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Data-DrivenPatientClusteringandDifferentialClinical
OutcomesintheBrighamandWomen’sRheumatoid
ArthritisSequentialStudyRegistry
Jeffrey R. Curtis,1  Michael Weinblatt,2 Kenneth Saag,1  Vivian P. Bykerk,3 Daniel E. Furst,4 Stefano Fiore,5 
Gregory St John,6 Toshio Kimura,6 Shen Zheng,5 Clifton O. Bingham III,7  Grace Wright,8 Martin Bergman,9  
Kamala Nola,10 Christina Charles- Schoeman,11 and Nancy Shadick2

Objective. To use unbiased, data- driven, principal component (PC) and cluster analysis to identify patient phe no-
types of rheumatoid arthritis (RA) that might exhibit distinct trajectories of disease progression, response to treatment, 
and risk for adverse events.

Methods. Patient demographic, socioeconomic, health, and disease characteristics recorded at entry into a large, 
single- center, prospective observational registry cohort, the Brigham and Women’s Rheumatoid Arthritis Sequential 
Study (BRASS), were harmonized using PC analysis to reduce dimensionality and collinearity. The number of PCs 
was established by eigenvalue >1, cumulative variance, and interpretability. The resulting PCs were used to cluster 
patients using a K- means approach. Longitudinal clinical outcomes were compared between the clusters over 2 years.

Results. Analysis of 142 variables from 1,443 patients identified 41 PCs that accounted for 77% of the cumulative 
variance in the data set. Cluster analysis distinguished 5 patient clusters: 1) less RA disease activity/multimorbidity, 
shorter RA duration, lower incidence of comorbidities; 2) less RA disease activity/multimorbidity, longer RA duration, 
more infections, psychiatric comorbidities, health care utilization; 3) moderate RA disease activity/multimorbidity, 
more neurologic comorbidity; 4) more RA disease activity/multimorbidity, shorter RA duration, more metabolic 
comorbidity, higher body mass index; 5) more RA disease activity/multimorbidity, longer RA duration, more hepatic, 
orthopedic comorbidity and RA- related surgeries. The clusters exhibited differences in clinical outcomes over 2 years 
of follow- up.

Conclusion. Data- driven analysis of the BRASS registry identified 5 distinct phenotypes of RA. These results 
illustrate the potential of data- driven patient profiling as a tool to support personalized medicine in RA. Validation in 
an independent data set is ongoing.

INTRODUCTION

The identification of each patient’s needs and how best 
to meet them is a prerequisite for giving the right treatment to the 
right patient. Recognizing how individual needs fit into identifiable 
patient subgroups can help clinicians better personalize treatment 

decisions for each patient. In rheumatoid arthritis (RA), evolving 
classification by expert consensus has enabled development of 
treatment progression algorithms informed by disease duration, 
disease activity, and prior response to therapies (1,2). Further 
advances in identifying patient subgroups with predictable dis-
ease and treatment response trajectories are needed to achieve 
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goals of precision medicine in RA, such as personalized treatment 
sequencing and personalized strategies to achieve and maintain 
disease remission (3).

Emerging techniques of cluster analysis permit the empirical 
exploration of large, complex data sets without imposition of bias 
and allow a quasi- agnostic selection of variables to be considered 
in determining unrecognized patient subgroups who may subse-
quently share commonality in trajectories of disease progression, 
response to therapy, or risk of adverse events (4). These data- 
driven approaches can identify previously unrecognized patterns 
in data sets, with the potential to inform prognosis and treatment 
decisions (5).

In RA, data- driven approaches have been used to classify 
patients using a range of data sources, including synovial gene 
expression and histologic features (6– 8), whole blood gene 
expression (9), and electronic medical records (10,11). A similar 
approach has been used to interrogate a registry of patients with 
RA with linkage to administrative data to identify predictors for 
hospitalization and cost outcomes (12).

In this study, we used unbiased, data- driven, empirical 
techniques of principal component (PC) and cluster analysis 
to support the classification of patients and investigate longi-
tudinal clinical outcomes over 2 years of follow- up in a large, 

single- center, prospective observational registry cohort, the 
Brigham and Women’s Rheumatoid Arthritis Sequential Study 
(BRASS; NCT01793103). The aim was to identify previously 
unrecognized patient phenotypes that may have different tra-
jectories of disease progression, different responses to treat-
ment, and different risks for adverse events.

MATERIALS AND METHODS

The BRASS registry is a single- center, prospective obser-
vational cohort of patients with RA attending the Brigham and 
Women’s Arthritis Center in Boston, Massachusetts (13). Patients 
were screened for eligibility using the International Classification of 
Diseases, Ninth Revision, followed by rheumatologist diagnosis, 
and met the American College of Rheumatology RA classification 
criteria current at the time. Eligible patients were sent an invita-
tion to participate by mail, and their rheumatologists repeated the 
invitation during a clinic visit. The study protocol was developed 
according to the principles of the Declaration of Helsinki and 
approved by the Partners Institutional Review Board at Brigham 
and Women’s Hospital. All patients provided written informed 
consent. Patient data were collected from self- administered 
patient questionnaires, physician reports, radiographs, and blood 
samples, as described previously (13). Data were not collected 
from electronic health records or administrative records. Patients 
in BRASS are followed in the clinic at least annually and are sent 
questionnaires 6 months into the intervening period.

