  0.0004575286 
## attr(,"stddev") 
## (Intercept)        time  
##  0.71764605  0.02138992  
## attr(,"correlation") 
##             (Intercept)       time 
## (Intercept)   1.0000000 -0.3704722 
## time         -0.3704722  1.0000000

## Computing profile confidence intervals ...
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##                    2.5 %       97.5 % 
## .sig01       0.661820994  0.779368067 
## .sig02      -0.485513674 -0.240423653 
## .sig03       0.018892125  0.024081553 
## .sigma       0.703885024  0.726636673 
## (Intercept)  2.527310126  2.678196183 
## time        -0.006747991 -0.001107273

RESULT INTERPRETATION:

The ANOVA informs us that the random slope model is a better fit.

Random slope model plots for RA

painSeverit = 2.603 − 0.003929tim + + 0.0004575tim +yij eij u0j eij eij

Code Output
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Random slope model for OA



24/07/2020 Single-Disease Pain Analysis

file:///Users/huaileng/Desktop/PhD(Cloudy)/January 2020/fromIncline/20200124_singledisease_pain.html 43/69

Allowing for a linear effect,

Equation: 

## Linear mixed model fit by maximum likelihood  ['lmerMod'] 
## Formula: painSeverity ~ time + (1 + time | userid) 
##    Data: data.oa 
## Control: lmerControl(optimizer = "bobyqa") 
##  
##      AIC      BIC   logLik deviance df.resid  
##  19636.0  19678.2  -9812.0  19624.0     8377  
##  
## Scaled residuals:  
##     Min      1Q  Median      3Q     Max  
## -4.1049 -0.6323 -0.0882  0.6192  4.7277  
##  
## Random effects: 
##  Groups   Name        Variance  Std.Dev. Corr  
##  userid   (Intercept) 0.4282985 0.65445        
##           time        0.0003586 0.01894  -0.37 
##  Residual             0.5165306 0.71870        
## Number of obs: 8383, groups:  userid, 408 
##  
## Fixed effects: 
##              Estimate Std. Error t value 
## (Intercept)  2.657298   0.036037   73.74 
## time        -0.002717   0.001332   -2.04 
##  
## Correlation of Fixed Effects: 
##      (Intr) 
## time -0.479

## Data: data.oa 
## Models: 
## interceptmodel.oa: painSeverity ~ time + (1 | userid) 
## slopemodel1.oa: painSeverity ~ time + (1 + time | userid) 
##                   Df   AIC   BIC  logLik deviance  Chisq Chi Df Pr(>Chisq)     
## interceptmodel.oa  4 19777 19806 -9884.7    19769                              
## slopemodel1.oa     6 19636 19678 -9812.0    19624 145.37      2  < 2.2e-16 *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

##              (Intercept)          time 
## (Intercept)  0.428298482 -0.0045741762 
## time        -0.004574176  0.0003585689 
## attr(,"stddev") 
## (Intercept)        time  
##  0.65444517  0.01893592  
## attr(,"correlation") 
##             (Intercept)       time 
## (Intercept)   1.0000000 -0.3691079 
## time         -0.3691079  1.0000000

painSeverit = + tim + + tim +yij β0 β1 eij u0j u1j eij eij

Code Output
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## Computing profile confidence intervals ...

##                    2.5 %        97.5 % 
## .sig01       0.601100859  7.134791e-01 
## .sig02      -0.487721957 -2.338178e-01 
## .sig03       0.016443507  2.158791e-02 
## .sigma       0.707413107  7.302901e-01 
## (Intercept)  2.586539772  2.728161e+00 
## time        -0.005334858 -9.685741e-05

RESULT INTERPRETATION:

The ANOVA informs us that the random slope model is a better fit.

Random slope model plots for OA

painSeverit = 2.657 − 0.002717tim + + 0.0003586tim +yij eij u0j eij eij

Code Output
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Random slope model for CWPFM
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Allowing for a linear effect,

Equation: 

## Linear mixed model fit by maximum likelihood  ['lmerMod'] 
## Formula: painSeverity ~ time + (1 + time | userid) 
##    Data: data.cwpfm 
## Control: lmerControl(optimizer = "bobyqa") 
##  
##      AIC      BIC   logLik deviance df.resid  
##  11701.5  11740.4  -5844.8  11689.5     4786  
##  
## Scaled residuals:  
##     Min      1Q  Median      3Q     Max  
## -3.6492 -0.6621 -0.0354  0.6323  3.6311  
##  
## Random effects: 
##  Groups   Name        Variance  Std.Dev. Corr  
##  userid   (Intercept) 0.4489956 0.67007        
##           time        0.0003884 0.01971  -0.18 
##  Residual             0.5654470 0.75196        
## Number of obs: 4792, groups:  userid, 252 
##  
## Fixed effects: 
##              Estimate Std. Error t value 
## (Intercept)  3.117147   0.047390  65.776 
## time        -0.004089   0.001845  -2.216 
##  
## Correlation of Fixed Effects: 
##      (Intr) 
## time -0.357

## Data: data.cwpfm 
## Models: 
## interceptmodel.cwpfm: painSeverity ~ time + (1 | userid) 
## slopemodel1.cwpfm: painSeverity ~ time + (1 + time | userid) 
##                      Df   AIC   BIC  logLik deviance  Chisq Chi Df Pr(>Chisq) 
## interceptmodel.cwpfm  4 11779 11805 -5885.4    11771                          
## slopemodel1.cwpfm     6 11702 11740 -5844.8    11690 81.293      2  < 2.2e-16 
##                          
## interceptmodel.cwpfm     
## slopemodel1.cwpfm    *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

painSeverit = + tim + + tim +yij β0 β1 eij u0j u1j eij eij

Code Output
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##              (Intercept)          time 
## (Intercept)  0.448995628 -0.0023744857 
## time        -0.002374486  0.0003884453 
## attr(,"stddev") 
## (Intercept)        time  
##  0.67007136  0.01970901  
## attr(,"correlation") 
##             (Intercept)       time 
## (Intercept)   1.0000000 -0.1797975 
## time         -0.1797975  1.0000000

## Computing profile confidence intervals ...

##                    2.5 %        97.5 % 
## .sig01       0.601917160  0.7475045087 
## .sig02      -0.358194536  0.0218432409 
## .sig03       0.016182583  0.0235316375 
## .sigma       0.736380775  0.7680928174 
## (Intercept)  3.023961098  3.2104363703 
## time        -0.007726408 -0.0004583978

RESULT INTERPRETATION:

The ANOVA informs us that the random slope model is a better fit.

Random slope model plots for CWPFM

painSeverit = 3.117 − 0.004089tim + + 0.0003884tim +yij eij u0j eij eij

Code Output
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Random slope model for SpA
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Allowing for a linear effect,

Equation: 

## Linear mixed model fit by maximum likelihood  ['lmerMod'] 
## Formula: painSeverity ~ time + (1 + time | userid) 
##    Data: data.spa 
## Control: lmerControl(optimizer = "bobyqa") 
##  
##      AIC      BIC   logLik deviance df.resid  
##   4745.2   4778.5  -2366.6   4733.2     1899  
##  
## Scaled residuals:  
##     Min      1Q  Median      3Q     Max  
## -4.1674 -0.6677 -0.0606  0.5988  3.9387  
##  
## Random effects: 
##  Groups   Name        Variance  Std.Dev. Corr  
##  userid   (Intercept) 0.4454702 0.66744        
##           time        0.0006156 0.02481  -0.54 
##  Residual             0.5939061 0.77065        
## Number of obs: 1905, groups:  userid, 100 
##  
## Fixed effects: 
##              Estimate Std. Error t value 
## (Intercept)  2.736439   0.075044   36.46 
## time        -0.000726   0.003307   -0.22 
##  
## Correlation of Fixed Effects: 
##      (Intr) 
## time -0.598

## Data: data.spa 
## Models: 
## interceptmodel.spa: painSeverity ~ time + (1 | userid) 
## slopemodel1.spa: painSeverity ~ time + (1 + time | userid) 
##                    Df    AIC    BIC  logLik deviance  Chisq Chi Df Pr(>Chisq) 
## interceptmodel.spa  4 4803.7 4825.9 -2397.9   4795.7                          
## slopemodel1.spa     6 4745.2 4778.5 -2366.6   4733.2 62.508      2   2.67e-14 
##                        
## interceptmodel.spa     
## slopemodel1.spa    *** 
## --- 
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

painSeverit = + tim + + tim +yij β0 β1 eij u0j u1j eij eij
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##              (Intercept)          time 
## (Intercept)  0.445470168 -0.0089094953 
## time        -0.008909495  0.0006156385 
## attr(,"stddev") 
## (Intercept)        time  
##  0.66743552  0.02481206  
## attr(,"correlation") 
##             (Intercept)       time 
## (Intercept)   1.0000000 -0.5379983 
## time         -0.5379983  1.0000000

## Computing profile confidence intervals ...

##                   2.5 %       97.5 % 
## .sig01       0.56165230  0.796553768 
## .sig02      -0.70584974 -0.304572983 
## .sig03       0.01936901  0.031202487 
## .sigma       0.74343747  0.797158642 
## (Intercept)  2.58764126  2.884699007 
## time        -0.00725753  0.005848157

RESULT INTERPRETATION:

The ANOVA informs us that the random slope model is a better fit.

Random slope model plots for SpA

painSeverit = 2.736 − 0.000726tim + + 0.0006156tim +yij eij u0j eij eij

Code Output
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Predicted value plot for all diseases
(random slope model)

## Warning in checkConv(attr(opt, "derivs"), opt$par, ctrl = control$checkConv, : Mod
el is nearly unidentifiable: very large eigenvalue 
##  - Rescale variables?

