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Latent Class Trajectory Modeling of 2-Component Disease
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Objective. To determine whether using a reweighted disease activity score that better reflects joint synovitis, i.e.,
the 2-component Disease Activity Score in 28 joints (DAS28) (based on swollen joint count and C-reactive protein
level), produces more clinically relevant treatment outcome trajectories compared to the standard 4-component
DAS28.

Methods. Latent class mixed modeling of response to biologic treatment was applied to 2,991 rheumatoid arthritis
(RA) patients in whom treatment with a biologic disease-modifying antirheumatic drug was being initiated within
the Biologics in Rheumatoid Arthritis Genetics and Genomics Study Syndicate cohort, using both 4-component
and 2-component DAS28 scores as outcome measures. Patient groups with similar trajectories were compared in
terms of pretreatment baseline characteristics (including disability and comorbidities) and follow-up characteristics
(including antidrug antibody events, adherence to treatments, and blood drug levels). We compared the trajectories
obtained using the 4- and 2-component scores to determine which characteristics were better captured by each.

Results. Using the 4-component DAS28, we identified 3 trajectory groups, which is consistent with previous
findings. We showed that the 4-component DAS28 captures information relating to depression. Using the 2-component
DAS28, 7 trajectory groups were identified; among them, distinct groups of nonresponders had a higher incidence of
respiratory comorbidities and a higher proportion of antidrug antibody events. We also identified a group of patients
for whom the 2-component DAS28 scores remained relatively low; this group included a high percentage of patients
who were nonadherent to treatment. This highlights the utility of both the 4- and 2-component DAS28 for monitoring
different components of disease activity.

Conclusion. Here we show that the 2-component modified DAS28 defines important biologic and clinical
phenotypes associated with treatment outcome in RA and characterizes important underlying response mechanisms

to biologic drugs.
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INTRODUCTION

Complexity and variability of patient trajectories in response
to treatment pose significant challenges in many medical fields
(1-4). A current focus of medical research is facilitating a shift
away from a “one-size-fits-all” approach to precision medicine
approaches aimed at identifying narrower patient subgroups that
would benefit from tailored interventions. However, the high vari-
ability in response to therapeutic agents over time makes predic-
tion of response challenging (5-7).

Among subgroup discovery approaches using longitudinal
data, latent class mixed modeling (LCMM) is gaining increasing
popularity for identifying homogeneous subgroups (8-12). LCMM
has been applied to study disease progression and response to
treatments in psychiatry, nephropathy, neurology (13-15), and
early arthritis (16). In rheumatoid arthritis (RA), LCMM has been
used to identify trajectories of disability progression following
diagnosis of RA (17). Outcome measures in previous studies have
included the Disease Activity Score in 28 joints (DAS28) (18-21)
for treat-to-target strategies (19), response to biologic agents (20),
and prediction of remission in patients treated with disease modi-
fying antirheumatic drugs (DMARDs) (21). All of these studies used
the 4-component DAS28 and identified 3 broad trajectories.

[t has previously been demonstrated that the 4-component
DAS28 correlates poorly with synovitis (22). Given that the drugs
used to treat RA aim to reduce synovial inflammation and prevent
joint damage, it is unclear how useful the 4-component DAS28
trajectories will be as outcome measures for precision medicine
studies, which aim to identify biomarkers that are predictive of
therapeutic response. To address this, a revised composite dis-
ease activity score, including only the swollen joint count (SJC)
and C-reactive protein (CRP) levels (2-component DAS28), has
been developed and shown to better correlate with ultrasound-
detected synovial inflammation compared to the original
4-component activity score (22).

We undertook this study to apply the LCMM approach in
a prospective, longitudinal cohort of patients beginning biologic
DMARD treatment. We used the original 4-component DAS28
and 2-component DAS28 in order to assess whether the iden-
tified trajectory groups have clinical relevance, by exploring their
association with comorbidities, treatment adherence, and drug
immunogenicity, all of which have previously been reported to be
associated with biologic DMARD treatment response (23,24).

