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A B S T R A C T

Objectives: Patients with rheumatoid arthritis (RA) display different trajectories towards
improvement of disease. We aimed to disentangle the heterogeneity of RA disease trajectories
from the first clinical visit onwards using graph-based pseudotime analysis.
Methods: We studied early patients with RA over 1.5 years in 2 data sets: Leiden (Netherlands),
n= 1237, with 5017 visits, and Towards a Cure for Early Rheumatoid Arthritis (TACERA) (United
Kingdom), n = 243, with 750 visits. We created a pipeline for time-independent clustering of clin-
ical and haematologic features to identify disease states. Sequence analyses of these states defined
the trajectories. We studied the predictability of the trajectories with baseline features.
Results: Clustering identified 8 disease states with localised inflammation (joints) and systemic
inflammation (erythrocyte sedimentation rate [ESR] or leucocytes) as the main discriminating
factors. The disease state sequences consisted of 4 trajectories, which we independently repli-
cated in TACERA: A, high ESR; B, rapid progression from many inflamed joints towards remis-
sion; C, high leucocytes; and D, many inflamed joints with poor prognosis. Systemic vs local
inflammation patterns showed moderate predictability at baseline (sensitivity of 71% and preci-
sion of 0.73 for trajectory A, although lower precision of 0.52 for trajectory B), while other tra-
jectories were less predictable. Trajectories C and D had strong resemblance with B at baseline
but deteriorated into less favourable trajectories. Patients in trajectory A were more often female
and on average older. The trajectories were not explained by time till disease-modifying anti-
rheumatic drug, baseline disease activity, or symptom duration. The suboptimal trajectories
coincided with worse patient-reported outcomes, even when the inflammation was mainly
systemic.
vier B.V. on behalf of European Alliance of Associations for Rheumatology (EULAR). This is an open access article
g/licenses/by/4.0/)
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Conclusions: We identified 4 distinct trajectories in early RA, differentiating RA into localised vs
systemic inflammation. Our results highlight potential differences in disease pathology and
opportunities for further targeted treatment. Inevitably, patterns without linkage to our selected
features could not be detected.
WHAT IS ALREADY KNOWN ON THIS TOPIC

� The course of early rheumatoid arthritis (RA) after disease-
modifying antirheumatic drug (DMARD) initiation differs in
slow, moderate, and rapid progressors.

� Longer symptoms duration before DMARD initiation, older age,
female sex, and seropositivity are associated with worse out-
comes.

WHAT THIS STUDY ADDS

� Early RA consists of at least 4 different trajectories character-
ised by systemic inflammation (elevated erythrocyte sedimen-
tation rate [ESR] or leucocytes) and localised inflammation
(either fast or no/bad responders to treatment).

� Patients with mainly systemic inflammation (elevated ESR or
leucocytes) are less likely to reach remission and have worse
patient-reported outcomes.

� Most patients’ trajectories are predictable with baseline joint
and blood measurements and are not further explained by
symptom duration, baseline disease activity, or timing of meth-
otrexate prescription.

HOW THIS STUDY MIGHT AFFECT RESEARCH, PRACTICE OR
POLICY

� To achieve optimal disease control, it is important to suppress
inflammation in both the joints and systemic circulation.

� The trajectories underline the relevance of studies to the patho-
logical differences of systemic vs local inflammation.

� Our study highlights a subgroup who deviates from the favour-
able trajectory who might benefit from more intensive treatment.
INTRODUCTION

Despite advances in RA treatment, disease trajectories from
first clinical visit to remission vary significantly [1−5]. Further-
more, the path to remission is rarely linear, with patients fre-
quently experiencing fluctuations in disease activity over time
[5]. To identify optimal moments for intervention and improve
overall treatment outcomes, it is crucial to capture and analyse
real-life trajectories of patients with early-treated RA.

Previous research identified 3 trajectories: rapid, gradual,
and slow progressors [6,7]. These studies categorised patients
exhibiting comparable disease activity difference at equivalent
postbaseline time points [8]. By design, these studies could not
have detected the granularity of disease trajectories where
patients can move back to previous disease states. To further
improve the knowledge on disease trajectory, we need to cap-
ture the granularity, apply methods that do not assume linear or
polynomial relationships, and allow for variable transition
speeds through disease states.

Unsupervised clustering methods are able to uncover
unknown or invisible structures. They use functions and mathe-
matical equations to separate data points, rather than using labels
to differentiate data. These equations establish either linear or
nonlinear correlations between data points, thereby forming clus-
ters primarily based on the similarity between variables [9−11].
Specifically, graph-based pseudotime analysis has proven its
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value to discern the order of cell states in single-cell analyses
[12]. Clinical patient data are different from single-cell data as
there are no clear markers, highlighting whether a state is early
or late, with the potential exception of the remission state. Certain
states (eg, modest amount of joint inflammation) can occur either
early or late during the disease course. Luckily, with the accessi-
bility of electronic health records and observational cohorts, lon-
gitudinal data are available where the sequence of disease states
can be deducted from the chronology of clinical visits.

In this study, we aimed to capture the real-world disease tra-
jectories of patients with RA during their first 1.5 year at the
outpatient clinic. First, we identified existing disease states inde-
pendent of time integrating swollen joint counts (SJCs) and ten-
der joint counts (TJCs) with multiple standard laboratory
measurements. Subsequently, we defined disease trajectories by
grouping patients with similar disease state sequences. The ulti-
mate goal of this research was to elucidate distinct, explainable
patient trajectories that elucidate the heterogeneity of early RA.