## Linear mixed model fit by maximum likelihood  ['lmerMod'] 
## Formula: painSeverity ~ time + groupname + time * groupname + (1 + time |   
##     userid) 
##    Data: combo.all 
## Control: lmerControl(optimizer = "bobyqa") 
##  
##      AIC      BIC   logLik deviance df.resid  
##  55804.7  55901.5 -27890.3  55780.7    23458  
##  
## Scaled residuals:  
##     Min      1Q  Median      3Q     Max  
## -4.4529 -0.6454 -0.0889  0.6198  4.8616  
##  
## Random effects: 
##  Groups   Name        Variance  Std.Dev. Corr  
##  userid   (Intercept) 0.4649080 0.68184        
##           time        0.0004219 0.02054  -0.35 
##  Residual             0.5308825 0.72862        
## Number of obs: 23470, groups:  userid, 1182 
##  
## Fixed effects: 
##                    Estimate Std. Error t value 
## (Intercept)        3.117304   0.047802  65.212 
## time              -0.004168   0.001854  -2.248 
## groupnameOA       -0.460104   0.060677  -7.583 
## groupnameRA       -0.515065   0.060397  -8.528 
## groupnameSpA      -0.382016   0.089341  -4.276 
## time:groupnameOA   0.001482   0.002325   0.637 
## time:groupnameRA   0.000228   0.002330   0.098 
## time:groupnameSpA  0.003524   0.003446   1.022 
##  
## Correlation of Fixed Effects: 
##             (Intr) time   grpnOA grpnRA grpnSA tm:gOA tm:gRA 
## time        -0.454                                           
## groupnameOA -0.788  0.358                                    
## groupnameRA -0.791  0.359  0.624                             
## groupnamSpA -0.535  0.243  0.422  0.423                      
## tim:grpnmOA  0.362 -0.797 -0.456 -0.286 -0.194               
## tim:grpnmRA  0.361 -0.796 -0.285 -0.456 -0.193  0.635        
## tm:grpnmSpA  0.244 -0.538 -0.192 -0.193 -0.458  0.429  0.428 
## convergence code: 0 
## Model is nearly unidentifiable: very large eigenvalue 
##  - Rescale variables?
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Day-to-day pain scoring for RA (jitter plot)
Code Output
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Day-to-day pain scoring for OA (jitter plot)
Code Output
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Day-to-day pain scoring for CWPFM (jitter
plot)

Code Output
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Day-to-day pain scoring for SpA (jitter plot)
Code Output
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Markov Model (Observed State)
Pain severity category 0-5:

0 - missing data
1 - no pain
2 - mild pain
3 - moderate pain
4 - severe pain
5 - very severe pain

Transition matrix(missing data as a
separate category)
Preparing the data

##  [>] state coding:

##        [alphabet]  [label]  [long label]

##      1             0        0missing
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##      2             1        1no pain

##      3             2        2mild pain

##      4             3        3moderate pain

##      5             4        4severe pain

##      6             5        5very severe pain

##  [>] 425 sequences in the data set

##  [>] min/max sequence length: 31/31

##  [>] state coding:

##        [alphabet]  [label]  [long label]

##      1             0        0missing

##      2             1        1no pain

##      3             2        2mild pain

##      4             3        3moderate pain

##      5             4        4severe pain

##      6             5        5very severe pain

##  [>] 409 sequences in the data set

##  [>] min/max sequence length: 31/31

##  [>] state coding:

##        [alphabet]  [label]  [long label]

##      1             0        0missing

##      2             1        1no pain
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##      3             2        2mild pain

##      4             3        3moderate pain

##      5             4        4severe pain

##      6             5        5very severe pain

##  [>] 255 sequences in the data set

##  [>] min/max sequence length: 31/31

##  [>] state coding:

##        [alphabet]  [label]  [long label]

##      1             0        0missing

##      2             1        1no pain

##      3             2        2mild pain

##      4             3        3moderate pain

##      5             4        4severe pain

##      6             5        5very severe pain

##  [>] 100 sequences in the data set

##  [>] min/max sequence length: 31/31

Transition matrix 6x6 table for RA
Code Output
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#### RA #### 
mm_rawithNA <- build_mm(observations = ra_seqwithNA) 
 
#### RA #### 
mm_rawithNA$transition_probs %>%  
  kable() %>%  
  kable_styling(bootstrap_options = c("striped", "hover", "responsive", "condensed"))

Transition matrix 6x6 table for OA

0 1 2 3 4 5

0 0.5901956 0.0453997 0.1480319 0.1477904 0.0509539 0.0176286

1 0.2278177 0.3597122 0.2757794 0.0995204 0.0311751 0.0059952

2 0.2113665 0.0830140 0.4498723 0.2177522 0.0325670 0.0054278

3 0.2211337 0.0206438 0.2543737 0.3778866 0.1123163 0.0136459

4 0.2308438 0.0145490 0.1183317 0.3026188 0.2735209 0.0601358

5 0.2846715 0.0109489 0.0656934 0.1788321 0.2116788 0.2481752

Transition matrix 6x6 table for CWPFM

0 1 2 3 4 5

0 0.6665554 0.0186916 0.0904539 0.1188251 0.0771028 0.0283712

1 0.2307692 0.3576923 0.2538462 0.1153846 0.0230769 0.0192308

2 0.2476108 0.0660295 0.3640313 0.2649870 0.0451781 0.0121633

3 0.2271973 0.0143726 0.1763405 0.4002211 0.1580984 0.0237700

4 0.2286585 0.0050813 0.0640244 0.3099593 0.2916667 0.1006098

5 0.2222222 0.0066667 0.0288889 0.1088889 0.1977778 0.4355556

Transition matrix 6x6 table for SpA

0 1 2 3 4 5

0 0.6241259 0.0419580 0.1276224 0.1407343 0.0559441 0.0096154

Code Output

Code Output
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0 1 2 3 4 5

1 0.3190184 0.2576687 0.2638037 0.1104294 0.0368098 0.0122699

2 0.2639110 0.0747218 0.3926868 0.2193959 0.0413355 0.0079491

3 0.2558140 0.0174419 0.2063953 0.3779070 0.1264535 0.0159884

4 0.2268041 0.0206186 0.1202749 0.2852234 0.2714777 0.0756014

5 0.1411765 0.0470588 0.0117647 0.1411765 0.2588235 0.4000000

Transition probability heatmap plot for RA
1st plot: with missing category (6x6)
2nd plot: excluding missing category and re-calculation of the probability matrix (5x5)
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Transition probability heatmap plot for OA
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1st plot: with missing category (6x6)
2nd plot: excluding missing category and re-calculation of the probability matrix (5x5)
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Transition probability heatmap plot for
CWPFM

1st plot: with missing category (6x6)
2nd plot: excluding missing category and re-calculation of the probability matrix (5x5)
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Transition probability heatmap plot for SpA
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1st plot: with missing category (6x6)
2nd plot: excluding missing category and re-calculation of the probability matrix (5x5)

Code Output



24/07/2020 Single-Disease Pain Analysis

file:///Users/huaileng/Desktop/PhD(Cloudy)/January 2020/fromIncline/20200124_singledisease_pain.html 68/69

PAIN FLUCTUATION
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ARTICLE OPEN

How the weather affects the pain of citizen scientists using a
smartphone app
William G. Dixon 1,2,3*, Anna L. Beukenhorst 1, Belay B. Yimer1, Louise Cook1, Antonio Gasparrini 4,5, Tal El-Hay 6,
Bruce Hellman 7, Ben James7, Ana M. Vicedo-Cabrera4, Malcolm Maclure8, Ricardo Silva 9,10, John Ainsworth 2,
Huai Leng Pisaniello1,11, Thomas House 12,13, Mark Lunt 1, Carolyn Gamble3,14,15, Caroline Sanders14,15, David M. Schultz 16,
Jamie C. Sergeant 1,3,17,18 and John McBeth1,3,18

Patients with chronic pain commonly believe their pain is related to the weather. Scientific evidence to support their beliefs is
inconclusive, in part due to difficulties in getting a large dataset of patients frequently recording their pain symptoms during a
variety of weather conditions. Smartphones allow the opportunity to collect data to overcome these difficulties. Our study Cloudy
with a Chance of Pain analysed daily data from 2658 patients collected over a 15-month period. The analysis demonstrated
significant yet modest relationships between pain and relative humidity, pressure and wind speed, with correlations remaining
even when accounting for mood and physical activity. This research highlights how citizen-science experiments can collect large
datasets on real-world populations to address long-standing health questions. These results will act as a starting point for a future
system for patients to better manage their health through pain forecasts.

npj Digital Medicine           (2019) 2:105 ; https://doi.org/10.1038/s41746-019-0180-3

INTRODUCTION
Weather has been thought to affect symptoms in patients with
chronic disease since the time of Hippocrates over 2000 years
ago.1 Around three-quarters of people living with arthritis believe
their pain is affected by the weather.2,3 Many report their pain is
made worse by the cold, rain, and low atmospheric pressure.
Others report that their pain is made worse by warmth and high
humidity. Despite much research examining the existence and
nature of the weather–pain relationship,4 there remains no
scientific consensus. Studies have failed to reach consensus in
part due to their small sample sizes or short durations (commonly
fewer than 100 participants or one month or less); by considering
a limited range of weather conditions; and heterogeneity in study
design (e.g. the populations studied, methods for assessing pain,
assumptions to determine the weather exposure, and statistical
analysis techniques).5–11 Resolving this question requires collec-
tion of high-quality symptom and weather data on large numbers
of individuals. Such data also need to include other factors
potentially linked to daily pain variation and weather, such as
mood and amount of physical activity. Collecting this kind of
multi-faceted data in large populations over long periods of time,
however, has been difficult.
The increasing uptake of smartphones offers new and

significant opportunities for health research.12 Smartphones allow
the integration of data collection into daily life using applications
(apps). Furthermore, embedded technologies within the smart-
phones, such as the Global Positioning System (GPS), can be used

to link the data collection to specific locations. We created Cloudy
with a Chance of Pain,13,14 a national United Kingdom smartphone
study, to collect a large dataset to examine the relationship
between local weather and daily pain in people living with long-
term pain conditions.

RESULTS
Recruitment and retention
The study app was downloaded by 13,207 users over the 12-
month recruitment period (Figs 1 and 2a) with recruitment from
all 124 UK postcode areas. A total of 10,584 participants had
complete baseline information and at least one pain entry, with
6850 (65%) participants remaining in the study beyond their first
week and 4692 (44%) beyond their first month (Fig. 2b). Further
description of engagement clusters is provided in Supplementary
Table 2 and Supplementary Figs 1–3. A total of 2658 participants
had at least one hazard period matched to a control period in the
same month (Fig. 3) and were included in the final analysis. There
were 9695 hazard periods included in the analysis for the final
2658 participants, matched to 81,727 control periods in 6431
participant-months. A total of 1235 participants contributed one
month, and the remaining 1423 participants contributed
2–15 months.
The final cohort was active for a median of 165 days

(interquartile range, IQR 84–245) with symptoms submitted on
an average of 73% of all days. Cohort members were

1Centre for Epidemiology Versus Arthritis, Manchester Academic Health Science Centre, The University of Manchester, Manchester, UK. 2Health eResearch Centre, Manchester
Academic Health Science Centre, The University of Manchester, Manchester, UK. 3NIHR Greater Manchester Biomedical Research Centre, Manchester Academic Health Science
Centre, The University of Manchester, Manchester, UK. 4Department of Public Health Environments and Society, London School of Hygiene & Tropical Medicine, London, UK.
5Centre for Statistical Methodology, London School of Hygiene & Tropical Medicine, London, UK. 6IBM Research, Haifa, Israel. 7uMotif Limited, London, UK. 8Department of
Anesthesiology, Pharmacology and Therapeutics, University of British Columbia, Vancouver, BC, Canada. 9Department of Statistical Science, UCL, London, UK. 10Alan Turing
Institute, London, UK. 11Discipline of Medicine, The University of Adelaide, Adelaide, Australia. 12School of Mathematics, The University of Manchester, Manchester, UK. 13IBM
Research, Hartree Centre, Sci-Tech, Daresbury, UK. 14Greater Manchester Patient Safety Translational Research Centre, The University of Manchester, Manchester, UK. 15NIHR
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predominantly female (83%), had a mean age of 51 years
(standard deviation 12.6), and had a range of different pain
conditions, predominantly arthritis (Supplementary Table 1). The
median number of weather stations associated with each
participant during the course of their active data-collection period
was 9 (IQR 4–14) with a maximum of 82 stations, indicating how
mobile participants were during the course of the study and the
importance of accounting for the weather at different locations
over the course of the study. As an illustration of the structure of
the data, the proportion of participants reporting a pain event was
plotted as a heat map per calendar day for the study period (Fig. 4),
aligned with the average United Kingdom weather data for the
same time period. On any given day during the study, about 1–6%
of participants had a pain event. At the start of the study, most
participants believed in an association between weather and their
pain (median score 8 out of 10, IQR 6–9). The demographics,
health conditions and baseline beliefs of the 2658 participants
included in the analysis were representative of the 10,584
participants who downloaded the app and provided baseline
information (Supplementary Table 2).