PATIENTS AND METHODS

Study patients. We used longitudinal data (November
2008-January 2018) from patients recruited into the Biologics
in Rheumatoid Arthritis Genetics and Genomics Study Syndi-
cate (BRAGGSS), an observational multicenter study in the UK
established to study predictors of treatment response to biologic
DMARDs (25). Consenting participants were eligible if they had a

consultant diagnosis of RA, were >18 years old, and were about
to initiate treatment with biologic DMARDs, namely tumor necro-
sis factor (TNF), B cell inhibitor (anti-CD20), interleukin-6 receptor
(IL-8R), or T cell inhibitor (CTLA-4). Information regarding the com-
bination with conventional DMARDs, e.g., methotrexate (MTX),
was recorded. During the observational study, biologic DMARD
therapy was suspended, changed, or restarted in a minority of
patients. These patients were included in the analyses, and infor-
mation about previous treatment with biologic DMARDs was
recorded. Following the pretreatment baseline sample and data
collection, patients were observed for 12 months, with follow-up
visits at 3, 6, and 12 months. Participating patients provided writ-
ten informed consent, and the BRAGGSS study was approved by
the local ethics committee (COREC 04/Q1403/37).

The primary outcome measure to model response trajecto-
ries was the disease activity score based on the 2-component
DAS28, computed as

sart (SJC) + (0.6*IN[CRP+1]).

Four-component DAS28 score and response criteria were
calculated according to standard methodology (26). Variables
recorded at baseline included age, sex, time since diagnosis,
body mass index (BMI), smoking status (if the patient had ever
smoked), functional severity measured by the Health Assessment
Questionnaire (HAQ) (27), and consultant-reported comorbidities.
DAS28 components (tender joint count [TJC], SJC, patient global
assessment of well-being measured on a 100-mm visual analog
scale [VAS], serum CRP level) were measured at baseline (i.e.,
before commencing any biologic DMARD treatment) and at each
follow-up visit. For patients treated with TNF inhibitors, antidrug
antibodies and serum drug levels were measured in serum sam-
ples collected at follow-up visits.

We included patients with >1 score from the 2-component
DAS28 after baseline, including all measurements until the last regis-
tered follow-up. Unlike previous studies (28,29), we did not exclude
patients on the basis of the number of scores, in order to avoid possi-
ble selection biases, and we also included patients who had received
biologic treatment in the past. Data on patients who switched biologic
DMARDs were right-censored when the change occurred. Missing
data arose from noncompletion of responses to questions on demo-
graphic characteristics and missing HAQ scores. Due to the nature
of the variables, we assumed they were missing at random. As in
previous studies (30,31), we compared different imputation strate-
gies (see Supplementary Methods, on the Arthritis & Rheunatology
website at http://onlinelibrary.wiley.com/doi/10.1002/art.41379/
abstract) and implemented the method with the best performance.
Data were imputed with a random forest approach, with 100 trees
and a maximum of 100 iterations.

LCMM. We applied LCMM to identify patient subgroups with
distinct responses to biologic DMARDs over time. Previous strat-
ification studies in RA using LCMM focused on the 4-component
DAS28 as the measure of disease activity and response to
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biologic treatment (18-21); those analyses identified 3 groups of
responders: rapid, gradual, and inadequate. In the present study,
we specified 2 linear mixed-effects models: the 4-component
DAS28 used in previous studies and the 2-component DAS28
used here as the dependent variable.

Mixed effects were used to account for the likely correlation
of repeated measurements and included a random intercept for
each individual. We fitted the model through the “lcmm” function of
the R package lcmm (32). We followed the framework described
by Lennon et al (33) that includes scoping model definition, refine-
ment of the number of classes and model structure, model ade-
quacy assessment and clinical plausibility, graphic presentations,
and sensitivity analysis (Supplementary Methods, http://online
library.wiley.com/doi/10.1002/art.41379/abstract).

Models were adjusted for age, time since diagnosis, sex, BMI,
HAQ score, biologic DMARD therapy, concomitant treatment with
MTX, and previous treatment with biologic drugs. We developed
scoping models for 1-10 classes to determine the optimal num-
ber of classes based on the Bayesian information criterion (BIC)
and further refined the models comparing linear, quadratic, and
cubic specifications of time (Supplementary Methods, http://online
library.wiley.com/doi/10.1002/art.41379/abstract).