METHODS

Data

Our retrospective study contained 2 independent longitudi-
nal datasets: the Dutch Leiden electronic health records (EHR)
and the Towards a Cure for Early Rheumatoid Arthritis
(TACERA) cohort from the United Kingdom. Both data sets con-
sist of new/recent onset adult patients with RA (≥18 years), dis-
ease-modifying antirheumatic drug (DMARD) naive at baseline.

The Leiden EHR cohort contains patients who were newly
referred to the Leiden outpatient clinic between 2011 and 2022
and received a diagnosis of RA within the first 1.5 years of follow-
up by their rheumatologist [13]. Our data contains the first
1.5 years of records from patients who had at least 2 visits, includ-
ing baseline. A single visit was defined as a haematologic labora-
tory test and a consultation with a rheumatologist within a 10-day
window and incomplete visits were disregarded. A total of 1237
patients met the inclusion criteria for the study and collectively
had 5017 visits. The treatment of patients reflects clinical care.

The Towards A Cure for Eary Rheumatiod Arthritis
(TACERA) cohort consists of newly diagnosed patients with RA
(European Alliance of Associations for Rheumatology (EULAR)
1987 or American College of Rheumatology (ACR) 2010)
[14,15] with a maximum of 12-month symptom duration who
were DMARD naive and seropositive (243 patients with 750
total visits) [7]. They were recruited in 2014 at time of DMARD
initiation and the follow-up ranged from 0.5 to 1.5 years. Treat-
ment changes were in accordance with the National Institute for
health and Care Excellence guidelines [16].

Feature selection for clustering

Feature selection was guided by 3 key principles: (1) focus on
direct measures of disease activity that can change over time, (2)
availability of consistent measurements across routine clinical
visits, and (3) exclusion of treatments and their related variables
and measurements. This led us to include SJC28 and TJC28,
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erythrocyte sedimentation rate (ESR), leucocyte count, hae-
moglobin (Hb), mean corpuscular volume (MCV), and throm-
bocyte counts as measures of systemic inflammation. These
variables capture the core clinical presentation of disease
stages of RA and represent features routinely used in clinical
decision-making. Anti-cyclic citrullinated peptide (aCCP) and
rheumatoid factor (RF) were not part of the clustering as
they did not meet the principles. In accordance with the third
principle, the clustering excluded medication, dosage, and
liver enzymes.
Clustering of independent visits to identify disease states

Figure 1 provides a schematic representation of the study’s
pipeline from raw data to identification of disease states and dis-
ease trajectories. Visits were excluded if they missed clustering
variables, occurred beyond 1.5 years after initial rheumatologist
visit, or when leucocytes exceeded 25 × 109 (as this was most
likely not RA related). Patients were excluded if they lacked
complete baseline data or had fewer than 2 visits within
1.5 years of follow-up. The input data were the SJC28, TJC28,
ESR, leucocyte count, Hb, MCV, and thrombocyte counts at each
visit. C-reactive protein was not included due to low availability,
and for the TACERA, the MCV was excluded due to its absence in
the data set. The features were normalised using minimum to
maximum normalisation between 0 and 1. For identification of
the disease states, we clustered the visits using the Phenograph
[17] with the cosine similarity metric and the Leiden algorithm.
The time of the visits, sex, age, and seropositivity were not used
for clustering.

We determined the number of clusters (disease states) based
on data clustering consistency and cluster size. For this, we set
the optimal k for the k-nearest neighbours algorithm in the Phe-
nograph package by testing a range of k values between 10 and
400, with increments of 10. We compared the different configu-
rations for the clustering model to find the most stable region in
the adjusted Rand index between k values. For transferability
testing, we used machine learning algorithms (logistic regres-
sion, support vector machine, and random forest) to classify the
clusters based on the features.
Figure 1. Individual patient visits are clustered based on similar phenotyp
sequence of patient states is inferred from the date of visits, leading to individ
sequence of states across patients using sequence similarity and clustering. Th
patient visit sequence. Different shapes indicate different disease states.*Any
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Defining patient trajectories

With the real timing of visits, we could order the disease
states for each patient creating individual trajectories. We iden-
tified commonalities in patients’ trajectories with the adjusted
Bobroske algorithm [18] to disallow transposition. Matches
were calculated as the inverse logarithm of the frequency of the
disease state occurrence and further normalised to within a
range between 1 and 5. Mismatches were transformed by multi-
plying the matches by −0.5, and indels were calculated as mis-
matches multiplied by 0.75. The sequence score was
transformed using the same calculation as in the original article.
Pairwise sequence similarity was applied to all patients, result-
ing in a similarity matrix. The Phenograph package’s clustering
algorithm was then applied to cluster similar trajectories.

After identifying trajectories, we performed post hoc analyses
to characterise these patterns using variables excluded from the
clustering analysis. This included examining medication usage,
treatment survival, and patient characteristics (eg, age, CCP,
and RF) across the different trajectories.
Clinical differences between trajectories

To compare differences in patient-reported outcome measure
(PROM), we created a linear mixed effect model with random
intercept. The model was fitted with fixed-effects age, sex,
months, and trajectory cluster with an interaction between
months and trajectory cluster. We tested whether the interac-
tions between month and trajectory clusters were significant.
Baseline features used to predict the future trajectory

In order to predict the trajectory that a patient would take,
we trained an support vector machine (SVM) model using
crossvalidation on 80% of the data and used a 20% test set for
final results. The model used the baseline features that were
used to cluster the data. We then analysed the discrepancies
between the baseline trajectory assignment and their true tra-
jectory. To investigate the impact of age, sex, seropositivity,
days until medication, and symptom duration on the
ic characteristics, irrespective of patient, treatment, or time. Next, the
ual patient trajectories. Disease trajectories are defined based on a shared
e colours indicate different patients, and the hue decreases with time in a
cluster could be in that time point.
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prediction of trajectories, we used logistic regression on the
subset of patients with known symptom duration.