Weather and pain
The multivariable case-crossover analysis including the four state
weather variables demonstrated that an increase in relative
humidity was associated with a higher odds of a pain event with
an OR of 1.139 (95% confidence interval 1.099–1.181) per 10
percentage point increase, as was an increase in wind speed with
an OR of 1.02 (1.005–1.035) per 1 m s−1 increase (Table 1). The
odds of a pain event was lower with an increase in atmospheric
pressure with an OR of 0.962 (0.937–0.987) per 10-mbar increase.
Temperature did not have a significant association with pain (OR
0.996 (0.985–1.007) per 1 °C increase). The odds of a pain event
was 12% higher per one standard deviation increase in relative
humidity (9 percentage points) (OR 1.119 (1.084–1.154), compared

to 4% lower for pressure (OR 0.958 (0.930–0.989) and 4% higher
for wind speed (OR 1.041 (1.010–1.073) (11 mbar and 2m s−1,
respectively). Of the four weather variables, relative humidity had
the strongest association with pain, and temperature the least,
evidenced by the estimated relative importance of the variables
and their standardized odds ratios (Table 1, Supplementary Table
4). Similar effect sizes were seen when each variable was
examined in univariable analyses. Precipitation was not associated
with an increased odds of a pain event (OR 0.996 (0.989–1.003) per
1 mm daily rainfall amount) (Supplementary Table 5). Exploratory
analyses considered time spent outside by including an interac-
tion term with temperature, relative humidity, and wind speed.
Time spent outside did not have a significant interaction with
relative humidity or wind speed, nor did it lead to significant
associations for temperature when conducting analyses stratified
by time spent outside (Supplementary Table 3). It thus was not
included in the final model.
The model was then expanded to include mood and physical

activity on the day of interest, included as binary variables (Table 1),
resulting in a modest reduction in the point estimates for all
weather variables. Mood was strongly and independently
associated with pain events (OR 4.083 (3.824–4.360) for low mood
versus good mood), whereas there was no significant association
with physical activity (OR 0.939 (0.881–1.002) for high versus low
activity).
This multivariable regression model output represents the effect

of one weather variable while all else remains constant. In reality, a
single weather variable rarely changes in isolation while others
remain unchanged. To illustrate the composite effect of the
weather variables on the odds of reporting pain, an OR was
calculated for each day using the coefficients of our multivariable
model and daily UK mean weather values. Figure 5 demonstrates
there is significant variability in the odds of a pain event for any
given value of each weather variable. For example, at a
temperature of 8 °C, the odds of a pain event varied from around

Data item Ques�on stem Anchor - 
bo�om 

Anchor - top 

Pain severity How severe was your pain 
today? 

No pain Very severe 
pain 

Fa�gue How severe was your fa�gue 
today? 
 

No fa�gue Very severe 
fa�gue 

Morning 
s�ffness 

How s�ff did you feel on waking 
this morning? 

No s�ffness Very severely 
s�ff 

Impact of pain How much has your pain 
interfered with your ac�vi�es 
today? 

Not at all Very much 

Sleep quality How was your sleep quality last 
night? 

Very poor Very good 

Time spent 
outside 

How much �me have you spent 
outside today? 

None of the 
day 

All of the day 

Waking up 
feeling �red 

How �red did you feel when 
you woke up this morning? 

Not at all 
�red 

Extremely �red 

Physical 
ac�vity 

How long have you exercised 
today? 

No exercise 30+ minutes of 
strenuous 
exercise 

Mood How has your mood been 
today? 

Depressed Very happy 

Wellbeing How well did you feel today? Very unwell Very well 

Fig. 1 User interface of the study app (uMotif, London). Each colored segment represents one of the ten data items. Participants report their
symptoms on a five-point scale by dragging the segment from the center outwards
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0.8–1.2, depending on the other state variables in the weather
that day.
Other factors such as day of the week (Supplementary Table 6),

lagged weather values (Supplementary Table 7) and changes in
weather variables from the previous day were tested. Mondays,
Thursdays, and Saturdays (ORs 1.14, 1.14, and 1.29, respectively)
had higher odds of pain compared to Sundays, but adjusting for
the day of the week did not alter the effect of the four main
weather variables. Except for relative humidity (1-day lag and 2-
day lag), no significant associations were observed between
lagged weather variables and pain events. Including change in
weather from yesterday showed a minor effect of changing
relative humidity (OR 1.005 (1.001–1.009) per 10 percentage point
increase), whereas the effects of today’s relative humidity and
pressure remained unchanged (Supplementary Table 8). Stratifica-
tion by disease led to a loss of statistical power and largely
inconclusive results, although relative humidity appeared to have
a stronger association with pain in patients with osteoarthritis
(Supplementary Table 9, Supplementary Fig. 4). Stratification by
the number of pain sites also showed no meaningful difference
(Supplementary Table 10). After stratifying by participants’ prior
beliefs about their weather–pain relationship, relative humidity
remained associated with pain in all participants although the

association with pressure was only seen in those with a strong
prior belief (Supplementary Table 11).

DISCUSSION
This study has demonstrated that higher relative humidity and
wind speed, and lower atmospheric pressure, were associated
with increased pain severity in people with long-term pain
conditions. The most significant contribution was from relative
humidity. The effect of weather on pain was not fully explained by
its day-to-day effect on mood or physical activity. The overall
effect sizes, while statistically significant, were modest. For
example, the ‘worst’ combination of weather variables would
increase the odds of a pain event by just over 20% compared to
an average day. Nonetheless, such an increased risk may be
meaningful to people living with chronic pain.
In addition to investigating the weather–pain relationship, we

successfully conducted a national smartphone study that deliv-
ered on the promise of how consumer technology can support
health research.12,15 This study recruited over 10,000 participants
throughout the United Kingdom, sustained daily self-reported
data over many months,13 and showcased the value of passively
collected GPS data. Prior large smartphone studies have retained

Fig. 2 Recruitment and retention. a Cumulative recruitment and number of active participants through time. The blue line represents the
cumulative number of participants with a completed baseline questionnaire and at least one pain score submitted. The red line represents the
current number of active participants (i.e. those who have submitted their first but not yet their last pain score in the study period).
b Retention through time. The graph represents the retention of active participants through time as a survival probability from the day of
their recruitment. Participants were censored when they were no longer eligible for follow-up. Eligible follow-up time ranged from 90 days (for
those recruited on 20 January 2017) to 456 days (for those recruited on 20 January 2016)
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only around one in ten participants for seven days or less.16,17 In
contrast, our study retained 65% of participants for the first seven
days, and 44% for the first month, with over 2600 participants
contributing to the analysis having provided data for many
months of the study.13,14 An important success factor was strong
public involvement in early setup and piloting, as well as
participants’ interest in weather as a possible pain trigger.14 The
study design has resolved problems of prior weather–pain studies
such as small populations,5,7 short follow-up,3,8 surrogate pain
outcomes,11 the absence of possible causal pathway variables
such as mood, and assumptions about where participants were
located and thus the weather to which they were exposed.18,19

Overcoming these obstacles produced a large dataset that
allowed us to tease out subtle relationships between weather
and pain.
There are potential limitations to this study. First, the reduction

in participant numbers from over 10,000 with baseline data to the
final 2658 participants with at least one within-month risk set
raises questions about generalisability. Importantly, the character-
istics of those included in the analysis were similar to the initial
10,000 participants, other than being slightly older (mean age 51
versus 48 years old). In a prior analysis, we showed that Cloudy
participants were largely representative of a population reporting

chronic-pain symptoms,13 although proportionally fewer partici-
pants at both extremes of age were recruited. However, we would
not expect middle-aged recruits to differ in their relationship
between weather and pain from older or younger participants,
and thus such selection factors would not invalidate our results.
Second, the study was advertised to participants with a clear
research question. It is possible that only people with a strong
belief in a weather–pain relationship participated, generating an
unrepresentative sample. However, the percentage of participants
who believed in the weather–pain relationship was similar to prior
studies,20 and we did not see selective attrition of people who
reported no weather–pain beliefs.13 The within-person design
would, regardless, mean that participants who drop out early
would not introduce bias from time-invariant characteristics. Third,
the lack of blinding raises possible information bias where
observed weather could influence participants’ symptom report-
ing. Our baseline questionnaire demonstrated that rain and cold
weather were the most common pre-existing beliefs. If a reporting
bias were to exist, we would expect higher pain to be reported at
times of colder weather. Our findings—including the absence of
an association with either temperature or rainfall—cannot be
explained by such a reporting bias. Fourth, pain reporting is
subjective, meaning one participant’s “moderate” might equate to