PCs analysis (PCA). PCA aims to reduce the dimensionality 
of large data sets by identifying factors (i.e., PCs) that underlie 
observed variables to facilitate interpretability of the data, while 
preserving as much information as possible (14,15). Each PC rep-
resents a set of weighted (loaded) variables, with a patient’s score 
for that PC being the sum of each constituent weighted variable 
(5). PCA is conducted stepwise such that the first PC accounts 
for maximal variability in the data set, and each succeeding PC 
accounts for maximal remaining variability and is uncorrelated (i.e., 
orthogonal) to previous PCs (16). To optimize interpretability, PCs 

SIGNIFICANCE & INNOVATIONS
• Data- driven principal component (PC) and cluster 

analysis has the potential to identify previously un-
recognized patient phenotypes to help establish 
prognosis, predict disease trajectory, and inform 
treatment in rheumatoid arthritis (RA).

• Five patient clusters identified by PC and cluster 
analysis of variables recorded on entry into an RA 
registry showed distinct patterns of clinical out-
come over 2 years of follow- up.

• The results suggest that the clusters represent clin-
ically meaningful phenotypes of RA and illustrate 
the potential of data- driven patient profiling as a 
tool to support personalized medicine in RA.
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were rotated using the varimax method, which reduces the num-
ber of variables represented in each PC and more evenly distrib-
utes the share of variance between PCs (14).

PCA was applied to baseline (enrollment) data for all patients 
enrolled in BRASS. Administrative (e.g., initials of the doctor com-
pleting the physician form), free text, highly missing, and redundant 
variables were removed. New variables were aggregated from rel-
evant fields; e.g., the variable “metabolic comorbidity ever” was 
aggregated from the BRASS fields “non- RA medicine” and “ever 
disease” using the medication terms glipizide, glyburide, insulin, 
and metformin, and disease terms including diabetes mellitus, 
obesity, and hyperlipidemia. Methods for data preprocessing and 
imputation are provided in Supplementary Appendix A, available 
on the Arthritis Care & Research website at http://onlin elibr ary.
wiley.com/doi/10.1002/acr.24471/ abstract. PCA was conducted 
using SAS, version 9.4. To optimize the number of vari ables, the 
analysis was performed iteratively by excluding variables with 
loading values <0.30 and repeating the process with a slightly 
higher cutoff each time until all variables had loading of ~0.40 or 
greater. The final number of PCs was determined according to 
eigenvalue >1, cumulative variance ≥0.70, and interpretability; in 
general, each variable was allowed to load onto a single PC only.

Cluster analysis. The final PCs were used to identify 
patient clusters by K- means clustering using SAS (17). The mini-
mum cluster size was 5% of the population. Multiple random ini-
tial centroids were run to find convergence (maximum iteration 
100), and the distance of centroids was determined by Euclid-
ean distance and minimized sum of squared error, with initial 
distance (radius) of centroids (r = 2). The final number of clus-
ters was determined based on 2 different measures of between- 
cluster variance: pseudo F (the ratio of between- cluster variance 
to within- cluster variance) and cubic clustering criterion (CCC). 
Visual inspection of these 2 measures graphed across different 
numbers of clusters was used to identify the optimal confluence 
(agreement) between the measures. Confluence at relatively low 
cluster number was preferred to high cluster number to avoid 
potential overfitting. The average value of each PC (PC score) 
was calculated for each cluster, representing the cluster’s center 
along that PC’s axis.

Longitudinal outcomes. All patients with ≥1 postbaseline 
assessment were included in longitudinal outcomes analyses. 
Mean scores were calculated as observed cases, without impu-
tation for missing values, for annual physician- assessed scores 

Table 1. Demographic, rheumatoid arthritis (RA) disease, and RA treatment characteristics at entry into the Brigham and Women’s Rheumatoid 
Arthritis Sequential Study (BRASS)*

Characteristic
Cluster 1
(n = 691)

Cluster 2
(n = 280)

Cluster 3
(n = 174)

Cluster 4
(n = 108)

Cluster 5
(n = 190)

Overall BRASS
population
(n = 1,443)

RA disease activity/multimorbidity† Less Less Moderate More More
RA duration† Shorter Longer Moderate Shorter Longer
Median age (range), years 55 (20– 86) 57 (22– 89) 55 (18– 86) 60 (18– 84) 64 (23– 91) 57 (18– 91)
Female 548 (79) 231 (83) 157 (90) 87 (81) 165 (87) 1,188 (82)
Race

Asian 2 (<1) 4 (1) 2 (1) 1 (1) 2 (1) 11 (1)
African American 26 (4) 12 (4) 7 (4) 19 (18) 6 (3) 70 (5)
White 632 (91) 261 (93) 163 (94) 85 (79) 177 (93) 1,318 (91)
Other 31 (4) 3 (1) 2 (1) 3 (3) 5 (3) 44 (3)