Treatment survival analysis

To assess whether differences in outcomes between trajecto-
ries reflect patterns of treatment response, we performed sur-
vival analyses of DMARD persistence. We performed 2 analyses:
first DMARD survival and second DMARD survival. For the first
DMARD analysis, time zero was set at DMARD initiation, and
events were defined as switching to or adding another DMARD.
For the second DMARD analysis, we calculated survival until the
start of the third DMARD change event if patients had a second
DMARD. In both analyses, patients were censored at the last fol-
low-up visit if no switch occurred. We used Kaplan−Meier to
estimate survival probabilities and compared trajectories using
log-rank tests.

RESULTS

Baseline description and general patient trajectory

The 2 data sets had some differences due to inclusion criteria
(Table 1). The Leiden patients were slightly older and less often
female. As per study design, patients in TACERA were seroposi-
tive. The overall seropositivity rate was 55.2% in Leiden. At the
first visit, the majority of patients in Leiden (53%) received a
DMARD, which rapidly increased over the follow-up visits (Sup-
plementary Fig S1). In TACERA, this was 100%, by design. On
average, both the Leiden and TACERA populations improved
over time on all features (Table 1). Patient characteristics of
those excluded from the Leiden cohort due to missing data are
presented and compared in Supplementary Table S1.

Patient disease states during the first 1.5 years of RA

We used a data-driven approach as outlined earlier to define
the optimal number of disease states (clusters). This clearly
showed 8 clusters over any other number of clusters
Table 1
General data description of the Leiden cohort and the TACERA co

Leiden

Features Baseline Last visit B

No. of patients 1237
No. of visits 4 (2-5)
Female 797 (64.4)
RF positive 570 (46.1)
aCCP positive 571 (46.2)
Seropositive 683 (55.2)
Age (y), mean (SD) 59.8 (14.7)
TJC28a 4 (2-8) 1 (0-3) 9
SJC28a 3 (1-7) 0 (0-2) 6
ESRa 28 (11-45) 14 (6-29) 2
Leucocytesa 7.9 (6.3-9.6) 7.2 (6.0-8.8) 7
Haemoglobulina 8.2 (7.5-8.8) 8.3 (7.7-8.8) 8
MCVa 90 (87-93) 92 (89-96) N
Thrombocytesa 290 (246-352) 264 (225-314) 2
DAS28 4.3 (3.3-5.3) 2.9 (2.1-3.9) 5
DMARD assignment 650 (52.5) 1148 (92.8) 2

aCCP, anticyclic citrullinated peptide; DAS, disease activity score;
cyte sedimentation rate; MCV, mean corpuscular volume; RF, rheu
Cure for Early Rheumatoid Arthritis; TJC, tender joint count.
Values are median (IQR) or n (%) unless specified. Welch t test was

a Features included for clustering.
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(Supplementary Fig S2). We then further confirmed the stability
of the clusters with an SVM algorithm, which predicted the clus-
ters with 94.8% accuracy on a holdout test set (Supplementary
Fig S3).

The 8 identified clusters described the disease states exhib-
ited by patients during their visits to the clinic (Fig 2A and Sup-
plementary Table S2). Although time of visit was not part of the
clustering, the disease states exhibited significant temporal dif-
ferences (Fig 2B). The disease state that contained the most late-
time visits was L1. At this disease state, patients had the lowest
disease activity with near-zero number of swollen and tender
joints, lowest ESR, and within normal range leucocytes and Hb.
L8 is predominantly an early visit state that contains no visits
after 1 year. At this disease state, patients have low swelling and
tenderness and low Hb.

For the in-between disease states, the main differentiation is
based on the amount of swollen and tender joints vs systemic
inflammation (ESR or leucocytes).

Among the high joint inflammation states, L7 is the most
severe state. Patients in this state have a high number of swollen
and tender joints and a moderately elevated ESR. The L7 disease
state not only is frequently observed at baseline but also
occurred less frequently at later stages of disease course. A simi-
lar but more moderate disease state L4 is characterised by
numerous swollen and tender joints and without elevated ESR.
L4 is common early in the disease course and common after 1
year of follow-up.

The inflamed disease states could be further differentiated
into elevated ESR or leucocytes. The elevated ESR states were
L6, L5, and L2. L6 contains patients who have moderately swol-
len and tender joints and a highly elevated ESR. Patients with
L6 disease were commonly seen at baseline, and some may pres-
ent with the disease state later on in their treatment. Patients in
disease state L5 have similar disease characteristics, visit fre-
quency, and time after baseline to L6, but with a less elevated
ESR. L2 contains patients at a low disease state: low to no swol-
len and/or tender joints but still a modestly elevated ESR. This
elevated ESR coincides with a subtle increase in leucocytes,
thrombocytes, and decreased Hb. This condition could be
hort

TACERA P

aseline Last visit Baseline Last visit

243
3 (2-4)

177 (72.8) <.05
207 (85.2) <.05
223 (91.8) <.05
243 (100) <.05
53.0 (14.9) <.05

(4-14) 2 (0-5) <.05 <.05
(3-10) 1 (0-3) <.05 .786
7 (12-43) 12 (6-24) .228 <.05
.8 (6.6-9.2) 6.3 (5.1-7.8) .299 <.05
.2 (7.5-8.8) 8.2 (7.6-8.8) <.05 .221
A NA NA NA
93 (255-365) 267 (226-312) .199 .885
.0 (4.1-5.8) 3.0 (2.0-4.0) <.05 .651
43 (100) 243 (100) <.05 <.05

DMARD, disease-modifying antirheumatic drug; ESR, erythro-
matoid factor; SJC, swelling joint count; TACERA, Towards a

applied for the P values.