To evaluate whether results were driven by differential relative
effectiveness of therapies, in sensitivity analyses we repeated the
analysis in patients treated with TNF inhibitors only and in those
treated with any biologic DMARD in combination with MTX, com-
paring the discovered latent classes in terms of baseline charac-
teristics and response variables.

Statistical analysis and comparison of latent classes.
Discovered latent classes were described and compared in terms
of clinical characteristics, comorbidities, adherence to treatment,
antidrug antibody positivity, and non-trough blood drug levels.

Treatment response variation in individual patients. To
describe variation in treatment responses in each patient over
time, we computed slopes as the difference between consec-
utive measurements divided by the time between the measure-
ments (Supplementary Methods, http://onlinelibrary.wiley.com/
doi/10.1002/art.41379/abstract). Higher slope values indicate
deterioration of a patient’s condition, while negative values in-
dicate improvements. Time to nonresponse was defined as a
switch from a negative to a positive value of the slope (i.e., when
the slopes start to increase). Intercept values and slopes were
compared between classes using analysis of variance (ANOVA).
Time to nonresponse was compared among nonresponders us-
ing Kaplan-Meier curves.

Demographic and clinical characteristics. Clinical char-
acteristics were compared among latent classes. Categorical
characteristics (sex, pretreatment smoking status, MTX cother-
apy, and switch of biologic DMARDs) were compared using
chi-square tests followed by Bonferroni-Holm correction, while
continuous variables (age, disease duration, HAQ score, BMI,

and DAS28 score) were compared using ANOVA with Tukey’s
post hoc test.

Association of latent classes with comorbidities and therapy
(TNF inhibitor, B cellinhibitor, IL-6R inhibitor, and T cell inhibitor) was
explored using logistic regression, where the latent class assign-
ment was the regression predictor, and least squares means was
used for multiple comparisons with Tukey’s adjustment (from the
R Ismeans package [34]). The effect of respiratory comorbidities
on latent classes was assessed by stratified analyses in smokers
(current or past) and nonsmokers (never).

Treatment adherence, drug levels, and antidrug antibody
positivity. We examined the associations of latent class subgroup
with treatment adherence, drug levels, and antidrug antibody
positivity. Drug level and antidrug antibody values have previously
been shown to be associated with response to biologic DMARDs
(24). Self-reported adherence was recorded at 3 and 6 months
following the start of therapy (35); adherent patients were defined
as those who took the dose on the day agreed upon by their
health care team or <1 day before or after, while nonadherent pa-
tients were defined as those who self-reported either missing the
dose completely or taking it >1 day before or after the agreed day.

The correlation between drug levels and latent classes was
investigated in terms of patient-level relative change at the next fol-
low-up visit. We created matched samples with propensity scoring,
including BMI (36), age, and sex as potential confounders without
interactions and drug level changes (increasing or decreasing levels)
as a binary outcome measure. Chi-square tests were then applied
1o assess differences in drug level changes among latent classes.

To evaluate antidrug antibody development, we used a
threshold of 12 arbitrary/ml as a positive event (24). Heterogenei-
ties of latent classes across the total cohort and the subset with
antidrug antibody information were determined by Cochran’s Q
statistic. Antidrug antibody development events were compared
in latent classes using Kaplan-Meier curves and Cox proportional
hazards regression models, with adjustment for age, sex, BMI,
and concomitant treatment with MTX.

Analyses were computed using R, version 3.2.3. Data are
presented as the main effect with 95% confidence intervals (95%
Cls), and the 5% significance level was used for main inferences.

RESULTS

Patient characteristics. Our data set included 2,991
patients with 7,567 DAS28 measurements after baseline, exclud-
ing the baseline measure. In the 12-month observation period
from baseline, patients had 1-3 follow-up visits: 1,647 patients
(65.07%) had 1 follow-up visit, 661 (22.10%) had 2 follow-up vis-
its, and 683 (22.84%) had 3 follow-up visits. The first follow-up
visit took place a mean + SD of 124 + 51 days after baseline, the
second 217 + 51 days after baseline, and the third 365 + 50 days
after baseline. Table 1 presents baseline characteristics, including

percentages of missing data.
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Table 1. Baseline characteristics of the cohort (n = 2,991)*