Median duration of RA (IQR), years 5 (12) 11 (18) 9 (14) 8 (17) 22 (20) 8.5 (20)
CDAI score, mean ± SD 18.1 ± 16.0 17.2 ± 16.3 21.8 ± 16.7 23.0 ± 17.5 25.2 ± 16.7 19.6 ± 16.6

CDAI score ≤2.8 (remission)‡ 111 (16) 49 (18) 13 (7) 8 (7) 10 (5) 191 (13)
CDAI score ≤10 (low disease activity)‡ 298 (43) 130 (46) 63 (36) 30 (28) 45 (24) 566 (39)

DAS28- CRP score, mean ± SD 3.5 ± 1.6 3.5 ± 1.7 3.8 ± 1.6 4.0 ± 1.6 4.2 ± 1.6 3.7 ± 1.7
Subcutaneous nodules in last year 105 (15) 47 (17) 32 (18) 22 (20) 66 (35) 272 (19)
Sjögren’s syndrome in last year 48 (7) 42 (15) 26 (15) 8 (7) 41 (22) 165 (11)
Current RA medications

NSAIDs§ 387 (56.0) 178 (63.6) 106 (60.9) 66 (61.1) 121 (63.7) 858 (59.5)
csDMARDs§ 503 (72.8) 199 (71.1) 123 (70.7) 71 (65.7) 134 (70.5) 1,030 (71.4)
TNF inhibitors§ 253 (36.6) 87 (31.1) 59 (33.9) 35 (32.4) 79 (41.6) 513 (35.6)
Non- TNF bDMARDs§ 6 (0.9) 22 (7.9) 6 (3.4) 3 (2.8) 3 (1.6) 40 (2.8)
Steroids 190 (27.5) 85 (30.4) 56 (32.2) 31 (28.7) 72 (37.9) 434 (30.1)
Opioids 47 (6.8) 38 (13.6) 34 (19.5) 27 (25) 29 (15.3) 175 (12.1)

* Values are the number (%) unless indicated otherwise. bDMARD = biologic and targeted disease- modifying antirheumatic drug; CDAI = Clinical 
Disease Activity Index; csDMARD = conventional synthetic DMARD; DAS28- CRP = Disease Activity Score in 28 joints using the C- reactive protein 
level; IQR = interquartile range; NSAID = nonsteroidal antiinflammatory drug; TNF = tumor necrosis factor. 
† RA disease activity/multimorbidity relative to BRASS cohort average; RA duration relative to the cluster with matching RA disease activity/
multimorbidity. 
‡ Percentage based on number of patients with assessment. 
§ RA medication categories are defined in Supplementary Table 7, available on the Arthritis Care & Research website at http://onlin elibr ary.wiley.
com/doi/10.1002/acr.24471/ abstract. 
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of the Clinical Disease Activity Index (CDAI), the Disease Activity 
Score in 28 joints using the C- reactive protein level (DAS28- CRP), 
the Simplified Disease Activity Index (SDAI), the Rheumatoid 
Arthritis Disease Activity Index (RADAI), swollen joint count, ten-
der joint count, patient self- reported (questionnaire) number of 
flares, the 5- item Mental Health Index, the Multidimensional Health 
Assessment Questionnaire (MDHAQ), and the global status ques-
tion of the MDHAQ. Arthritis Pain Today (0– 10 visual analog scale) 
was used for the patient global assessment component in CDAI, 
SDAI, and DAS28- CRP scores. Kaplan-Meier plots were used 
for time to events for biannual patient questionnaire outcomes of 
infection (“Have you experienced an infection requiring antibiotics 
in the past 6 months?”) and change in RA medication.

RESULTS

Study population. All 1,443 patients enrolled in BRASS 
as of November 13, 2015 were included in the PC and cluster 
analysis. Median age at entry into BRASS was 57.0 years (range 
18– 91 years), 82% of patients were women, median duration of 
RA was 8.5 years (range 0– 65 years), mean ± SD CDAI score was 
19.6 ± 16.6, and mean ± SD DAS28- CRP score was 3.7 ± 1.7. 
In total, 862 patients (60%) were recruited from 2003 to 2004, 
and 581 patients (40%) were recruited from 2005 to 2015. 
Demographic, RA disease, and RA treatment characteristics are 
provided in the last column of Table 1, and general health and 
socioeconomic characteristics in the last column of Table 2.