Figure 2. Results of the clustering and sequence analyses on the Leiden or TACERA data. (A,C) Heatmap of mean characteristics of the disease states
(clusters). All values are scaled between 0 and 1 (orange−purple). (B,D) Number of days the visit took place after baseline for each cluster. yVariables
used for clustering. TACERA, Towards a Cure for Early Rheumatoid Arthritis.
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observed in the clinic in all states within the first 1.5 years,
but the majority of the L2 assigned visits were after 200 days of
first visit.

L3 describes a phenotype with a leucocyte count above the
upper reference values (mean, 11.0 × 109; SD, 2.69; refer-
ence = 4.0-10.0 × 109) and a low amount of joint and blood
inflammation. This state of the disease was most prevalent 1
year after the baseline.

Similar disease states observed in independent replication in
TACERA

For the TACERA data set, we applied the same normalisation
and unsupervised clustering pipeline as used for Leiden. To facil-
itate comparability of cluster content with Leiden, we set the k
to find 8 clusters in TACAERA. The content of the clusters were
defined in an unsupervised manner, without using any knowl-
edge from the findings in the Leiden data.

Within TACERA, we saw that the disease states resembled
those from the Leiden data (Fig 2C). The optimal disease state
L1 was also present in TACERA which we named T1. T1 shows
no active disease with a near-zero amount of swollen and tender
joints and no elevation in ESR.

All first 7 disease state (L1-L7) were also present in TACERA.
We identified a distinct state characterised by patients with ten-
der joints and mildly elevated ESR (<30) in TACERA. While this
1305
state shares some features with L4 (tender joints), it represents a
unique intermediate phenotype not observed in the Leiden
cohort. To avoid confusion with L8 (the early disease state
unique to Leiden), we designated this TACERA-specific state as
T9. Similar as in the Leiden data, the main differentiating factor
in TACERA is based on local (joints) vs systemic inflammation
(ESR and leucocytes).

Different disease trajectories in patients with early RA

At the group level, we observed a clear pattern of reduction
of disease activity towards reaching remission; 47.0% and
28.0% of the patients reached the optimal disease state L1/T1
within 1.5 years, and 31.4% and 23.5% got close to the optimal
state and ended in L2/T2. This suboptimal end state appears
optimal based on SJCs and TJCs, but the ESR was still elevated.
This deviation from the optimal disease state was rather subtle
as most values were within the normal range.

To find subsets of trajectories, we independently clustered
the patient-level sequences of Leiden and TACERA and found 4
separate trajectories in Leiden and 5 in TACERA (Fig 3 and Sup-
plementary Fig S4). These revealed a more granular pattern of
disease improvement and flare than the average patterns. At
baseline, patients across the trajectories differed in age, sex,
seropositivity, baseline disease activity score (DAS)28, and
symptom duration (Tables 2 and 3).



Figure 3. Trajectories based on the cluster sequence per patient. Four common trajectories were identified and were distinguished by (A) erythrocyte
sedimentation rate, (B) good trajectory, (C) leucocytes, and (D) bad trajectory. The nodes are the disease states with the size of the node marking the
number of patient visits. The edge thickness reflects the transition frequency. The nodes on the left side of the graph are, on average, more prevalent
at an earlier state of the trajectory, while the nodes on the right side are more common at a later state. TACERA, Towards a Cure for Early Rheumatoid
Arthritis.
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Although independently analysed, the trajectories from Lei-
den and TACERA exhibited strong similarities as summarised
further.

Leiden-A, TACERA-A.1, and TACERA-A.2−high ESR clusters at
start and end (L6 to L5 to L2, and T6 to T5 to T2)

While patients following this trajectory could start in any dis-
ease state, it was most common for them to start in the active
disease state L/T6 or L/T5 with elevated ESR and active swollen
and tender joints and end up in the suboptimal disease state L/
T2. A small subset of patients reached the optimal final state (L/
T1), but most moved back to L/T2. Within TACERA, trajectory
A was subdivided into 2 similar trajectories marked by elevated
Table 2
Descriptive characteristics of Leiden patients and trajectories

Feature Leiden patients Leiden trajectory

No. of patients 1237 429
Visits 4 (2-5) 3 (2-5)
Female 797 (64.4) 309 (72.0)
Age (y), mean (SD) 59.8 (14.7) 63.01 (13.8)
Rheumatoid factor 570 (46.1) 217 (50.6)
aCCP 571 (46.2) 227 (52.9)
Seropositive 683 (55.2) 263 (61.3)
Baseline TJC28a 4 (2-8) 4 (2-7)
Baseline SJC28a 3 (1-7) 3 (1-6)
Baseline ESRa 28 (11-45) 43 (31-67)
Baseline DAS28(3) ESR, mean (SD) 4.27 (1.38) 4.71 (1.12)
Last visit TJC28a 1 (0-3) 2 (0-4)
Last visit SJC28a 0 (0-2) 1 (0-3)
Last visit ESRa 14 (6-29) 32 (19-45)
Last visit DAS28(3) ESR, mean (SD) 3.01 (1.29) 3.72 (1.15)
Symptom duration at baseline (d) 155 (62-548) 154 (62-730.0)
Time till first DMARD (d) 28 (14-105) 28 (14-120)
Prednisolone used ever (%) 72.8 77.2
Most prevalent first DMARD (%) MTX (80.0) MTX (81.0)
Remissionb (%) 56.9 25.4

aCCP, anticyclic citrullinated peptide; DAS(3), 3-component disease activit
matic drug; ESR, erythrocyte sedimentation rate; MTX, methotrexate; SJC, s
Values are median (IQR) or n (%) unless specified.