Fig. 3 Example participant timeline of 21 days, showing participant-reported items (here, pain severity, mood, and exercise) and weather data
(here, temperature and relative humidity). Pain events with their associated hazard periods (dark grey) occur when pain severity increases by
two or more ordinal categories between consecutive days (e.g. from Day 4 to Day 5). Control periods (light gray) occur on days that were
eligible to be a pain event, but where pain did not increase by two or more ordinal categories. Days where there was no recorded pain on the
preceding day, or where the preceding day’s pain was severe or very severe (and could thus not increase by two or more categories), were not
eligible to be pain-event days or control days. The case-crossover analysis compared the weather on pain-event days to weather on control
days within a risk set of a calendar month
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someone else’s “severe”. The within-person case-crossover analy-
sis meant we compared moments when an individual’s score
increased by a meaningful amount to a control period for that
same person. Fifth, we chose to model the weather using daily
averages. It is possible that other findings may be hidden if the
association between weather and pain was with other metrics of
weather, such as the daily maximum, minimum, or range, or even
if the changes in weather on hourly time scales affect participants’
pain. Sixth, the findings from this United Kingdom study cannot
necessarily be extrapolated to different climates where the
weather is different. Seventh, our population-wide analysis
assumed that all participants have the same weather–pain
relationship. Different diseases may have different sensitivities to
pain and, even within disease, participants may be affected
differently. Our decision to use the whole chronic-pain population
in our primary analysis means the overall associations with
weather variables may be combinations of strong, weak and
absent causal effects, thereby underestimating the most impor-
tant associations. Notable differences were not seen after
stratification by pain condition, although the power to detect
any differences was reduced because of smaller sample sizes.
Lastly, the inclusion of repeated events per person required us to
consider within-subject dependence which, if not accounted for,
would lead to bias.21 Our outcome was based on changes in pain
(a two or more category increase), which meant events rarely
occurred on consecutive days, thereby ensuring a time gap
between recurrent events and the avoidance of bias.
Understanding the relationship between weather and pain is

important for several reasons. First, this study validates the
perception of those who believe that their pain is associated with
the weather. Second, given we can forecast the weather days in
advance, understanding how weather relates to pain would allow
pain forecasts. Patients could then plan activities and take greater
control of their lives. Finally, understanding the relationship
between weather and pain might also allow better understanding
of the mechanisms for pain and thus allow the development of
new and more effective interventions for those who suffer
with pain.
In summary, our large national smartphone study has success-

fully supported the collection of daily symptoms and high-quality

weather data, allowing examination of the relationship between
weather and pain. The analysis has demonstrated significant
relationships between relative humidity, pressure, wind speed and
pain, with correlations remaining even when accounting for mood
and physical activity.

METHODS
Patient involvement
Patient involvement has been important throughout the study, from
inception to interpretation of the results. Co-author C.G. is a patient partner
and co-applicant, while a patient and public involvement group of seven
additional members has supported the study, meeting eight times in total.
During the feasibility study,14 patients positively influenced the wording
and display of questions within the app. C.G. and other members of the
Patient and Public Involvement Group were involved in media broadcasts
at study launch and subsequent public engagement activities, explaining
why the research question was important to them and relevant to patients
with long-term pain conditions.22 They have supported the interpretation
of findings and the development of dissemination plans for the results,
ensuring the results reach study participants, patient organizations and the
general public.

Recruitment
We recruited participants through local and national media (television,
radio, and press) and social media from 20 January 2016 to 20 January
2017. To participate in the study, participants needed to (i) be living with
long-term (>3 months) pain conditions, (ii) be aged 17 years or older, (iii)
be living in the United Kingdom, and (iv) own an Android or Apple iOS
smartphone. Interested participants were directed to the study website
(www.cloudywithachanceofpain.com) where they could check their elig-
ibility, learn about the study, and download the uMotif app (Fig. 1). After
downloading the study app, participants completed an electronic consent
form and a baseline questionnaire including demographic information
(sex, year of birth, first half of postcode), anatomical site(s) of pain,
underlying pain condition(s), baseline medication use, and beliefs about
the extent to which weather influenced their pain on a scale of 0–10,
including which weather condition(s) were thought to be most associated
with pain. Participants were then invited to collect daily symptoms for six
months, or longer if willing. Each day, the app alerted participants to
complete ten items at 6:24 p.m. (Fig. 1). The ten items were pain severity,
fatigue, morning stiffness, impact of pain, sleep quality, time spent outside,
waking up feeling tired, physical activity, mood, and well-being. Each data

Fig. 4 The proportion of eligible active participants reporting a pain event during the study period, aligned with average UK weather data
from February 2016 to April 2017. Heat map colors indicate the percentage of participants reporting a pain event on that day, ranging from
1–6% participants. The denominator per day is the number of participants who reported their pain on the day of interest and the prior day,
irrespective of the level of pain on the prior day and thus their eligibility for a pain event
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item had five possible labeled ordinal responses. For example, in response
to the question “How severe was your pain today?”, possible responses
were “no pain”, “mild pain”, “moderate pain”, “severe pain” or “very severe
pain”. The data were analysed using a case-crossover design where, for
each participant, exposure during days with a pain event (“hazard periods”)
were compared to “control periods” without a pain event in the same
month.23 Pain events were defined as a two-or-more category increase in
pain from the preceding day, consistent with more stringent definitions of
a clinically important difference24 (Fig. 3). Data collection ended on 20
April 2017.

Cohort selection
Participants were included in the final cohort for analysis if they fulfilled
the following criteria: (1) downloaded the app; (2) provided consent; (3)
completed the baseline questionnaire; and (4) contributed at least one
pain event and matched control period in the same month (see below).
During exploratory analysis, it was apparent that people reported higher
pain levels in the first ten days following recruitment (perhaps due to
calibration or regression to the mean). Therefore, the first ten days were
excluded from the formal analysis. However, even if the first ten days were
included, they had a negligible effect on the results (Supplementary Table
12).
The total person-days in study was calculated for each participant as the

number of days between their first and last day of entering pain data. The
number of person-days on which a pain score was entered was summed
per participant, presented as a proportion of the total person-days in study,
and averaged across the population. The geographical distribution of
recruitment was described as the number of UK postcode areas
represented (out of a maximum of 124).25 The movement of participants
during the study was described as the median number of weather stations
associated with each participant during their data-collection period.

Ethical approval
Ethical approval was obtained from the University of Manchester Research
Ethics Committee (ref: ethics/15522) and from the NHS IRAS (ref: 23/NW/

0716). Participants were required to provide electronic consent for study
inclusion. Further details are available elsewhere.13,14

Weather data
Weather data were obtained by linking hourly smartphone GPS data to the
nearest of 154 possible United Kingdom Met Office weather stations.
Where GPS data were missing, we used significant location imputation.
(For details, see supplement). Local hourly weather data were obtained
from the Integrated Surface Database (ISD) of NOAA (http://www.ncdc.
noaa.gov/isd), which includes hourly observations from UK Met Office
weather stations.
Given the latitude–longitude coordinates of a participant location, the

haversine distance to every Met Office weather station was calculated. The
nearest station to the given location was selected, conditional on the
distance being less than 100 km and the station having four weather
variables (temperature, pressure, wind speed, and dewpoint temperature)
available at that time. If all stations with the required weather data
exceeded the maximum distance (100 km), the location was left unlinked
and the observation was excluded from the analysis.
The significant location imputation approach for handling missing

hourly GPS data had three stages.26 First, the participant’s observed
location data were ordered by the frequency that the locations were
visited. Second, the locations were spatially clustered using Hartigan’s
Leader Algorithm27 with a threshold of 0.5 km. Third, missing locations
during weekdays were replaced by the centroid of the participant’s most
visited cluster for weekdays and missing locations during weekends were
replaced by centroid of the participant’s most visited cluster for weekends.

Recruitment and retention
Recruitment and duration of follow-up were presented as a graph of
cumulative recruitment and active participants, with participation ending
at the last symptom entry. Retention in the study was also presented as a
survival probability against time since recruitment, with participants
censored when they were no longer eligible for follow-up. Eligible
follow-up time ranged from 90 days (for those recruited on 20 January
2017) to 456 days (for those recruited on 20 January 2016). Engagement of

Table 1. Association between weather and pain from the case-crossover analysis in 2658 participants

Variable Univariable (single weather
variable only) Odds ratio (95% CI)

Multivariable (all weather
variables only) Odds ratio (95% CI)

Multivariable (weather plus activity
and mood) Odds ratio (95% CI)

Temperature

Per 1 °C 1.001 (0.991–1.012) 0.996 (0.985–1.007) 1.001 (0.989–1.013)

Per 1 s.d. (4.8 °C) 1.007 (0.956–1.060) 0.981 (0.929–1.035) 1.005 (0.949–1.064)

Relative humidity

Per 10% 1.148 (1.108–1.189) 1.139 (1.099–1.181) 1.117 (1.075-1.16)

Per 1 s.d. (8.6%) 1.126 (1.092–1.61) 1.119 (1.084–1.154) 1.100 (1.064–1.136)

Pressure

Per 10 mbar 0.936 (0.914–0.958) 0.962 (0.937–0.987) 0.966 (0.94-0.993)

Per 1 s.d. (11.1 mbar) 0.930 (0.905–0.955) 0.958 (0.930–0.986) 0.963 (0.934–0.992)

Wind speed

Per 1m s–1 1.023 (1.01–1.037) 1.02 (1.005–1.035) 1.011 (0.995–1.027)

Per 1 s.d. (2.1 m s–1) 1.048 (1.020–1.077) 1.041 (1.010–1.073) 1.022 (0.990–1.056)

High activity 0.939 (0.881–1.002)

Low mood 4.083 (3.824–4.360)

High activity—Top three categories: 30min or more of light or strenuous activity per day, or less than 30min of strenuous activity
Low mood—Bottom three categories: ‘depressed’, ‘feeling low’ or ‘not very happy’ s.d. standard deviation
Distribution of weather variables:
Temperature: range −4.9 to 25.9 °C, s.d. 4.8 °C
Relative humidity: range 43.8–100%, s.d. 8.6%
Pressure: range 966–1044.8 mbar, s.d. 11.1 mbar
Wind speed: range 0–21.5 m s−1, s.d. 2.1 m s−1
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participants was further described through clustering of engagement
states, which has been described in detail elsewhere.13 Following
recruitment, individuals were labeled as engaged if they reported any of
the ten symptoms on a given day. A first-order hidden Markov model was
used to estimate the levels of engagement of participants by assuming
three latent engagement states: high, low, and disengaged. Clusters were
defined according to different probabilities of transitioning between high
engagement, low engagement and disengagement during the study.
Retention of active participants was also presented stratified by engage-
ment cluster, and in the subset of participants who contributed to the final
analysis.