Results of PCA. From the 2,105 variables obtainable at 
enrollment, 1,428 administrative, free text, highly missing, or 
redundant variables were removed. The remaining set of 677 var-
iables was reduced to 167 by aggregating related variables (see 
Supplementary Table 1, available on the Arthritis Care & Research 
website at http://onlin elibr ary.wiley.com/doi/10.1002/acr.24471/ 
abstract). These 167 variables were entered into the PCA process, 
which produced 49 PCs with eigenvalue >1 in the first run. During 
the iterative exclusion of low- loading variables, further refinement 
was driven by selecting a loading threshold informed by MDHAQ 
functionality score. This feature of the data was selected as the 
reference because in past studies it typically correlated with RA 
disease trajectories (18). Its loading value on the first PC fluctuated 
around 0.40. The final number of PCs was 41, all with eigenvalue 
>1.0, collectively incorporating 142 variables, each with loading 
≥0.39, including MDHAQ score, which had loading 0.39 in the 
final analysis (see Supplementary Figure 1A and Supplementary 
Table 2, available on the Arthritis Care & Research website at 
http://onlin elibr ary.wiley.com/doi/10.1002/acr.24471/ abstract). 
The 41 PC constructs together accounted for 77% of the cumu-
lative variance in the data set. Variables with insufficient loading 
for inclusion in the final set of PCs included age, sex, CRP level, 
and employment status (see Supplementary Table 3, available 
on the Arthritis Care & Research website at http://onlin elibr ary.
wiley.com/doi/10.1002/acr.24471/ abstract). On investigating the 
omission of these variables by forcing their inclusion, we found 
that the cumulative variance accounted for declined from 77% to 

Table 2. Health and socioeconomic characteristics at entry into the Brigham and Women’s Rheumatoid Arthritis Sequential Study (BRASS)*

Characteristic
Cluster 1
(n = 691)

Cluster 2
(n = 280)

Cluster 3
(n = 174)

Cluster 4
(n = 108)

Cluster 5
(n = 190)

Overall BRASS
population
(n = 1,443)

RA disease activity/multimorbidity† Less Less Moderate More More  
RA duration† Shorter Longer Moderate Shorter Longer  
BMI 26.5 ± 5.3 26.1 ± 4.8 26.3 ± 5.8 32.0 ± 7.6 26.6 ± 5.6 26.8 ± 5.6
Charlson Comorbidity Index 1.60 ± 0.93 1.85 ± 1.06 2.02 ± 1.12 3.26 ± 1.54 2.46 ± 1.55 1.94 ± 1.22
CV comorbidity (ever), no. (%) 324 (47) 158 (56) 93 (53) 91 (84) 129 (68) 795 (55)
Metabolic comorbidity (ever), no. (%) 3 (<1) 1 (<1) 3 (2) 108 (100) 2 (1) 117 (8)
Orthopedic comorbidity (ever), no. (%) 38 (5) 14 (5) 33 (19) 22 (20) 167 (88) 274 (19)
Neurologic comorbidity (ever), no. (%) 40 (6) 24 (9) 174 (100) 27 (25) 15 (8) 280 (19)
Current smoker, no. (%) 44 (6) 17 (6) 21 (12) 9 (8) 12 (6) 103 (7)

Pack- years‡ 29.3 ± 20.3 32.9 ± 22.5 20.9 ± 13.2 22.4 ± 18.5 33.9 ± 17.1 28.1 ± 19.2
Ever smoker, no. (%) 283 (41) 115 (41) 75 (43) 51 (47) 89 (47) 613 (42)
Exercise, hours per week 2.0 ± 2.8 2.6 ± 3.4 1.9 ± 2.5 1.4 ± 2.3 1.6 ± 2.3 2.0 ± 2.8
Income, thousands USD 61 58 57 49 51 58
Married, no. (%)§ 479 (69) 177 (63) 110 (63) 58 (54) 117 (62) 941 (65)
Support from friends/relatives per week 5.9 ± 5.4 4.1 ± 5.0 5.3 ± 5.5 5.1 ± 5.5 6.1 ± 5.2 5.5 ± 5.4
Number of doctor visits in last 6 months¶

PCP 0.30 ± 0.71 0.74 ± 0.97 0.45 ± 0.84 0.52 ± 0.88 0.18 ± 0.57 0.40 ± 0.80
Rheumatologist 0.45 ± 0.84 0.88 ± 0.99 0.53 ± 0.88 0.63 ± 0.93 0.24 ± 0.65 0.53 ± 0.88

* Values are the mean ± SD unless indicated otherwise. BMI = body mass index; CV = cardiovascular; PCP = primary care physician; RA = 
rheumatoid arthritis; USD = US dollars. 
† RA disease activity/multimorbidity relative to BRASS cohort average; RA duration relative to the cluster with matching RA disease activity/
multimorbidity. 
‡ Pack = 20 cigarettes. 
§ Living with spouse or significant other. 
¶ Not counting the enrollment visit. 

http://onlinelibrary.wiley.com/doi/10.1002/acr.24471/abstract
http://onlinelibrary.wiley.com/doi/10.1002/acr.24471/abstract
http://onlinelibrary.wiley.com/doi/10.1002/acr.24471/abstract
http://onlinelibrary.wiley.com/doi/10.1002/acr.24471/abstract
http://onlinelibrary.wiley.com/doi/10.1002/acr.24471/abstract
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Figure 1. Heatmap of principal component (PC) scores across the clusters, showing variation relative to overall Brigham and Women’s 
Rheumatoid Arthritis Sequential Study average. PCs are ranked by variance explained. Positive scores appear in red, negative scores in 
blue. csDMARD = conventional synthetic disease- modifying antirheumatic drug; curr = current; GI = gastrointestinal; NSAID = nonsteroidal 
antiinflammatory drug; RA = rheumatoid arthritis; TNFi = tumor necrosis factor inhibitor.