a Features included for clustering.
b Reached DAS28(3) ESR < 2.6 at some point in the trajectory.
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ESR, where patients in TACERA-A.1 have the worse outcome by
remaining in the modestly active disease T5, instead of moving
towards T2. Trajectory A was predominantly female. The preva-
lence of CCP and RF was higher than average in Leiden and
more evenly distributed in TACERA.
Leiden-B and TACERA-B−rapid progression from primarily joint
inflammation towards the ideal cluster (L1 and T1)

Patients can start from any cluster and reached L/T1 within a
year, either directly or via L/T4. Trajectory B had the most
marked DAS28 improvement. They were more frequently male
were younger. On average, it took patients in trajectory B
A Leiden trajectory B Leiden trajectory C Leiden trajectory D

357 254 197
4 (3-5) 4 (3-5) 3 (2-5)
214 (59.9) 155 (61.0) 119 (60.4)
56.03 (14.27) 58.76 (16.45) 61.1 (13.45)
162 (45.4) 123 (48.4) 68 (34.5)
160 (44.8) 130 (51.2) 54 (27.4)
195 (54.6) 145 (57.1) 80 (40.6)
3 (1-6) 3 (1-7) 9 (5-15)
2 (0-5) 2 (1-6) 7 (4-13)
14 (6-25) 19 (11-36) 19 (9-36)
3.61 (1.3) 3.94 (1.4) 4.89 (1.39)
1 (0-2) 1 (0-2) 4 (1-7)
0 (0-1) 1 (0-2) 3 (0-5)
6 (2-11) 11 (6-19) 9 (6-17)
2.13 (0.95) 2.76 (1.15) 3.37 (1.23)
180 (62-546) 233 (80-730) 115 (42-276)
28 (14-101) 28 (14-147) 28 (14-65)
65.5 74.6 78.3
MTX (82.5) MTX (80.6) MTX (78.6)
90.5 72.4 44.7

y score for the 28 joint scheme; DMARD, disease-modifying antirheu-
wollen joint count; TJC, tender joint count.
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208 days to reach low disease activity or remission, while start-
ing with an average of 3 tender and swollen joints at baseline.
Leiden-C and TACERA-C−transition through or ending at high
leucocyte state (L3 and T3)

Patients in trajectory C experience difficulty reaching cluster
L1 and may divert from L3 to L4, which can be considered a
worsening disease activity. Time between symptom onset and
the first visit was the longest for this group, while other aspects
of the data set were average. The main difference between tra-
jectory C and the optimal trajectory B was an increase in leuco-
cytes. Patients in trajectory C had the highest leucocyte count
before and after prednisone (Supplementary Fig S5).
Leiden-D and TACERA-D−poor prognosis (L7 to L4 and T7 to T4)
Trajectory D was the most severe trajectory, as patients do

not reach the optimal disease state L/T1 or even the low disease
states L/T2 and L/T3. Instead, they end up in an active disease
state of L/T4 with inflamed joints but low levels of blood inflam-
mation. Trajectory D had the worst baseline TJC and SJC. The
DAS decreased from 4.65 to 3.54 in Leiden and 5.75 to 4.60 in
TACERA, indicating a moderate disease activity state, over the
course of 1.5 years. The patients in this trajectory exhibited the
shortest symptom duration until their first visit to the clinic,
with an average of 101 days. Additionally, trajectory D exhib-
ited the lowest prevalence of seropositive patients. At the start,
patients in trajectory D were similar to those in trajectory B.

Most patients in the trajectories received DMARDs within the
first month, with a median time to DMARD of 15 (14-19) days.
In all trajectories, methotrexate (MTX) was the primary DMARD,
with only slight variations in average usage. In addition, com-
pared with the other trajectories, patients in trajectory B receive
least frequently prednisolone. A comparable proportion of
patients within the TACERA cohort receive MTX at baseline,
with the remainder receiving other conventional synthetic
Table 3
Descriptive characteristics of TACERA patients and trajectories

Feature TACERA
patients

TACERA
trajectory A_1

No. of patients 243 53
Visits 3 (2-4) 3 (2-4)
Female 177 (73.5) 36 (67.9)
Age (y), mean (SD) 53.4 (15.00) 60.23 (12.4)
Rheumatoid factor 223 (91.8) 47 (88.7)
aCCP 207 (85.5) 43 (81.1)
Seropositive 100 100
Baseline TJC28a 9 (4-14) 7 (3-13)
Baseline SJC28a 6 (3-10) 6 (3-10)
Baseline ESRa 27 (12-43) 40 (27-52)
Baseline DAS28(3) ESR, mean (SD) 5.18 (1.37) 5.2 (1.12)
Last visit TJC28a 2 (0-5) 1 (0-3)
Last visit SJC28a 1 (0-3) 1 (0-2)
Last visit ESRa 12 (6-24) 27 (17-33)
Last visit DAS28(3) ESR, mean (SD) 3.04 (1.36) 3.36 (0.91)
Symptom duration at
baseline (d)