Analysis method
Days without pain events were only control periods if they were eligible to
have a two-or-more category increase (i.e. the preceding day’s pain was
lower than “severe”), thus fulfilling the exchangeability assumption for the
case-crossover study design.28 With this design, participants serve as their
own control, eliminating confounding by time-invariant factors. Each
month per participant with at least one hazard and one control period
formed a risk set. Conditional logistic regression was used to estimate the
odds ratio (OR) for a pain event for four state weather variables
(temperature, relative humidity, pressure, and wind speed). The condition
logistic regression model was implemented with the assumption that the
possible recurrent events (hazard periods) within a person are indepen-
dent conditional on the subject-specific variables and other observed time-
varying covariates. Further, we make sure that there is no overlap between
case and control periods. Our assumption is reasonable given the time gap
between subsequent events.
Each weather variable was included in univariable models and then all

four were included in a multivariable analysis. Each weather variable was
represented as a daily average per participant for the hazard or control
period, with results presented as an OR for a pain event in response to a
one-unit increase for temperature and wind speed (°C and meter
per second, respectively) or a ten-unit increase for relative humidity and
pressure (percentage points and millibar, respectively). Standardized odds
ratios of each weather variable were also calculated. The relative
importance of the four state weather variables was estimated by summing
the Akaike weights.29 In all models, the preceding day’s pain score was

included as it influenced the likelihood of a pain event the following day.
The model was expanded to include mood and physical activity on the day
of interest, included as binary variables. Time spent outside was considered
as a possible effect modifier by including an interaction term with
temperature, relative humidity, and wind speed. A directed acyclic graph is
included in the supplementary material (Supplementary Fig. 5).
Sensitivity analyses were conducted to examine the effect of precipita-

tion, day of the week, possible lag between weather and pain, change in
weather from the day before the hazard or control day, disease type, sites
of pain (single versus multiple sites) and prior beliefs in the weather–pain
relationship. Respecting patients’ perspectives, we decided our primary
analysis would focus on the whole chronic-pain population and our
analyses of disease-specific associations would be secondary. We also re-
ran the analysis including the first 10 days.

Daily pain-event estimates
Estimated odds ratio for a pain event per day compared to the average
weather day were calculated using the following equation:

Odds Ratio ¼ exp;
βT temperature� μTð Þ þ βRH

relative humidity� μRH
10

� �n

þ βwsp wind speed� μwsp
� �þ βP

pressure� μp
10

� ��

where
βT= coefficient for temperature from final model,
βRH= coefficient for relative humidity,
βwsp= coefficient for wind speed,
βP= coefficient for pressure, and
μT=mean temperature,
μRH=mean relative humidity,
μwsp=mean wind speed, and
μp=mean pressure
of the daily UK means over the study period.
The predicted odds ratios of a pain event, relative to the average

weather day, were plotted for all days within our study period for each of
the four state weather variables.
Statistical analyses were performed using R 3.3.0.30

Fig. 5 Estimated odds of a painful day for all weather days experienced during the 15 months. Estimated odds of a painful day are plotted as
the odds ratio for each day compared to the average weather day in this period (temperature= 9.3 °C, relative humidity= 83%, wind speed=
4m s–1 and pressure= 1013 mbar). Estimated odds are calculated from the output of the multivariable regression analysis. The day associated
with the highest estimated odds of a pain event had a temperature of 9 °C, relative humidity 88%, wind speed 9.5 m s–1 and pressure 988
mbar. The day associated with the lowest estimated odds of a pain event was when the temperature was 7 °C, relative humidity was 67%,
wind speed 4.5 m s−1 and pressure 1030 mbar
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Reporting summary
Further information on research design is available in the Nature Research
Reporting Summary linked to this article.
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A common belief among three-quarters of those who suf-
fer from chronic pain is that their pain fluctuates with the 
weather. However, this belief lacks scientific support. In a 

recent review of 41 studies examining the relationship between 
weather and chronic musculoskeletal pain, 28 (68%) found some 
relationship, although there was disagreement about what that re-
lationship was. 

Various reasons have been postulated for the disagreement: 
small sample sizes as measured by the number of participants, 
the duration of the study, or both; weather observations that were 
unrepresentative of conditions experienced by participants; and 
the lack of input or analysis by meteorologists. 

To overcome these limitations of previous studies, we designed a 
15-month-long U.K.-based citizen-science smartphone project called 
Cloudy with a Chance of Pain (www.cloudywithachanceofpain 
.com). Participants with chronic pain used a specially designed 
app to enter a 10-question daily report on their pain and other 
well-being characteristics on a 5-point scale. For example, partic-
ipants rated their pain from 1 (“no pain”) to 5 (“very severe pain”). 

The absolute number in a participant’s report may not be 
meaningful, by itself: participants reporting the same severity on 
our 5-point scale may experience different levels of pain. Studies 
show, however, that a 20% increase in pain severity is clinical-
ly significant. As such, we defined a pain event for an individual 
participant when they report a 1-category or greater increase (+1) 
in their pain level from the previous day. 

Using the global positioning system (GPS) sensor in the phone, 
we linked the participants’ locations during the study to the closest 
weather stations in the Met Office observing network. Thus, we 
developed a daily profile of the average weather conditions each 

Adapted from “Weather Patterns 
Associated with Pain in Chronic-Pain 
Sufferers,” by David M. Schultz 
(University of Manchester), Anna 
L. Beukenhorst, Belay Birlie Yimer, 
Louise Cook, Huai Leng Pisaniello, 
Thomas House, Carolyn Gamble, 
Jamie C. Sergeant, John McBeth, 
and William G. Dixon. Published on-
line in BAMS, May 2020. For the full, 
citable article, see DOI:10.1175 
/BAMS-D-19-0265.1.
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participant experienced within the United 
Kingdom.

 In a previous study, we performed an in-
dependent analysis of the dataset using a 
case-crossover design, an epidemiological 
method that compares, for each individu-
al, days with a pain event to control days 
without a pain event, thus controlling for all 
time-invariant participant characteristics. The 
analysis, based on a much smaller dataset, 
demonstrated statistically significant—albeit 
modest—relationships between 
high pain events and high relative 
humidity, low sea level pressure, 
and high wind speed. Temperature 
and precipitation did not have sta-
tistically significant relationships 
with pain. These results held up 
even when accounting for mood 
and physical activity.

Here, we see if these results are 
reproducible from a meteorological 
perspective, using synoptic clima-
tology and compositing to visualize 
the synoptic-scale weather pat-
terns associated with pain.

Data and methods
The study ran from 20 January 
2016 to 19 April 2017. Bolstered 
by national media attention, 
13,207 users throughout the 
United Kingdom downloaded the 
study app at some point during a 
12-month recruitment period. A to-
tal of 10,584 participants entered 
their demographic information 
and at least one pain report, mak-
ing them eligible for the study. 
Sixty-five percent of participants 
remained in the study beyond 
their first week and 44% remained 
beyond their first month. Even 

after 200 days, 15% of participants remained 
consistent contributors. The exceptionally high 
rate of retention likely reflects the easy-to-use 
app design, as well as the dedication of partic-
ipants to contribute to answering a question of 
great personal interest to them. 

In all, there were 445 days available for 
study. The top 10% (45 days) with the high-
est percentage of participants having a +1 or 
greater pain event were termed HIGH. The 
bottom 10% with the lowest percentage of 

Synoptic composites of HIGH 
and LOW days. Anomalies computed 
relative to the weighted average of 
the daily 1981–2010 means.

Synoptic composites of HIGH and
 LOW days. Anomalies computed  

relative to the weighted average of 
 the daily 1981–2010 means.
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participants having a +1 or greater pain event 
were termed LOW. The most painful days 
(HIGH) had 23% of participants across the 
United Kingdom reporting an increase in pain, 
and the least painful days (LOW) had only 10% 
of participants reporting an increase in pain. 
Hourly weather observations were averaged to 
produce daily weather conditions for each in-
dividual who submitted daily pain reports as 
well as U.K.-average weather for the day. 

Relating pain to weather
Most HIGH days occurred from January to June 
2016, whereas most LOW days occurred from 
June 2016 to January 2017. Variations by month 
in the fraction of participants experiencing a 
pain event suggest that seasonal changes in 
weather might affect levels of pain, although 
we could not discount that the population of 
active participants changed over the course of 
the study. 

The 1200 UTC weather maps for each HIGH 
and LOW day were averaged together to pro-
duce synoptic composites. Detailed composite 
analysis of 500-hPa geopotential height, sea 
level pressure, precipitation, 925-hPa mois-
ture, wind, and temperature reveal remark-
ably different weather patterns during HIGH 
versus LOW days. 

On HIGH days, the jet stream was aimed 
right at the United Kingdom. This is associated 
with below-normal (or low) pressure, and 
thus more wind, moisture, and precipita-
tion. In contrast, on LOW days, the jet stream 
tended to blow north of the United Kingdom, 
bringing above-normal (or high) pressure and 
associated below-normal humidity and pre-
cipitation rates, and weaker winds. In short, 
the results provide the strongest scientific sup-
port for people who have been saying that the 
weather affects their pain but who have not 
been taken seriously by other people, their 
own doctors included.

Discussion
Although the results are intriguing, they apply 
only to the United Kingdom. Similar studies 
should be replicated elsewhere to see if these 
findings can be generalized. Another caveat 
is that many participants had multiple health 
conditions causing pain, and even those with 
the same underlying condition may have felt 
pain differently. We didn’t group the partici-
pants into different disease categories in our 

analysis—a topic of future research. Also, 
untangling the effect of those who stayed 
inside—due to severe pain or other reasons—
requires further analysis.

Although specific weather patterns may not 
be the primary cause of people’s pain, our re-
sults demonstrate that weather does modulate 
pain in at least some individuals. Who is most 
susceptible remains to be determined.

People have been talking about the effect of 
weather on their pain for millennia, so why is 
this particular research project important? One 
reason is that our study had both the longest 
duration and the most participants of all previ-
ous studies, allowing greater confidence in the 
fidelity of our results. Another reason is that this 
research compares for the first time the weather 
patterns on days with a large number of people 
reporting pain and days with a low number 
reporting pain. Finally, our research begins to 
shed light on the environmental conditions that 
modulate pain, insight that might be explored 
further for improving the treatment, manage-
ment, and forecasting of pain.

METADATA

BAMS: What would you like readers to learn from 
this article?

David M. Schultz (University of Manchester): 
Three-quarters of people who suffer from pain 
report that they believe that weather influences 
their pain—yet their concerns are often dismissed 
by others, including their doctors. Although 
weather may not be the primary influence on 
people’s pain, we show that it can modulate pain 
events in some people. Our study gives patients 
more support for their beliefs, showing that their 
beliefs have validity.

BAMS: How did you get involved in this project?

DMS: Project lead Prof. William Dixon had heard 
anecdotal reports of the influence of weather on 
pain from his patients in clinic. He was working 
on using mobile technology to better collect 
information on patient’s symptoms in between 
visits to the clinic when he realized that the GPS 
sensor in mobile phones could be linked to the 
closest weather station to record weather data 
closest to the patients. A collaboration with 
uMotif, a company that creates mobile health 
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apps, led to the app to collect patient 
data. Thus, William could envision a 
research project that would test out 
ideas about engagement with health 
apps and answer a longstanding 
question about the effect of weather 
on pain. A chance meeting between 
William and my Head of Department 
brought me on board.

BAMS: What attracted you to the 
idea of relating weather to chronic 
pain?

DMS: I had a latent interest in 
weather and pain because both of 
my parents have arthritis. I jumped at 
the opportunity to get involved in the 
project. It’s been one of the most sat-
isfying research projects of my career.