Age, years 62.18 £ 12.46
Time from diagnosis, years 10.46 +£9.75
Height, cm 164.49 +11.83
Weight, kg 79.24 £ 19.81
HAQ score 1.72+0.60
Male sex, no. (%) 710 (23.74)
Ever-smoker, no. (%) 1,868 (73.00)
2-component DAS28 score 4.25+119
4-component DAS28 score 5.65+0.96

TJC 14.56 +7.26

SJC 8.35+5.35

VAS score 72.01 +£19.49

CRP, mg/liter 20.49 + 2910
Treatment regimen

Biologic and nonbiologic DMARDs, no. (%) 559 (18.69)

Biologic and nonbiologic DMARDs (including 1,878 (62.79)

MTX), no. (%)

Only bioclogic DMARDs, no. (%) 554 (18.52)
Previous treatment with biologics, no. (%) 673(22.5)
Type of biologic

TNF inhibitor, no. (%) 2,151 (71.92)

Adalimumab, no. 664
Certolizumab, no. 373
Etanercept, no. 904
Other, no. 210

B cell inhibitor, no. (%) 436 (14.58)

IL-6R inhibitor, no. (%) 278 (9.29)

T cell inhibitor, no. (%) 123 (4.11)

Other, no. (%) 3(0.10)

* Except where indicated otherwise, values are the mean + SD.
Data were missing for the following number of patients in
specified categories: age (n = 12), time from diagnosis (n = 157),
height (n = 589), weight (n = 197), Health Assessment Questionnaire
(HAQ) score (n =475), and smoking status (n = 432). DAS28 = Disease
Activity Score in 28 joints; TJC = tender joint count; SJC = swollen joint
count; VAS = visual analog scale; CRP = C-reactive protein; DMARD =
disease-modifying antirheumatic drug; MTX = methotrexate; TNF =
tumor necrosis factor; IL-6R = interleukin-6 receptor.

Four-component DAS28 trajectories and comparisons
to previous studies. We reproduced a 3-trajectory model using
the 4-component DAS28, with 3 classes producing the lowest
BIC and highest assignment posterior probability compared
to models with a range of 1-10 classes (Supplementary Figure
18 and Supplementary Table 13, http://onlinelibrary.wiley.com/
doi/10.1002/art.41379/abstract).

Although inclusion criteria of previous studies were different
(19,21) and the mean 4-component DAS28 score at baseline was
higher (20), response patterns in the present study were quali-
tatively comparable. We identified the following groups: a rapid
responder group (N = 2,004 [67.00%)]) with quick improvement
in the first observation period followed by stabilization or slight
increases in disease activity, a gradual responder group (n = 919
[30.73%]) with slower but consistent decrease in disease activ-
ity, and a poor responder group (n = 68 [2.27%)]) (Supplementary
Figure 19 and Supplementary Table 14, http://onlineliorary.wiley.
com/doi/10.1002/art.41379/abstract).

These 4-component DAS28 classes were compared to
response patterns and classifications based on European League

Against Rheumatism (EULAR) response criteria for RA (37) at dif-
ferent time points. As expected, grouping by LCMM and EULAR
criteria revealed proportional differences, with the majority of
patients in the 3 LCMM classes grouped as either nonrespond-
ers or intermediate responders according to the EULAR criteria.
The comparison of EULAR response classes between the latent
classes confirmed the following findings: EULAR nonresponse
was reached by the majority of LCMM poor responders by the
third follow-up; LCMM gradual responders had a high percentage
of EULAR moderate responders, with >50% of the population
being classified as moderate responders by the third follow-up;
the majority of LCMM rapid responders were classified as EULAR
good responders by the third follow-up (Supplementary Methods,
Supplementary Table 15, and Supplementary Figure 20, http://
onlinelibrary.wiley.com/doi/10.1002/art.41379/abstract).

Comparisons between the latent trajectory groups defined
using the 4-component DAS28 identified differences related to
depression, extracted from reported comorbidities, with border-
line statistical evidence for higher rates in gradual responders
compared to rapid responders (398 of 2,004 rapid responders
[19.9%] and 214 of 919 gradual responders [23.3%]; odds ratio
[OR] 1.22, risk ratio 1.05, P = 0.07) (Supplementary Figure 21 and
Supplementary Table 16, http://onlinelibrary.wiley.com/doi/10.
1002/art.41379/abstract).