137 (87-198) 119 (84-159)

Time till first DMARD (d) 0 (0-0) 0 (0-0)
Steroid used ever (%) 72.4 81.1
Remissionb (%) 38.4 20.8

aCCP, anticyclic citrullinated peptide; DAS(3), 3-component dise
modifying antirheumatic drug; ESR, erythrocyte sedimentation rat
Rheumatoid Arthritis; TJC is tender joint count.
Values are median (IQR) or n (%) unless specified.

a Features included for clustering.
b Reached DAS28(3) ESR < 2.6 at some point in the trajectory.
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DMARDs. However, TACERA patients were less likely than Lei-
den patients to receive steroids (triamcinolone or prednisone),
with the highest percentage being trajectory D.
Patient-reported outcomes differ between trajectories

The trajectories differed in both the disease states patients’
transition through as well as the final disease state. The question
arises whether the differences between the trajectories in sys-
temic or localised inflammation are clinically relevant, particu-
larly when the difference was driven by ESR or leucocytes and
not per se the joints. To analyse the differences in patient-per-
ceived progressions and correlation with trajectories, we exam-
ined the PROMs from the TACERA cohort, which were available
for 72.4% of the visits. Our findings showed that the trajectories
that do not lead to the optimal state (L/T1) also resulted in
worse outcomes in the PROMs (Fig 4). The disease progression
and activity described by DAS28 (A) and simplified disease
activity index (SDAI) (B) showed similar trajectories with the
SDAI being worse overall. In addition, in PROMs, trajectory B
was the most favourable trajectory. Here, patients start with
clear impairment and steadily improve over time as measured in
health assessment questionnaire (HAQ), fatigue, and global
assessment. Trajectory A_1 and A_2 (the trajectories character-
ised by increased ESR) have fairly good improvement in HAQ,
but their fatigue remains unchanged. Trajectory D, the poorest
trajectory with highly inflamed joints, starts with the poorest
HAQ, slightly improving in the first year, but returns to HAQ lev-
els similar to baseline. This trajectory differs significantly from B
(Supplementary Table S4). For the fatigue score, the plot lines
were stable, with only groups B and C demonstrating a distinct
downwards trend in the first 6 months. Surprisingly, trajectory
C returns to the initial values, while B continues to improve. For
both patient global assessment (PGA) and evaluator global
assessment (EGA), trajectory C showed a significantly different
TACERA
trajectory A_2

TACERA
trajectory B

TACERA
trajectory C

TACERA
trajectory D

37 62 50 41
3 (2-4) 4 (3-4) 3 (2-4) 3 (2-4)
30 (81.1) 45 (72.6) 32 (64.0) 34 (82.9)
53.41 (13.77) 49.58 (15.00) 50.48 (16.23) 51.24 (14.56)
34 (91.9) 58 (93.5) 48 (96.0) 36 (87.8)
30 (81.1) 53 (85.5) 45 (90.0) 37 (90.2)
100 100 100 100
8 (4-15) 9 (5.2-14) 6.5 (3-10) 13 (9-17)
7 (5-9) 6 (4-9.8) 4 (2-7) 8 (4-10)
26 (14-44) 17 (8-32) 15 (7-31) 30 (17-65)
5.02 (1.38) 5.11 (1.32) 4.17 (1.27) 5.75 (1)
0 (0-2) 1 (0-3) 1 (0-3.8) 8 (6-13)
0 (0-2) 0 (0-2) 0 (0-1.8) 4 (2-6)
21 (10-24) 7 (2-11) 6 (2.2-9.8) 16 (8-25)
2.93 (0.99) 2.40 (1.33) 2.30 (1.10) 4.60 (1.00)
138 (93-182) 146 (92-199) 153 (93-218) 173 (83-259)

0 (0-0) 0 (0-0) 0 (0-0) 0 (0-0)
64.9 72.6 68.0 73.2
32.4 62.9 62 0

ase activity score for the 28 joint scheme; DMARD, disease-
e; SJC, swollen joint count; TACERA, Towards a Cure for Early



Figure 4. Evolution of patient-reported outcomes over time. Trajectories A_1 and A_2 are characterised by elevated erythrocyte sedimentation rate
(ESR) levels, with A_1 associated with an unfavourable prognosis. Trajectory B represents the optimal outcome, while Trajectory C is categorised by
elevated leucocyte counts. Trajectory D represents the least favourable progression group. The graphs depict (A) disease activity score (DAS)28 ESR
trend, (B) simplified disease activity index (SDAI) trend, (C) the trend of health assessment questionnaire score, (D) fatigue reported by patients, (E)
disease activity experienced by patients; (F) disease activity assessed by the rheumatologist. VAS, visual analogue scale.
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path after 1 year compared with B. For trajectory D, only PGA
was significantly different.
Predicting trajectories based on baseline features

We built a classifier to predict patients’ trajectory using base-
line value of the features that were used for defining the disease
states. This model exhibited an overall accuracy of 60%. Particu-
larly trajectories A and B could be accurately predicted with a
sensitivity (recall) of 71% for both (Fig 5 and Supplementary
Table S3), while trajectory B was less precise with a precision of
0.52 vs 0.73 for trajectory A. The prediction of D and, to a lesser
extent C, at baseline had lower sensitivity rates (26% and 48%,
respectively), with D additionally not being precise (0.38) com-
pared with C (0.71). Patients who ultimately end up in trajec-
tory C or D were frequently labelled or predicted to follow
trajectory B or even A. Many patients at baseline exhibited char-
acteristics similar to those of patients following trajectory B.
Yet, they ultimately deviate towards the less favourable trajecto-
ries C and D. Similarly, approximately 15% of patients in differ-
ent trajectories have a similar baseline compared with those in
trajectory A. Women, older people, and people with anti-CCP
(aCCP) were more likely to end up in trajectory A than B (Sup-
plementary Fig S6). Age, sex, and aCCP improved the predictive
model, while MTX, time to DMARD, and symptom duration until
the first visit did not significantly improved the prediction of
any of the trajectories at baseline (Supplementary Tables S5 and
S6).
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Treatment persistence across trajectories