BAMS: What surprised you the most 
about the work you document in this 
article?

DMS: The enthusiasm of the citizen 
scientists who entered their data 
on a daily basis. When we designed 
the project, we had hoped we 
might get 1,000 people to sign up. 
However, William appeared on the 
BBC’s Trust Me I’m a Doctor and on 

BBC Breakfast. Because of the media 
interest, and the enthusiastic and 
financial support of Versus Arthritis 
(formerly Arthritis Research UK), we 
had over 13,000 people download 
the app. Shortly after William’s 
appearance on BBC Breakfast, people 
were signing up to the study at a 
rate of one per second, testing the 
capacity/resilience of the server 
at uMotif. And these people were 
enthusiastic about participating! 
Most people download apps, use 
them a few times, and then stop. 
Other studies of engagement with 
mobile apps confirm such low reten-
tion rates of participants with apps. 
However, even after six months into 
our study, 15% of participants were 
still entering their data nearly every 
day. The success of this study is due 
to their dedication. We are so grate-
ful for their participation.

BAMS: What about surprises in the 
results?

DMS: We had expected a weak 
relationship and maybe some insight 
into the weather–pain relationship. 
The strength of the relationship and 
its robustness were surprising.

BAMS: What was the biggest 
challenge in the project? 

DMS: The principal challenge was 
rapidly scaling up our project from 
a small funded pilot study of 20 
people to a national-scale project. 
Although we were excited that the 
opportunity to be on BBC television 
would help promote our project 
nationally and boost recruitment, we 
were challenged by finding a source 
of funding to build the app and pay 
for data collection and hosting on 
such a short time scale. That meant 
from the time of recording the show 
to when it aired, we had six months 
to get funding for a national-scale 
project. Fortunately, Versus Arthritis 
was open to considering a proposal 
with such a short time frame, and 
they provided enough funding from 
them to carry out the data collec-
tion. The issue of data analysis was 
another story. In that case, other 
synergies (e.g., incoming Ph.D. stu-
dent and postdoctoral researcher, 
collaborations with other researchers 
at other institutions) happened later 
that allowed us to bring a diverse 
group of people onto the team who 
could help analyze the data.
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Abstract
Introduction: Previous studies on the association between weather and pain severity among patients with chronic pain have
produced mixed results. In part, this inconsistency may be due to differences in individual pain responses to the weather.
Methods: To test the hypothesis that there might be subgroups of participants with different pain responses to different weather
conditions, we examined data from a longitudinal smartphone-based study, Cloudy with a Chance of Pain, conducted between
January 2016 and April 2017. The study recruitedmore than 13,000 participants and recorded daily pain severity on a 5-point scale
(range: no pain to very severe pain) alongwith hourly local weather data for up to 15months.We used a Bayesianmultilevel model to
examine the weather–pain association.
Results: We found 1 in 10 patients with chronic pain were sensitive to the temperature, 1 in 25 to relative humidity, 1 in 50 to
pressure, and 3 in 100 to wind speed, after adjusting for age, sex, belief in the weather–pain association, mood, and activity level.
The direction of the weather–pain association differed between people. Although participants seem to be differentially sensitive to
weather conditions, there is no definite indication that participants’ underlying pain conditions play a role in weather sensitivity.
Conclusion: This study demonstrated that weather sensitivity among patients with chronic pain is more apparent in some
subgroups of participants. In addition, among those sensitive to the weather, the direction of the weather–pain association can
differ.

Keywords: Chronic pain, Weather, Musculoskeletal diseases, Multilevel modelling, Observational studies

1. Introduction

There is a strong belief among patients with chronic pain that pain
severity is influenced by the weather.17,23 However, studies
investigating the association between weather and pain have
yielded conflicting results.2,21 One possibility for this lack of
consensus is that some people within the population are highly
sensitive to the weather, others are less sensitive, and some are
not sensitive.16,21,23 Such differences among individuals,

including the subjective and highly personal nature of pain
experience, arewell known.11 These individual differences are not
merely a byproduct of idiosyncrasies in the reporting of pain but
may be a result of interindividual differences in cerebral activation
evoked by the same painful stimulus.6,9 However, most of the
previous studies have focused on the average effect of weather
on pain severity at a population level and have not investigated
individual differences.8,25 Understanding individual variation and
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the factors contributing to individual differences in pain may
provide insights into pain mechanisms. However, assessing
individual variation requires fitting models explicitly designed to
account for individual-specific responses and their associated
uncertainty intervals. Without repeated observations of the same
individuals over a sufficient time, this is not possible. Two studies
attempted to model weather–pain association at an individual
level using a multilevel modelling framework that explicitly models
individual-level heterogeneity.3,10 However, the small sample size
and limited follow-up hampered the robustness of their analysis.
As a result, there is no robust evidence for heterogeneity in the
weather–pain association.

Recently, we conducted a large UK-based smartphone study,
Cloudy with a Chance of Pain (www.cloudywithachanceofpain.
com), recruiting more than 13,000 patients across the UK over 15
months.7 Participants with a range of underlying pain conditions
tracked their daily symptoms through the study smartphone
application (app) for 6 months or more while the GPS in the
smartphoneenabled localweather data collection. An analysis of the
Cloudywith aChance of Pain data set byDixon et al.7 demonstrated
higher relative humidity and wind speed and lower atmospheric
pressure were associated with increased pain severity. The analysis
used a case-crossover method to generate population-level
estimation of the weather–pain association that corrected for the
individual difference in unmeasured baseline factors. However, the
Cloudy with a Chance of Pain data set also provided a unique op-
portunity for exploring individual-level heterogeneity. In this study,we
test the hypothesis that there is an association between the weather
and pain severity that is only apparent in a subgroup of participants.
We then examine the extent to which the difference in underlying
pain condition captures individual heterogeneity.

2. Methods

2.1. Design and study sample

Cloudy with a Chance of Pain (www.cloudywithachanceofpain.
com)7 was conducted between January 20, 2016, and April 20,
2017, to understand the relationship between weather and pain.
A total of 13,207 users across the UK over the 12-month
recruitment period downloaded the study smartphone applica-
tion. Information including age, sex, underlying pain condition,
and participants’ belief about the weather–pain association
(“How likely do you think it is that the weather is associated with
pain?” measured on a 1- to 10-point scale with 1 being “not at all
likely” and 10 being “extremely likely”) was recorded at baseline.
Participants were requested to submit their pain severity level on
an ordinal scale with 5 categories and 9 other variables, including
mood, activity, and fatigue, daily. Participants were followed up
from their first pain severity level entry up to the last pain severity
level entry. A total of 10,584 participants had completed baseline
information and at least one pain entry, with 6850 (65%)
participants remaining in the study beyond their first week.7 A
detailed description of the study is presented in the research
conducted by Dixon et al.7 Ethical approval was obtained from
the University of Manchester Research Ethics Committee (ref:
ethics/15522) and from the NHS IRAS (ref: 23/NW/0716).

2.2. Inclusion criteria

Participants were included in the final cohort for this analysis if
they fulfilled the following criteria: (1) downloaded the app, (2)
provided consent, (3) completed the baseline questionnaire, and
(4) contributed at least 2 days of pain severity data.

2.3. Primary outcome measure

The outcome of interest was the daily self-reported pain severity
level recorded on a 1- to 5-point ordinal scale (1: no pain, 2: mild
pain, 3: moderate pain, 4: severe pain, and 5: very severe pain).
Participants were asked to report self-reported pain severity level
every day using the smartphone application, prompted by a daily
notification at 6:24 PM.

2.4. Exposures

The exposures of interest in this study were 4 state weather
parameters, namely the average daily temperature, pressure,
relative humidity, and wind speed a participant was exposed to
each day. Study participants’ locations were recorded at each
hour of the day using the study app. Weather information,
including temperature, pressure, relative humidity, and wind
speed, was retrieved by linking participants’ locations to the
nearest Met Office weather station. When participants were
outside the UK during the study period, their data were not
analysed because we were unable to link to non-UK weather
stations.

2.5. Covariates

We considered age (in years), sex, baseline beliefs about the
association between weather and pain, the daily record of mood
(on a 1- to 5-point scale; 1: depressed, 2: feeling low, 3: not very
happy, 4: quite happy, and 5: very happy) and exercise (on a 1- to
5-point scale; 1: no exercise, 2: less than 30 minutes of light
activity, 3: 301minutes of light activity, 4: less than 30 minutes of
strenuous activity, and 5: 301 minutes of strenuous activity) as
possible factors7 that may influence the weather–pain
association.

2.6. Statistical analysis

The association between weather and pain severity was tested
with a multilevel ordinal probit model.14,18,24 This model was
considered ideal for this analysis because it allowed an estimate
of the average response across the group through the fixed-effect
terms, and it could explicitly model participant-level heterogeneity
using random-effect terms. The model allows every participant in
our study to have their unique response to the weather while also
improving population-average estimates by pooling information
across participants.13 The model also appropriately handles the
primary outcome’s ordinal scale and irregular (ie, unbalanced)
repeated measurements.20

We developed a multivariable multilevel model that included
the 4 state weather parameters adjusted for age, sex, belief, time
since entry to the study, mood, and exercise as fixed effects. A
linear relationship was assumed for all variables in the model
except for time since entry to the study, which was modelled
nonparametrically using a cubic spline26 (ie, the data entirely
determined the relationship between time and the response). We
assumed a linear relationship between weather parameters and
pain severity because the complex nonparametric relationship
did not produce a better fit. We included time since entry to the
study in the model as a means of filtering out unmeasured time-
varying factors that may influence a participant’s pain severity
reports. In addition to the abovementioned fixed-effect terms, the
model included 5 correlated participant-specific random effects,
namely a random intercept and a random effect for each of the 4
state weather parameters. The random intercept term captures
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the between-participant variation not explained by the baseline
factors. The random effects for the weather parameters allow the
weather effects to vary over study participants.

The Bayesian estimation approach assuming noninformative
priors,15 described in detail in Section 2 of the supplementary file
(available at http://links.lww.com/PR9/A145), was followed to
estimate model parameters. We examined the trace plots and the
posterior distribution plot and performed posterior predictive
checks12 to assessmodel convergence.We reported the estimated
regression coefficients (b) along with their associated 95% credible
intervals. The regression coefficients represent the change in the z

score or probit index for a one-unit change in theweather parameter.
To quantify the change in the predicted probability for each pain
severity response level for a one-unit change in the weather
parameter, we used a summary measure called marginal effect at
the mean.1 The marginal effect at the mean represents the marginal
effect of the explanatory variables of interest while holding the other
variables in the model at their respective mean values. Furthermore,
wepresented theparticipant-level regression coefficientswith a 95%
credible interval as a forest plot along with the population-level
effects ( b). We divided participants into groups that are statistically
distinct from one another by determining whether their credible
intervals overlap.19 The prevalence of the participant’s underlying
diagnosis was then compared between groups, with the data
presented as a bar plot. Owing to statistical power issue, we were
unable to perform a statistical test on the difference in weather
sensitivity by the participant’s underlying diagnosis. We used the R
package brms4 based on Stan5 to fit the model. The R source code
is made available at belayb/Cloudy-Probit: Bayesian Multilevel
analysis (github.com).