We found no significant correlation between drug level var-
iation and response trajectories using the 4-component DAS28
(P = 0.40). Data on antidrug antibodies were available for 475
patients receiving adalimumab or certolizumab, whose disease
activity classes distributed in a similar manner to that of the whole
cohort (Supplementary Table 12, http://onlinelibrary.wiley.com/
doi/10.1002/art.41379/abstract). Antidrug antibody positivity was
higher in gradual responders compared to rapid responders
(B=1.79[95% ClI 1.30-2.46], P = 0.001) (Supplementary Figures
23 and 24, http://onlinelibrary.wiley.com/doi/10.1002/art.41379/
abstract).

Seven response trajectory groups identified by
2-component DAS 28 latent class analysis. Two-component
DAS28-based LCMM analysis identified 7 trajectories, which
were arbitrarily labeled according to the score at pretreatment and
change in score over time (Supplementary Methods, http://online
library.wiley.com/doi/10.1002/art.41379/abstract). These trajec-
tory groups included the following: 2 groups of good responders,
2 groups of gradual responders, 2 groups of secondary nonre-
sponders, and 1 group of low disease activity (Figure 1). Individual
DAS28 component trajectories in the discovered latent classes
are shown in Supplementary Figure 12 (http://onlinelibrary.wiley.
com/doi/10.1002/art.41379/abstract).

Good responders demonstrated fast improvement in disease
activity in the first 3 months, followed by maintenance of good
response (Figure 1). The first group of good responders (n = 395
[18.2%]) and the second group (n = 1,840 [61.5%)]) differed
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Figure 1. Latent class mixed modeling trajectories. A, Two-component Disease Activity Score in 28 joints (2C-DAS28)-based trajectories,

with 95% confidence intervals, in patients in each discovered latent class, determined using the loess method. B, Individual patient trajectories

in each identified latent class.

significantly in baseline score for the 2-component DAS28, with the
first group showing higher values (mean + SD 5.85 + 0.57) compared
to the second group (mean + SD 3.94 + 0.79) (P < 2.2 x 107°).

Tender Joint Swollen Joint

300

0 100 200 300 400 0 100 200
time(days) time(days)

Gradual responders demonstrated a continuous but gradual
reduction in disease activity (Figure 1). These 2 groups also had
significantly different baseline scores for the 2-component DAS28,

Serum CRP Visual Analogue Scale

0 100 300 400 0 100 300 400

200 200
time(days) time(days)

[ 100 300 460 [ 100

200 200
time(days) time(days)

0 100 200 300 460 0 100 200
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Figure 2. Four-component Disease Activity Score in 28 joints (DAS28) in 3 subgroups. Four-component DAS28 scores in the secondary
nonresponders groups (A) and the low activity disease group (B) with 95% confidence intervals are shown. Score curves were determined
using the loess method. In early secondary nonresponders (red), both swollen joint count (SJC) and C-reactive protein (CRP) levels followed the
same pattern detected with the 2-component DAS28. In late secondary nonresponders (orange), the nonresponse pattern was mainly driven
by the SUC component, while the CRP pattern was mainly flat. The trajectories of the low activity disease group (yellow) showed high tender
joint counts and visual analog scale scores, and the disease activity was mainly driven by these 2 components.
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with the first group (n = 65 [2.2%)]) having higher scores (mean + SD
6.33 = 0.79) than the second group (n = 506 [16.9%]; mean + SD
4.24 +0.85) (P <22 x1079).

Secondary nonresponders showed a fast improvement in
disease activity scores followed by rapid deterioration (Figure 1).
This class encompassed 2 subgroups: early secondary non-
responders (N = 33 [1.1%]) and late secondary nonresponders
(n = 64 [2.1%)]). Early nonresponders had significantly faster
slopes of deterioration (difference 0.072, lower limit 0.001, upper
limit 0.144; P = 0.044) compared to late nonresponders.