To understand treatment patterns across trajectories, we ana-
lysed both first and second DMARD survival (Fig 6). First
DMARD survival at 1.5 years varied significantly between trajec-
tories, with trajectory B showing the highest persistence (62%
remaining on initial DMARD) compared to trajectories A (54%;
P = .002), C (58%; P = .924), and D (47%; P = .001). Notably,
while trajectories B and C showed similar persistence
(P= .924), both demonstrated significantly better drug survival
than trajectory D (C vs D: P = .002) and trajectory A (C vs A:
P = .008). Trajectories A and D showed comparable persistence
rates (P= .278).

This pattern was largely maintained for second DMARD sur-
vival, where trajectory B again showed superior persistence
(68%) compared with trajectories A (58%; P < .001), C (60%;
P = .559), and D (51%; P = .003). Trajectory C maintained sig-
nificantly better persistence than both trajectories A (P = .009)
and D (P= .030), while trajectories A and D showed similar sur-
vival rates (P= .920).
DISCUSSION

Our findings confirm the existence of distinct disease trajec-
tories in early RA. We uncovered 4 RA trajectories: (A) elevated
ESR, (B) localised joint inflammation with favourable outcome,
(C) elevated leucocyte count, and (D) persistent localised joint
inflammation. These trajectories can be broadly categorised into
localised inflammation and systemic inflammation patterns,



Figure 5. The confusion matrix on the test set illustrates the predictive
accuracy of the trajectory based on the features used in the clustering
process at baseline. The predictions for A and B are generally accurate,
while those for C are less accurate and those for D are not predictable
based on the baseline characteristics and features (tender joint count 28,
swollen joint count 28, erythrocyte sedimentation rate, and other labo-
ratory values).
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with systemic inflammation generally associated with poorer
outcomes. The study’s strengths include a reasonable sample
size of patients with DMARD-naïve early RA, independent repli-
cation in a second data set, additional validation with PROMs,
and the use of widely available model parameters.

Replication was crucial to validate our unsupervised cluster-
ing and avoid detecting spurious patterns. Our replication data,
TACERA, differed by containing only seropositive patients ful-
filling RA classification criteria at baseline, resulting in a more
severe RA population. Applying the unsupervised clustering to
Figure 6. Kaplan−Meier curves for disease-modifying antirheumatic drug (
and (B) second DMARD survival over 500 days from first DMARD initiation. S
of patients at risk, censored cases, and events at 100-day intervals. Trajectory
trajectory D shows accelerated discontinuation rates.
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TACERA allowed for the potential discovery of entirely different
clusters. That we identified 7 of the 8 similar disease states and
all 4 trajectories strongly confirms the robustness and generalis-
ability of the identified structure.

Previous studies on RA trajectories focused on recovery speed
and identified factors like age, sex, and baseline ESR as influen-
tial [19]. Our findings provide more nuanced insights, revealing
elevated ESR vs joint inflammation as characteristics of distinct
patient subgroups. We observed both favourable and unfavoura-
ble trajectories within seropositive cohorts, and symptom dura-
tion varied among trajectories across data sets. These results
challenge established notions about predictive factors in RA out-
comes and offer a more detailed perspective on disease progres-
sion. The divergent disease states at 1.5 years highlight
potential areas for clinical improvement, with over 50% of
patients ending with elevated ESR or leucocytes. This co-occurs
with decreased Hb and elevated thrombocytes within the limits
of normal. This suboptimal outcome is mirrored in PROMs and
suggests that blood inflammation is not merely a bystander
effect.

While the distinction between systemic and localised inflam-
mation emerges as an overarching pattern, it represents a simpli-
fication of complex inflammatory processes that likely interact
and overlap. This framework, derived from unsupervised clus-
tering rather than imposed a priori hypothesis, provides a clini-
cally interpretable foundation for understanding disease
heterogeneity while acknowledging that the underlying biology
is more nuanced.

The different patterns observed in the various trajectories
may indicate the existence of multiple RA subtypes. Further
studies are required to substantiate this hypothesis. The main
disease states, trajectories A and B, show a consistent difference
in having either predominantly elevated ESR or joint inflamma-
tion. Women, older people, and people with aCCP were more
likely to end up in trajectory A than those in B. Possibly, the A
subtype is more B cell driven, while the B subtype is more driven
by innate immunity. This is supported by the higher prevalence
DMARD) survival across disease trajectories. (A) First DMARD survival
haded areas represent 95% CIs. Tables below each plot show the number
B shows superior drug survival for both first and second DMARDs, while
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of seropositivity within the A subtype. Although we have named
the inflammation in trajectory A systemic inflammation, it is
possible that the elevated ESR is an inflammation from else-
where in the body, for instance in the lungs or gums, both of
which are known to be correlated to aCCP-positive disease
[20,21].