Cluster
PC name and number 1 2 3 4 5

Disease activity 1
RA-related surgery/total Sharp/disease duration 2

Healthcare utilization 3
Mental health/social support 4

Past RA csDMARD/curr TNF medicine usage 5
RA manifestations 6

Autoimmune comorbidity 7
Osteoarthritis comorbidity 8

Metabolic comorbidity 9
Serology 10

Cardiovascular comorbidity 11
Psychiatric comorbidity 12

Allergic comorbidity 13
Sicca/exocrine comorbidity 14

Musculoskeletal comorbidity 15
Smoking 16

Urologic comorbidity 17
Endocrine comorbidity 18

Neurologic comorbidity 19
RA meds (steroids/opioids/RA medications) 20

GI comorbidity 21
Other comorbidity 22

Exercise 23
Pulmonary comorbidity 24

Blood pressure 25
Family support/education 26
Hematologic comorbidity 27

Marital status/income/living with people 28
Supplements and nutraceuticals 29

Oncologic comorbidity 30
Hepatic comorbidity 31

RA flares 32
Infectious comorbidity 33

Renal comorbidity 34
Body mass index 35

Orthopedic comorbidity 36
Race 37

Non-RA-related surgery 38
RA meds (curr non-TNFi/past TNFi) 39

RA meds (NSAID/csDMARD) 40
First joint 41
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76%, owing to the numerator (variance explained) not increasing 
as much as the denominator (total variance). The interpretation 
of these variables’ omission in the data- driven process is that 
these variables (loading <0.39) might be meaningful in separating 
patients with RA as standalone variables, but their contribution 
was overshadowed by related variables. For example, CRP level 
as a standalone variable was below the threshold for inclusion 
because its effects were already included in the PC disease activ-
ity, which included CRP level in the DAS28- CRP score. Similarly, 
the contribution of age and sex as standalone variables was atten-
uated because of the incorporation of other variables correlated 
with age and sex already included in PCs. Generally, each PC 
identified related characteristics, with some exceptions (see Sup-
plementary Table 2, available on the Arthritis Care & Research 
website at http://onlin elibr ary.wiley.com/doi/10.1002/acr.24471/ 
abstract; PC 3: number of doctor visits, community groups, and 
family history of myocardial infarction). For brevity, PC 3 is here-
after designated “health care utilization.”

Results of cluster analysis. Cluster analysis distinguished 
5 patient clusters at a pseudo F of 28.45 and CCC of 24.26 
(see Supplementary Figure 1B, available on the Arthritis Care & 
Research website at http://onlin elibr ary.wiley.com/doi/10.1002/
acr.24471/ abstract). The clusters were well separated (see Sup-
plementary Figure 2 and Supplementary Table 4, available at 
http://onlin elibr ary.wiley.com/doi/10.1002/acr.24471/ abstract), 
and each reflected a distinctive profile of PCs (Figure 1). Owing 
to the introduction of new biologic therapies in 2010 during the 
BRASS enrollment period, subanalyses were conducted for 
patients enrolled before and after 2010. These showed negligible 
effect on cluster identification. Variables related to time had only 
a marginal role in defining clusters.

Differences between clusters for the parameters shown in 
Tables 1 and 2 were formally tested using an analysis of variance 
(ANOVA) F- test and pairwise comparisons (see Supplementary 
Table 5, available on the Arthritis Care & Research website at 
http://onlin elibr ary.wiley.com/doi/10.1002/acr.24471/ abstract). 
All parameters showed significant differences between clusters 
by ANOVA F- test, except smoking, current medication use, and 
Asian race. Pairwise comparison between clusters indicated that 
specific clusters were driving significance for some characteristics, 
with cluster 1 showing lower current opioid use, cluster 2 showing 
higher use of non– tumor necrosis factor (TNF) treatments, and 
cluster 4 showing higher metabolic comorbidities and body mass 
index (BMI).

The 5 clusters were distributed along a spectrum of RA dis-
ease activity (Table 1). The 2 clusters with the lowest RA disease 
activity also exhibited the lowest prevalence of comorbidities but 
differed in RA duration (Tables 1 and 2). Similarly, the 2 clusters with 
the highest RA disease activity also exhibited the highest preva-
lence of comorbidities but differed in RA duration. The clusters 
were named according to RA disease activity/multimorbidity, RA 

duration, and distinguishing PC(s). Cluster PC scores and mean 
values of each component variable are provided in Supplemen-
tary Table 6, available on the Arthritis Care & Research website 
at http://onlin elibr ary.wiley.com/doi/10.1002/acr.24471/ abstract. 
Cluster PC scores represent the distance in SDs of the clus-
ter mean from the overall BRASS population mean for that PC. In 
the overall BRASS population, each PC has a score of 0, with SD 
of 1 (see Supplementary Table 6).