Patients in the low disease activity group (n = 88 [2.9%))
demonstrated the lowest DAS28 scores at baseline (mean = SD
2.24 +1.09), which increased modestly during follow-up (Figure 1).
Initial levels of disease activity measured using the 4-component
DAS28 were driven by TJC and VAS score, while SJC and CRP
level showed a consistent increase in the follow-up period (Figure 2).

Latent classes were described in terms of slopes (Supple-
mentary Figure 10 and Supplementary Table 6, http://onlinelibrary.
wiley.com/doi/10.1002/art.41379/abstract). When we com-
pared the 2 subgroups of secondary responders in terms of
2-component DAS28 score slopes and time to nonresponse, we
found that early secondary nonresponders lost response signif-
icantly earlier (mean + SD 212 + 28 days after the baseline visit)
than late secondary nonresponders (mean + SD 265 + 73 days)
(P = 0.005) (Supplementary Figure 11, http://onlinelibrary.wiley.
com/doi/10.1002/art.41379/abstract).

Patients in the low disease activity group showed modest
improvements in TJC and VAS score during the observation
period but demonstrated deterioration in SJC and CRP level
(Figure 2). The majority of patients in the low disease activ-
ity group were classified as nonresponders (79% by 6 months)
using the 4-component DAS28—-derived EULAR response criteria
(Supplementary Tables 8 and 9, http://onlinelibrary.wiley.com/
doi/10.1002/art.41379/abstract). Importantly, the low disease
activity group included the highest proportion of patients who had
received other biologic DMARD treatments in the past (36.36%).

Late Secondary
Non-Responders
Early Secondary
Non-Responders

Gradual
Responders 2

Gradual 0%
Responders 1

Good
Responders 2

Good -
Responders 1 .

Sensitivity analyses showed that in TNF inhibitor-treated
patients (N = 2,151), the best model identified 6 classes, with
an absence of the gradual responder class with low initial
2-component DAS28 score (Supplementary Figure 7, http://online
library.wiley.com/doi/10.1002/art.41379/abstract). In patients
treated concomitantly with TNF inhibitors and MTX (n = 1,878),
the best fitted model included 7 classes, with trajectories compa-
rable to those in the whole-cohort model (Supplementary Figure 4,
http://onlinelibrary.wiley.com/doi/10.1002/art.41379/abstract).

Two-component DAS28 response trajectories are
associated with different baseline characteristics. LCMM
analysis revealed significant differences among classes in time from
diagnosis, HAQ scores, and number of comorbidities. Basic sta-
tistics and P values are reported in Table 2. Further details can be
found in the Baseline Characteristics section of the Supplementary
Methods (http://onlinelibrary.wiley.com/doi/10.1002/art.41379/
abstract).

Figure 3 illustrates comorbidity prevalence in LCMM classes.
Early secondary nonresponders had a higher prevalence of
chronic bronchitis/emphysema compared to good responders
(good responders group 1 OR 5.38, P = 0.005; group 2 OR 5.85;
P = 0.005) and gradual responders (gradual responders group 2
OR 5.54, P =0.003). The stratified analysis of correlation between
being an early secondary nonresponder and having chronic bron-
chitis’emphysema showed significant effects in ever-smokers (OR
2.49 [95%Cl 1.14-5.42]) and never-smokers (OR 4.87 [95% Cl
1.06-22.32)). Low disease activity patients had a higher preva-
lence of asthma compared to good responders (good responder
group 1, OR 2.53 P = 0.029).

Two-component DAS28 response trajectories are
associated with adherence, drug levels, and antidrug
antibodies. Self-reported adherence measures, collected at
follow-up visits, were available for 1,528 patients (51%). Two-
component DAS28 slopes decreased more quickly in adherent

Figure 3. Comorbidity prevalence in the latent class mixed modeling subgroups. The width of the columns indicates the prevalence of each

comorbidity across the whole population.