The leucocytosis in trajectory C suggests an IL-8−driven sub-
type. We cannot definitively conclude that trajectory C is not
caused by prednisone prescriptions, as we lack data on predni-
sone use before baseline, although our analyses show high leu-
cocytes in trajectory C patients with and without prednisone.

Trajectory D resembles the pauci-immune or fibroid subtypes
described in recent biopsy studies [22,23]. Patients in trajectory
D show low ESR, high SJC and TJC early in the disease, low
seropositivity, poor treatment response, and a discrepancy
between PROMs and physician global assessment. Despite dif-
ferences in study populations, these features align with sugges-
tions of aCCP-negative RA being more pauci-immune [24,25].
In the seropositive TACERA cohort, trajectory D patients still
display these features, suggesting that also within this group, a
pauci-immune-like subset might exist. Further study to the 54%
patients from trajectory D, who at start resemble the more
favourable outcome group of trajectory B, might underpin
important treatment opportunities for this difficult-to-treat
group.

By excluding previously established predictors (age, sex, and
seropositivity) from our clustering algorithm, we could indepen-
dently validate their relationship with the identified trajectories.
Analysing how established predictors like RF status and sex
related to our identified trajectories, provided valuable valida-
tion of our approach. For example, we found that women and
seropositive patients were indeed more likely to follow trajec-
tory A, confirming the relevance of these factors, while demon-
strating that they emerge naturally from inflammation-based
clustering. Importantly, our analysis also revealed that tradi-
tional subset markers may be imperfect proxies for underlying
disease patterns, as we observed women and seropositive
patients across all trajectories. This suggests that our inflamma-
tion-based clustering approach might capture more fundamental
disease mechanisms that are only partially reflected by conven-
tional patient characteristics. This observation aligns with the
growing recognition that RA is a heterogeneous disease with
complex pathophysiological patterns that may not perfectly
align with traditional patient subsets. Finally, finding the same
clusters within the completely seropositive replication data set
of TACERA, confirms our choice of not including serology.

The differential patterns of DMARD survival across trajecto-
ries provide additional validation of our clustering approach.
The poor DMARD survival in trajectory D aligns with its overall
worse outcomes, while the superior persistence in trajectory B
supports its identification as a favourable disease course. Nota-
bly, the consistency of these patterns across both first and sec-
ond DMARDs suggests these trajectories represent fundamental
disease characteristics rather than simply treatment response
categories. The similar DMARD survival between trajectories A
and D, despite their different inflammatory patterns (systemic
vs local), suggests that both forms of persistent inflammation
may similarly impact treatment durability. These findings sug-
gest that early trajectory identification might help inform
expectations about treatment durability and could guide deci-
sions about treatment intensity.

Our study has several limitations. First, trajectories may be
influenced by deviations from treatment guidelines, leading to
indication bias, especially for patients resembling trajectory A
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or B but later shifting to C or D. However, 48% and 26% of
patients were correctly predicted to follow trajectories C and D
at baseline, respectively. While these findings enhance our
understanding of disease patterns, the prediction model’s clini-
cal utility is limited when using only baseline features. Optimis-
ing the algorithm for practical implementation remains a goal
for future research beyond this study’s scope. Another possible
limitation is phenotypical misclassification, such as by relying
on rheumatologists’ diagnoses in the Leiden data. Despite this,
the same trajectories were observed in TACERA, where all
patients met RA criteria at baseline.

The third key principle of the feature selection was to exclude
medications from the clustering algorithm, with the aim of
avoiding the creation of clusters that primarily reflect treatment
decisions rather than underlying disease phenotypes. The incor-
poration of medication data has the potential to introduce bias
from unknown factors influencing prescription patterns and
treatment alterations over time. The approach adopted in this
study separates phenotype identification from treatment varia-
bles, enabling subsequent analysis of differential treatment
responses across the identified clusters. This, in turn, has the
potential to reveal how distinct patient subgroups respond to
various interventions. This methodologic decision is one of the
cornerstones of the development of more targeted, personalised
treatment strategies based on objectively defined disease pheno-
types.

There are missing disease states between patients’ first visits
and the 1.5-year cutoff, which may result in an incomplete or
incorrect trajectory. The methodology used partly overcomes
this problem. The sequence similarity approach inherently
accommodates temporal irregularities by focusing on the pat-
tern of disease states rather than the precise timing of transi-
tions. This results in the possibility that while patients might
have a missing visit, the sequence is still similar in the compari-
son made.

The unsupervised clustering design could present a limita-
tion. More than 4 trajectories may exist, as clustering depends
on the number of clusters chosen. In the Leiden data, 8 disease
states and 4 trajectories were optimal, and the TACERA analysis
was aligned to maintain comparability. Forcing 8 clusters in
TACERA resulted in a new cluster, T9, likely a mix of disease
states L4 and L7. This suggests that with more extensive data,
additional trajectories could emerge, as seen with substantial
overlap in trajectory C with trajectories A and B. Trajectory C
might even be subdivided further.

In conclusion, our study identified the existence of 4 distinct
disease trajectories in early RA, categorised into patterns of
localised and systemic inflammation. These trajectories were
replicated, demonstrating the robustness of our findings. The
results provide a more nuanced understanding of RA progres-
sion, challenging traditional predictors and suggesting the pres-
ence of multiple RA subtypes. While systemic inflammation was
associated with poorer outcomes, localised inflammation also
presented challenges, particularly in trajectory D, which may
align with the pauci-immune subtype. Future studies should
explore further subdivision of trajectories and potential treat-
ment strategies for difficult-to-treat subgroups, particularly
those transitioning from more favourable to less favourable
outcomes.
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