Cluster characteristics. Cluster 1 (less RA disease activity/
multimorbidity, shorter RA duration, lower incidence of comorbidi-
ties) was notable in having low incidence of comorbidities relative 
to the other clusters, illustrated by negative PC scores for most 
comorbidities (Figure 1). The lowest PC score in cluster 1 was 
– 0.29 for psychiatric comorbidity, which reflects 11% prevalence 
of psychiatric comorbidity ever, compared with 27% in the overall 
BRASS population (see Supplementary Table 6, available on the 
Arthritis Care & Research website at http://onlin elibr ary.wiley.com/
doi/10.1002/acr.24471/ abstract). Cluster 1 also had the lowest PC 
scores across clusters for health care utilization (– 0.21; reflected 
by mean 0.30 primary care physician [PCP] visits in the last 
6 months, compared with 0.40 in BRASS overall) (Table 2).

Cluster 2 (less RA disease activity/multimorbidity, longer RA 
duration, more infections, psychiatric comorbidities, health care uti-
lization) had the lowest disease activity PC score (– 0.13, illustrated 
by mean CDAI score of 17.2, compared with 19.6 in the overall 
BRASS cohort). Cluster 2 had longer duration of RA than cluster 1 
(median 11 versus 5 years, respectively [Table 1], reflected in higher 
PC score for RA- related surgery/total Sharp score/ disease dura-
tion: +0.12 versus – 0.10, respectively). The high  est PC score in 
cluster 2 was +0.61 for psychiatric comorbidity (reflected by 51% 
prevalence of psychiatric comorbidity ever, predominantly depres-
sion). Cluster 2 also had the highest PC scores across clusters 
for infection comorbidity (+0.60, reflected by a 59% prevalence of 
infection comorbidity ever), health care utilization (+0.55, reflected 
by a mean 0.74 PCP visits in the last 6 months), RA medica-
tions (nonsteroidal antiinflammatory drug/conventional synthetic 
disease- modifying antirheumatic drug [csDMARD]) (+0.34), and 
RA medications (non- TNF biologic DMARD [bDMARD]) (+0.24). 
Cluster 2 was also characterized by above BRASS average onco-
logic comorbidity (+0.38) and below BRASS average neurologic 
comorbidity (– 0.46) and orthopedic comorbidity (– 0.39). Patients 
in cluster 2 had the highest mental health/social support (score 
+0.11) and did the most exercise (exercise score +0.06; reflected 
by a mean 2.6 hours of exercise per week).

Cluster 3 (moderate RA disease activity/multimorbidity, more 
neurologic comorbidity), although well separated from the other 
clusters across the spectrum of PCs (see Supplementary Figure 2, 
available on the Arthritis Care & Research website at http://online 
libr ary.wiley.com/doi/10.1002/acr.24471/ abstract), was interme-
diate according to the terms of multimorbidity, RA disease activ-
ity, and RA duration. Patients in cluster 3 had the highest score 
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for neurologic comorbidity (+2.39), which predominantly con-
sisted of migraine and dementia (ever prevalence 77% and 5%, 
respectively). Other above BRASS average PCs in cluster 3 were 
hematologic comorbidity (+0.10), allergic comorbidity (+0.10), and 
smoking (+0.08).

Cluster 4 (more RA disease activity/multimorbidity, shorter 
RA duration, more metabolic comorbidity, higher BMI) was nota-
ble for a high prevalence of metabolic comorbidity (score +3.4), 
predominantly diabetes mellitus (ever prevalence 10% for type 1 
and 80% for type 2). Cluster 4 also exhibited the highest scores for 
BMI (median BMI 31; PC score +0.27) and cardiovascular comor-
bidity (+0.25). Patients in cluster 4 had below average mental 
health/social support (score – 0.19) and exercise (– 0.11; mean 1.4 
hours/week) but slightly above average family support/educ ation 
(+0.04). Cluster 4 had the highest proportion of African Ameri-
cans (race score +0.21, translating to 18% African American, 79% 
White, 4% Other).

Cluster 5 patients (more RA disease activity/multimorbid-
ity, longer RA duration, more hepatic, orthopedic comorbidity 
and RA- related surgeries) had the highest disease activity (score 
+0.17, reflected by a mean CDAI score of 25.2 and 76% of 
patients having a CDAI score >10) (Table 1), RA manifestations 
(+0.17, reflected by 35% and 22% prevalence of subcutaneous 

nodules and Sjögren’s syndrome, respectively), and orthopedic 
comorbidity (+1.85). History of RA surgery was most prevalent 
in cluster 5 (56%, compared with 36% in BRASS overall). Cluster 
5 also exhibited the highest score among the clusters for hepatic 
comorbidity (+0.74), musculoskeletal comorbidity (+0.19), and 
gastrointestinal comorbidity (+0.18). Patients in cluster 5 were on 
average the oldest (median age 64 years) and had the highest 
average blood pressure (+0.11; mean 130/77 mm Hg).