3. Results

3.1. Participants’ characteristics

Of the 13, 000 participants recruited for the study, a total of 6213
participants who had completed baseline information, submitted
at least 2 days of pain reports, and had hourly location data
sufficient to retrieve complete weather information to produce
daily means were included in the analysis. Study participants
included in the analysis had a mean age of 49 years (SD: 13.0);
most of them were female individuals (82%), and most of the
participants believed in an association between weather and their
pain (median score 7 of 10, interquartile range [IQR]: 6–9)
(Table 1). Approximately 35% of the participants experienced
unspecified arthritis, followed by osteoarthritis (29%) and
fibromyalgia (27%) (Table 1). The characteristics of those
included in the analysis were similar to the full cohort of
participants (Table S1 in the supplementary file, available at
http://links.lww.com/PR9/A145). The participants included in the
analysis were followed up for amedian of 106 days (IQR: 53–215).
On average, they contributed pain severity data for 65% of the
days during the period when they were actively contributing data
to the study. Overall, participants tended to report mild or
moderate pain (2 or 3 on our 5-point scale) approximately 70% of
the time (Figure S1 in the supplementary file, available at http://
links.lww.com/PR9/A145).

3.2. Population-level weather–pain association

Table 2 summarizes parameter estimates and their associated
95% credible intervals for the Bayesian multilevel ordinal probit
model. At a population level, participants exposed to high relative
humidity (0.041, 95% CI: 0.034–0.048) or high wind speed

(0.012, 95% CI: 0.009–0.014) have a higher likelihood of
experiencing a higher level of pain (Table 2). Similarly, participants
exposed to low temperatures (20.003, 95% CI: 20.005 to 2
0.001) or low pressures (20.010, 95% CI: 20.015 to 20.005)
have a higher likelihood of experiencing a higher level of pain. That
is, an increase in relative humidity by 10 percentage points
increases the probability of reporting moderate pain or above by
1.5%, and an increase in wind speed by 1 m·s21 increases the
probability of reporting moderate pain or above by 0.40%.
Similarly, an increase in temperature by 1˚C decreases the
probability of reporting moderate pain or above by 0.1%. An
increase in pressure by 10 mbar decreases the probability of
reporting moderate pain or above by 0.4% (Table 2). In general,
the population level estimated that weather–pain association for
all considered weather parameters were modest.

3.3. Exposure effect heterogeneity

We evaluated the participant-level weather–pain associations to
identify subgroups within the population who were sensitive to the
weather. Figure 1 shows the estimated participant-level regression
coefficients and their associated credible intervals for each weather
parameter ranked by their median values. We divided participants
into groups that are statistically distinct from one another by
determining whether their credible intervals overlap. For each of the
considered weather parameters, this method identifies 2 distinct
clusters (both coloured blue) and a third cluster (coloured grey) for
the participants who cannot be statistically distinguished from the
members of the 2distinct clusters. These 3 clusters are given names
based on the direction of the weather–pain association: low-value
sensitive (ie, participants with negative posterior credible intervals),
high-value sensitive (ie, participants with positive posterior credible
intervals), and undetermined (ie, participants with credible intervals
that overlap with zero). In this study, we considered the name not
sensitive instead but settled on undetermined because lack of
statistical significance does not mean the absence of a relationship.

Most of the participants belonged to the undetermined
cluster for all weather parameters, implying that, for most of the
participants, there is not enough evidence to indicate that they
possess sensitivity to the weather–pain association. The size
of the low-value sensitive and high-value sensitive clusters
varies by weather parameter (Figure 1). For example, there

Table 1

Baseline characteristics of study participants.

Characteristics Final cohort (N 5 6213)

Demographics
Female, N (%) 5519 (82.4)
Age, mean (SD) 48.68 (13.0)

Diagnosis, N (%)*
Arthritis (type not specified) 2135 (34.4)
Osteoarthritis 1797 (28.9)
Fibromyalgia/chronic widespread pain 1707 (27.5)
Rheumatoid arthritis 1176 (18.9)
Neuropathic pain 975 (15.7)
Chronic headache (including migraine) 630 (10.1)
Ankylosing spondylitis/spondyloarthropathy 552 (8.9)
Gout 213 (3.4)
Other/no medical diagnosis 1179 (19.0)

Belief in weather–pain association
Belief that the weather influences pain on a
scale of 1–10, median (IQR)

7 (6–9)

* Participants may report more than one pain condition, and when they do, they are counted multiple times in

the abovementioned table.

IQR, interquartile range.
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were a similar proportion of participants for whom relatively
lower temperature was associated with a higher level of pain
(6.3%) as there were participants (4.7%) for whom the higher
temperature was associated with an increase in their pain,
resulting in a very modest overall effect of temperature. On the
other hand, the participant-level regression coefficients of
relative humidity and wind speed were skewed to the right of
zero. More participants (2.9% for relative humidity and 2.2%

for wind speed) were sensitive to higher values of these
weather parameters than to lower values (0.6% for relative
humidity and 0.6% for wind speed). Similarly, proportionally
more participants (1.6%) were sensitive to low pressure than
high pressure (0.7%). Most of the participants (72.5%)
classified as weather sensitive possessed sensitivity to a
single weather parameter (Figure S3 in the supplementary
material, available at http://links.lww.com/PR9/A145).

Table 2

Association between weather and pain—parameter estimates from the Bayesian multilevel ordinal probit model.

Weather parameters Estimate (b)* 95% credible interval Marginal effects at mean (MEM)†

Temperature (per 1˚C) 20.003 (–0.005 to 20.001) 20.001

Pressure (per 10 mbar) 20.010 (–0.015 to 20.005) 20.004

Relative humidity (per 10%) 0.041 (0.034 to 0.048) 0.015

Wind speed (per 1 m·s–1) 0.012 (0.009 to 0.014) 0.004

* The model is adjusted for age (in years), sex, belief, mood, and exercise.

† MEM represents the change in probability of experiencing moderate pain or above as the weather parameter value increases.

Figure 1. Heterogeneity in weather–pain association. The 95% credible interval for each of the 4 estimated weather effects for each participant sorted by their
median values of the estimated effect sizes. Effect sizes are on the latent scale. Intervals shown in blue do not cross zero. The horizontal dotted red line is the
population average weather effect on pain severity, consistent with the population-level result listed in Table 2.
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To understand the role of the participant’s underlying disease
diagnosis on weather sensitivity, we explored the distribution of the
weather sensitivity group in eachof thepain conditions of participants.
Figure 2 presents the distribution of low-value sensitive and high-
value sensitive clusters by participant’s disease diagnosis for each of
the 4 weather parameters. To simplify the analysis, we grouped
various diseases into one of the 4 categories: osteoarthritis,
fibromyalgia or chronic widespread pain, inflammatory arthritic pain
(rheumatoid arthritis and ankylosing spondylitis or spondyloarthrop-
athy), and other chronic pain. For clarity, we considered only
participants with a single diagnosis (n 5 3355) in Figure 2. Based
on visual inspection of Figure 2, there are for the most part no major
differences in the prevalence of weather sensitivity observed between
participant’s disease diagnosis, although there is perhaps a hint that
participantswith inflammatoryarthritis aremorecommonly sensitive to
low temperaturesandhaveagreater differential sensitivity topressure.

4. Discussion

4.1. Summary of principal findings

This study tested the hypothesis that there is an association
between the weather and pain severity that is only apparent in

a subgroup of participants using a large longitudinal data set.
The data presented in this study support that hypothesis. After
adjusting for age, sex, belief in the weather–pain association,
mood, and activity level for each of the 4 weather parameters
considered (ie, the average daily temperature, pressure, rela-
tive humidity, and wind speed a participant was exposed to
each day), we identified 3 statistically distinct clusters of pa-
tients with chronic pain who were each influenced by the
weather differently: low-value sensitive, high-value sensitive,
and undetermined. Eleven percent of participants were
sensitive to temperature, of which 6.3% were sensitive to low
temperature. On the other hand, most of those sensitive to
relative humidity and wind speed were high-value sensitive
(2.9% of 3.5% and 2.3% of 2.8%, respectively). Similarly, most
of those sensitive to pressure were low-value sensitive (1.6%
of 2.3%).

This study also examined the role of the underlying
conditions (ie, participant’s disease diagnosis) on their
sensitivity to the weather. There is no definite indication of
individual underlying pain conditions explaining individual-
specific weather–pain association, although participants with
inflammatory arthritis may have been more sensitive to cold
than the other conditions.

Figure 2. Distribution of weather sensitivity group by underlying pain conditions of participants. Rheumatoid arthritis and ankylosing spondylitis or
spondyloarthropathy are grouped as inflammatory arthritic pain. Yellow bars represent high-value sensitive clusters, and green bars represent low-value sensitive
clusters.

7 (2022) e963 www.painreportsonline.com 5

www.painreportsonline.com


4.2. Methodological strengths

This study sets individual variation at the forefront and aims to
quantify the influence of weather on pain severity at the
individual level. Previous studies focus on an average effect of
weather on pain severity at a population level.8,25 In the
presence of individual heterogeneity, the weak weather–pain
association at a population level based on this approach does
not rule out the possibility of a stronger weather–pain associa-
tion at an individual level. Indeed, the lack of a population-level
association might be because the study participants are
composed of about an equal number of participants affected
by the weather in opposite directions, thereby cancelling out the
effect in the population as a whole. In the case of a statistically
significant positive or negative association at the population
level, and in the presence of heterogeneity in the weather–pain
relationship, it is problematic to use the resulting population
estimates to provide clinical advice to an individual patient be-
cause the population-level estimates may not meaningfully
apply to individuals. This issue underscores the importance of
explicitly modelling individual-level heterogeneity. However,
without repeated observations of the same individuals over a
long period, it is impossible to quantify individual-level hetero-
geneity and identify subgroups that behave differently.

This study uses a large data set obtained from the Cloudy with
a Chance of Pain study,7 which produced a unique data set by
recruiting more than 13,000 participants with sustained daily self-
reported data and accurate weather information to which they
were exposed over many months. The data set also recorded
daily self-reported mood and activity level, which were ideal for
estimating the weather effect that was acting not through these
variables.We used amultilevel modelling approach to analyse the
data and investigate the influence of weather on pain severity. The
modelling approach allows every participant in the study to have
their unique response to the weather while also improving the
population-level average estimate by pooling information across
study participants.20 When estimating the average effect of
weather on the population, the multilevel modelling approach
prevented oversampled individuals from unfairly dominating the
result by considering the differential uncertainty across
participants.20

A limitation in our study was that our study participants were
aware of the study objective, which may raise possible in-
formation bias where observed weather could influence partic-
ipants’ symptom reporting. However, our analysis has been
adjusted for previous belief, and hence, information bias will not
fully explain the observed association. Also, the findings from this
study cannot necessarily be extrapolated to different climates
where the weather is different.