Longitudinal outcomes over 2 years. The proportions 
of patients remaining in the study were 94%, 88%, and 76% at 
6 months, 1 year, and 2 years, respectively. BRASS patient attri-
tion was worst in cluster 2 (31% at 2 years) and least in cluster 
1 (20% at 2 years; see Supplementary Figure 3, available on the 
Arthritis Care & Research website at http://onlin elibr ary.wiley.com/
doi/10.1002/acr.24471/ abstract). The greatest absolute improve-
ments in CDAI score over 2 years were observed in clusters 3 and 
4 (Figure 2). Cluster 5 had the highest CDAI score at baseline and 
showed less improvement than clusters 3 and 4. The lower RA 
disease activity/multimorbidity clusters (1 and 2) had the lowest 
CDAI scores at baseline and showed improvement to 1 year but 
not thereafter, possibly consistent with a floor effect. The different 
disease activity scores showed generally similar patterns of results 

Figure 2. Clinical outcomes over 2 years. Mean Clinical Disease Activity Index (CDAI) score (A), Multidimensional Health Assessment 
Questionnaire (MDHAQ) score (B), 5- item Mental Health Index (MHI- 5) score (C), and tender joint count (D). Observed cases with no imputation 
for missing data. 95% CI = 95% confidence interval; BMI = body mass index; RA = rheumatoid arthritis. Error bars indicate the 95% CI.

1. Less RA disease ac�vity/mul�morbidity, shorter RA dura�on, lower incidence of comorbidi�es (n = 691)

5. More RA disease ac�vity/mul�morbidity, longer RA dura�on, more hepa�c, orthopedic comorbidity and RA-related surgeries (n = 190)

2. Less RA disease ac�vity/mul�morbidity, longer RA dura�on, more infec�ons, psychiatric comorbidi�es, health care u�liza�on (n = 280)

4. More RA disease ac�vity/mul�morbidity, shorter RA dura�on, more metabolic comorbidity, higher BMI (n = 108)
3. Moderate RA disease ac�vity/mul�morbidity, more neurologic comorbidity (n = 174)
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across the clusters, except for the RADAI, which discriminated 
well between clusters 1 and 2 but not between clusters 3, 4, and 
5 (see Supplementary Figure 4, available on the Arthritis Care & 
Research website at http://onlin elibr ary.wiley.com/doi/10.1002/
acr.24471/ abstract). There were marked differences between clus-
ters for change in tender joint count (Figure 2). Clusters 1, 2, and 
5 showed virtually no change in tender joint count over 2 years, 
whereas clusters 3 and 4 showed steady improvement. Patients 
in cluster 3 had the worst mean mental health index score at 
baseline and showed the greatest improvement over 2 years.

Time to first infection in BRASS was longest for patients 
in cluster 1 and shortest in cluster 5 (Figure 3A). By 2 years of 
follow- up, 51% of patients in cluster 1 and 70% of patients in 
cluster 5 had reported a first infection in BRASS. First change 
in csDMARD or bDMARD occurred in approximately one- half of 
patients across clusters by 1 year. By 2 years, there was a notice-
able difference between cluster 5, in which 59% of patients had 
recorded a first change in csDMARD or bDMARD, and the other 
clusters, in which ~70% of patients had recorded a first change 

in csDMARD or bDMARD (Figure 3B). First change in bDMARD 
occurred in approximately one- half of patients in clusters 1– 4 by 
18 months, rising to ~60% by 2 years (Figure 3C). By contrast, 
in cluster 5, first change in bDMARD occurred in 46% of patients 
by 2 years.

DISCUSSION

In this study, a data- driven approach was used to identify 
5 distinct patient phenotype clusters in RA using only baseline 
data measured at enrollment. The clusters were differentiated 
by general health state and behaviors, RA disease activity, and 
RA duration, and they followed different trajectories of disease 
progression over 2 years of follow- up. These properties sug-
gest that the clusters may represent meaningful phenotypes 
of RA.

The goal of data- driven identification of phenotypes within 
RA is to guide patient management and suggest paths for 
 additional studies to determine treatment approaches based on 

Figure 3. Time to first infection (A), change of conventional synthetic or biologic disease- modifying antirheumatic drug (DMARD) (B), and 
change of biologic DMARD (C). BMI = body mass index; RA = rheumatoid arthritis.

1. Less RA disease ac�vity/mul�morbidity, shorter RA dura�on,
lower incidence of comorbidi�es (n = 691)

2. Less RA disease ac�vity/mul�morbidity, longer RA dura�on,
more infec�ons, psychiatric comorbidi�es, health care
u�liza�on (n = 280)

3. Moderate RA disease ac�vity/mul�morbidity, more neurologic
comorbidity (n = 174)

4. More RA disease ac�vity/mul�morbidity, shorter RA dura�on,
more metabolic comorbidity, higher BMI (n = 108)

5. More RA disease ac�vity/mul�morbidity, longer RA dura�on,
more hepa�c, orthopedic comorbidity and RA-related
surgeries (n = 190)
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phenotype. Rapid recognition of defined phenotypic patterns 
within a  fast- paced practice setting could provide added informa-
tion to facilitate personalized management strategies for individual 
patients. Thus, phenotypic differences in non- RA factors could 
inform the direction of discussion when broadening the consul-
tation outside RA, with the aim of exploring additional support 
where needed as part of collaborative goal setting and shared 
decision- making. For example, in our study, among the more RA 
disease activity/multimorbidity clusters, cluster 4 (more RA dis-
ease activity/multimorbidity, shorter RA duration, more metabolic 
comorbidity, higher BMI) showed a strong negative score for the 
PC mental health/social support, whereas cluster 5 (more RA 
disease activity/multimorbidity, longer RA duration, more hepatic, 
orthopedic comorbidity and RA- related surgeries) was close to 
the BRASS average for this PC. Interventions focused on mental 
health and social support might be well targeted at patients with 
characteristics similar to cluster 4.