4.3. Comparison with other studies

Previous studies have reported a relatively higher percentage of
weather-sensitive individuals. For example, Fagerlund et al.10

investigated individual differences in weather sensitivity using a
multilevel modelling framework. They found significant individual
differences, with a subgroup of patients (20%) behaving contrarily
to most patients by reporting increased pain with increased
atmospheric pressure. Similarly, Bossema et al.3 used amultilevel
modelling approach to investigate individual heterogeneity. They
reported a positive association between the weather variables (ie,
temperature, sunshine duration, perception, pressure, and
relative humidity) and pain in approximately one‐third of the
patients, a negative association in one‐third of the patients, and

no association in the remaining patients. The 2 studies
considered only patients with fibromyalgia. Compared with our
result, the higher reported percentage may be attributed to the
difference in the methodology. For example, Bossema et al.3

used Pearson correlation between the fibromyalgia symptom and
the weather condition for each patient to identify individual-level
association rather than using the multilevel model used to
estimate population effect in their analysis.

Two studies16,22 among others2 examined subgroups sensi-
tive to the weather by analysing each participant’s data in-
dividually and reported substantial difference among individuals
in weather sensitivity. However, such analysis is prone to
overfitting and may lead to spurious associations.

4.4. Implications of the study

This study demonstrated that weather sensitivity among patients with
chronic pain is a phenomenon more apparent in some subgroups of
participants. In addition, among those sensitive to the weather, the
direction of the weather–pain association can differ. When consid-
ering future potential benefits and applications of understanding the
association between weather and pain, such as developing a “pain
forecast” to help patients predict their forthcoming pain, our results
would support the need for a personalised prediction.
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disorders.

 

Mobile health (mHealth) implementation in clinical care and research has great potential to capture real-time data

longitudinally, when compared to traditional epidemiological methods. At present, self-reported symptoms or experience can

be captured conveniently and stored digitally within mHealth technologies (e.g. smartphone, smartwatch) and mobile

applications (apps). These data, although structurally heterogeneous, are rich sources of health-related information that could

reflect a patient’s health journey.

In people with arthritis and other musculoskeletal diseases, tracking symptoms using mobile health apps can greatly improve

our understanding of how these diseases affect people and how symptoms can change from day to day. The burden of

chronic pain in arthritis is huge. We know that pain remains one of the most important, and yet, a challenging symptom to

manage and treat in patients with musculoskeletal diseases. Chronic pain is a dynamic process and can be unpredictable,

particularly for those with underlying inflammatory musculoskeletal diseases and concomitant chronic pain condition. Patients

are often asked to summarise their overall pain severity since the last clinic visit, which could be weeks to months. This

averaged pain severity may not necessarily reflect the overall pain severity over time and in particular, the fluctuation of pain

over time. Under- or over-estimation of pain experience can have a huge impact on treatment decision, especially with

biologic prescription and analgesic choice. Longitudinal capture of patient’s pain symptoms will help the clinicians in clarifying

the definition of disease ‘flare’ and in guiding the trajectory of pain management. From the patients’ perspectives, being able

to have better understanding of their pain patterns and levels of pain variability will allow greater sense of control in

managing their pain. My research aims to understand how mobile health is implemented in collecting patient- generated

health data, as well as how these temporally rich data are analysed. Specifically, my research aims to examine the long-term

and short-term day-to-day pain variability over time in a chronic pain study cohort.

As the recipient of this prestigious overseas fellowship grant year 2018, I had the opportunity to work at the Centre for

Epidemiology Versus Arthritis in Manchester, UK under the supervision of Professor William Dixon. This 15-month fellowship in

Manchester has set off to an exceptionally invaluable foundation for my first year of PhD. I was working with Professor Dixon

and the Cloudy team on a large, UK nationwide, prospective mobile health study called Cloudy with a Chance of Pain. This

study, which was conducted in January 2016, aimed to examine the association between weather and pain in people living

with chronic pain. Although I was not involved in the setup of this project, I came to learn from many in the Cloudy team

about the success of this study, in particular the patient and public involvement and recruitment strategies.

The process of preparing and analysing such a large data set has been a huge undertaking, only made possible with

expertise input from many researchers with different background (rheumatologists, epidemiologists (national and

international), meteorologist, statisticians, mathematician, PhD student with health informatics background and project

manager). As a newly trained rheumatologist, doing this fellowship has certainly honed my skills and knowledge in applied

epidemiology and statistics in musculoskeletal research.

In Manchester, as a clinical research fellow in the department, I managed to attend various in- house departmental courses,

lectures and seminars. These include a 6-month course on epidemiology, genetic epidemiology and statistics in the first half

of year, a 3-month course on ‘Statistical Modelling with Stata’ by Dr Mark Lunt, weekly departmental seminars, monthly

applied epidemiology sessions, CfE scientific meetings and journal club. I was able to attend the first Digital Epidemiology

Summer School course in July 2018, led by Professor Dixon. As a visiting postgraduate student with the University of

Manchester, I was able to attend various postgraduate student-related lectures and courses. For my research, I also took the

opportunity to learn programming using R for data preparation and analysis and this was made possible with great support

and mentorship from Belay Birlie Yimer, a statistician colleague and Anna Beukenhorst, a PhD student with health informatics

background. The IT service at the University of Manchester provides programming courses for the staff and students, which I

attended to further improve my programming skills in R and Python.

For my research, using the Cloudy with a Chance of Pain dataset, I have the opportunity to examine long-term and short-term

day-to-day pain variability in those with musculoskeletal diseases and to examine the driving factors behind the pain

variability. First, I descriptively analysed the population-averaged pain severity and other pain symptoms (e.g. pain impact,
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mood, fatigue, sleep, waking up tired, morning stiffness, physical activity and wellbeing) over one-month period across

different rheumatological conditions such as rheumatoid arthritis (RA), osteoarthritis (OA), spondyloarthropathy (SpA) and

fibromyalgia (FM). I also performed similar analysis for participants with comorbid FM in RA, OA and SpA. Secondly, I analysed

individual-level pain trajectory in terms of daily pain variability over time and change in pain state over time using different

modelling approaches. These analyses are currently in progress and the final work will be disseminated in the form of

publications and research presentations at rheumatology conferences. I was able to present the preliminary descriptive

analyses of my work at the departmental seminar session in June 2019.

In addition, I am currently conducting a systematic literature review on pain trajectory and pain variability in musculoskeletal

diseases and I intend to submit this work in the form of publication. All current and future output from this research will largely

form my PhD thesis by publication.

I would like to take this opportunity to acknowledge and to thank Australian Rheumatology Association for this fellowship

grant funding, and Arthritis Australia for the opportunity to apply for this fellowship within the National Research Program

grants. I would also like to thank Professor Catherine Hill, Dr Samuel Whittle and Dr Rachel Black for their encouragement

and support during the fellowship application process. This fellowship has been a rewarding and empowering lifetime

experience for me as an early researcher, and I can never thank Professor William Dixon enough for his undivided

supervision and mentorship, as well as the Cloudy team and colleagues in the department in Manchester.
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Examining the Long-Term and Short-Term Day-To-Day Pain
Variability in In�ammatory and Non-In�ammatory
Rheumatic and Musculoskeletal Diseases Using Multilevel
and Markov Transition Models: Cloudy with a Chance of
Pain, a National U.K. Smartphone Study
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Meeting: ACR Convergence 2020
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SESSION INFORMATION

Background/Purpose: Chronic pain is common in rheumatic and musculoskeletal diseases (RMDs),

yet the patterns and the extent of variability over time are poorly understood. Real-time longitudinal

capture of pain symptoms using smartphones enables the assessment of temporal patterns of pain,

which are important indicators of disease activity. We examined the day-to-day pain variability in

in�ammatory and non-in�ammatory RMDs using Cloudy With a Chance of Pain, a national U.K.

smartphone study.

Methods: 10,584 study participants (aged ≥18 years; chronic pain for ≥3 months) entered their daily

pain using a downloaded smartphone app (on a �ve-point ordinal scale of 1 – no pain/ 2 – mild pain/

3 – moderate pain/ 4 – severe pain/ 5 – very severe pain). 2,525 participants diagnosed with single

RMD (rheumatoid arthritis – RA, axial spondyloarthropathy – axSpA, osteoarthritis – OA, chronic

widespread pain/�bromyalgia – CWP/FM) were included (median symptom entry days: 165 [IQR 82-

284]). Long-term and short-term day-to-day pain variability for the �rst one-month period were

analyzed using multilevel and Markov transition models respectively.

Results: From 29,705 daily pain scores (83% female; mean age 48 years; median symptom entry

days: 24 [IQR 15-29]), the average pain scores for the �rst one-month period were higher in

participants with axSpA and OA compared with participants with RA (2.74±0.98, 2.61±0.96, and

2.53±0.98 respectively), although participants with CWP/FM had the highest average pain score of

3.06±1.04. In addition, participants with CWP/FM had the highest overall pain level (71.1% reported

moderate-very severe pain), followed by participants with axSpA, OA, and RA (57.8%, 52.0%, and

47.9% reported moderate-very severe pain respectively). The long-term change in pain was

signi�cantly di�erent between participants, with steeper time-based improvements in pain for

participants with higher initial pain scores across all diseases. The day-to-day pain state transitions

were unchanged in 50% of days across diseases, although the event of any increase in pain state was

1 2 3 2 1
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noted in 25% of days (e.g., ≥2-point increase was noted in 4% of days). 53% of those with CWP/FM

remained in the ‘very severe’ pain state with minimal variation.

Conclusion: Participants with CWP/FM had the highest overall pain level followed by participants

with axSpA, OA, and RA. These daily pain scores allow the assessment of gradual day-to-day changes

through time. Patterns of improvement in those with higher initial pain scores were seen across

diseases, perhaps representing regression to the mean. The volatility of changing pain states was

comparable across diseases, suggesting no di�erence in �ares. Our future work in identifying

patterns of day-to-day pain will focus on analyzing the magnitude of day-to-day change in pain and

the constructs of pain volatility.

Table 1. Baseline characteristics for 2,525 study participants strati�ed by rheumatic and musculoskeletal

diseases

Figure 1. Slope-intercept plots for the multilevel model strati�ed by rheumatic and musculoskeletal diseases
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Figure 2. Heat map plots for the Markov transition model strati�ed by rheumatic and musculoskeletal

diseases
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