It is well established that comorbid conditions can be major 
factors driving differential outcomes in patients with RA (19– 
21). In the current study, the key role of comorbid conditions 
in defining the clusters is apparent from their large observed 
differences in comorbidity PC scores. The clusters differenti-
ated strongly on certain comorbid conditions but not others. 
For example, metabolic comorbidities were highly prevalent in 
cluster 4 (more RA disease activity/multimorbidity, shorter RA 
duration, more metabolic comorbidity, higher BMI) but were rare 
in the other clusters, including cluster 5 (more RA disease activ-
ity/multimorbidity, longer RA duration, more hepatic, orthopedic 
comorbidity and RA- related surgeries). These findings might 
support an association between metabolic and inflammatory 
pathways or prolonged medication use in 1 particular RA phe-
notype more than in other phenotypes, with the potential to 
influence screening and treatment for cardiovascular risk fac-
tors (22). Similarly, the high score for neurologic comorbidities 
in cluster 3 (moderate RA disease activity/multimorbidity, more 
neurologic comorbidity) underlines the importance of neurologic 
drivers and manifestations in some patients with RA (23,24). 
In contrast, differences between clusters were relatively minor 
for other autoimmune, gastrointestinal, pulmonary, and renal 
comorbid conditions.

The ability to classify patient characteristics using data- 
driven techniques has the potential to promote the goals of per-
sonalized medicine (4). The very large amounts of data stored 
in electronic records have hitherto been essentially inaccessible 
for day- to- day clinical decision- making. Approaches to apply 
these data to enhance patient care have become a major focus 
of research investigation (3). If successful, these approaches 
could significantly augment the depth of information available 
to clinicians making treatment decisions with their patients. The 
 techniques reported here that incorporate demographic character-
istics, psychosocial factors, clinical features, and patient- reported 
outcomes might be used alongside genome, transcriptome, 

and proteome information to contribute to improved precision 
in matching patients to treatments (25).

Assessment of longitudinal outcomes revealed differences 
between clusters in disease trajectory over 2 years of follow- up, 
although these differences were not tested formally. Formal 
testing of hypotheses around differences between clusters in 
disease outcomes and response to treatment is planned as 
part of a cross- registry validation of the clusters. In the cur-
rent study, RA disease activity scores generally improved more 
over 2 years in clusters 3 and 4 (moderate RA disease activity/ 
multimorbidity, more neurologic comorbidity; more RA disease 
activity/ multimorbidity, shorter RA duration, more metabolic 
 comorbidity, higher BMI) than in the other clusters. The rel-
atively smaller improvement in the less RA disease activity/ 
multimorbidity clusters, 1 and 2, might be partly a result of a 
floor effect, whereby patients with better RA control have less 
room for improvement. While there was variation between the 
clusters in registry attrition over time, the differences were rel-
atively small and considered to have had minimal effect on the 
observed longitudinal outcomes. The key factors influencing 
attrition in BRASS have been identified previously and include 
shorter RA disease duration and higher RA disease activity (26). 
The variation observed in attrition rate between clusters did 
not map straightforwardly by cluster RA disease duration and 
activity; the cluster with the worst attrition was cluster 2 (less RA 
disease activity/multimorbidity, longer RA duration, more infec-
tions, psychiatric comorbidities, health care utilization).

The limitations of this analysis include the single- center 
nature of the registry, which limits the range of clinical approaches 
to patient care and imposes geographic constraints on patient 
selection, availability, and retention. The generalizability of the 
results needs to be assessed and the cluster- based phenotypes 
validated in an independent data set. Moreover, in common with 
all registries, there is potential selection bias, such that patients 
who agree to participate in RA registries might not be completely 
representative of all patients with RA. In addition, the range of 
variables collected in BRASS is broad but does not exclude the 
likelihood that some unknown distinguishing variables were not 
captured or assessed and consequently did not contribute to the 
PC and cluster analyses. Another limitation is the cross- sectional 
nature of the PC and cluster analysis, which was applied only to 
baseline (enrollment) variables and did not allow investigation of 
whether and to what extent patients might migrate between clus-
ters over time.

In conclusion, 5 patient clusters identified by data- driven 
PC analysis of the BRASS registry exhibited distinct patterns of 
clinical outcome and management over 2 years of follow- up. 
The clinical outcomes data suggest that the clusters represent 
clinically meaningful categories of RA and illustrate the poten-
tial of data- driven patient profiling as a tool to support person-
alized medicine in RA. Validation in an independent data set is 
ongoing.
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