35U90 17 SUOWILIOD SAITESID 3|qedl|dde 3Ly AQ pauenoB aJe SaPILe YO 88N J0 S3|NJ Joj AfIq1T BUIIUO /S| 1A UO (SUOTIPUOD-PLE-SWLBIWID™A8 | M AfeIq 1 jPu 1 UO//SANL) SUONIPUOD PUe SLB | 31 39S *[20Z/0T/TT] uo AiqiTauliuo A|IM ‘0 A Ia 1pms 116ea AisieAun Ag 6/€TY 1e/Z00T OT/I0p/L0Y A8 IM Akl IBUIIUO'S [eLNo [10e//Sahy Woj papeo|umoq ‘0T ‘0202 ‘S02S9ZET


http://onlinelibrary.wiley.com/doi/10.1002/art.41379/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41379/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41379/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41379/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41379/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41379/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41379/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41379/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41379/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41379/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41379/abstract

BIOLOGIC DMARD TREATMENT OUTCOMES WITH 2-COMPONENT DAS28

1639

patients (mean + SD -0.00128 + 0.0581) than in nonadherent
patients (mean + SD —-0.0120 + 0.103; P = 0.002). Adherence
patterns indicated that the low disease activity group, which were
identified using only the 2-component DAS28, were the least
adherent group (Supplementary Figure 16, http://onlineliorary.
wiley.com/doi/10.1002/art.41379/abstract).

Differences in adherence were confirmed by blood drug level
changes (Supplementary Figure 17 and Supplementary Table 11,
http://onlinelibrary.wiley.com/doi/10.1002/art.41379/abstract).
Significant correlations between drug level changes at the sec-
ond follow-up visit and 2-component DAS28 response trajecto-
ries were observed in the matched data set (n = 524 subjects)
(P =0.03).

The highest proportion of antidrug antibody—positive patients
was observed in the early secondary nonresponders, but high

antidrug antibody titers were also observed in gradual responders
(Figure 4A). Cox regression models, which included the effect of
MTX co-reatment, revealed different risks for antidrug antibodies
(B=6.06[95% Cl 2.57-14.27], P = 3.71 x 107 for late secondary
nonresponders compared to good responders group 1; B =1.79
[95% CI 1.00-3.22], P = 0.018 for gradual responders group 2
compared to good responders group 1) (Figure 4B).

DISCUSSION

In the present study, we determined that using the
2-component DAS28 score as an outcome measure revealed
more subgroups of patients compared to the 4-component
DAS28, and the trajectories identified were clinically meaning-
ful. While the 4-component DAS28 remains an essential tool to

A ~ Good Responders 1 -~ Gradual Responders 1 -+~ Early Secondary Non Responders Low Disease Activity
" Good Responders 2 ™+~ Gradual Responders 2 ¥ Late Secondary Non Responders
1.00
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£
a
©
2
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5050
®
2
2
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@
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0.00
0 100 200 300 400
Time
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Figure 4. Antidrug antibody positivity. A, Kaplan-Meier curves of antidrug antibody positivity in latent class mixed modeling (LCMM)
subgroups. Data from follow-up visits were censored at the last registered visit. B, Cox regression model for antidrug antibody positivity. Values
in parentheses (depicted by bars) are the 95% confidence intervals. BMI = body mass index; Mtrx = methotrexate; AIC = Akaike’s information

criterion.
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assess RA progression in clinical practice, the 3 trajectories iden-
tified, which can be also interpreted in terms of EULAR response
criteria, may not provide sufficient granularity to help elucidate
important biologic mechanisms involved in inflammation.

Strengths of this study include the fact that it is the first and
largest study, based on real-world patients, to explore patient-
centered factors for trajectories of drug response and that the
response trajectories based on the 2-component DAS28 were
identified using a structured methodologic framework (33). In
addition, all classes of licensed biologic DMARD treatment regi-
mens were considered and included in longitudinal data models,
and the clinical relevance of the identified subgroups was com-
pared using outcomes relevant to patients.

We found that the 7 subgroups demonstrated differing
degrees of treatment response, mean patterns of change in dis-
ease activity, and clinical characteristics. For example, drug levels
were better tracked using the 7 trajectories from the 2-component
DAS28 than the 3 trajectories from the 4-component DAS28.
Furthermore, antidrug antibody positivity was enriched in 2 of the
nonresponder groups using the 2-component disease activity
score, indicating that these trajectories are biologically relevant
and more informative than those identified using the 4-component
score.

Another potentially clinically useful subgroup identified using
the 2-component DAS28 was the low disease activity group, in
which conventional DAS28 scores were driven by the TJC and
VAS. This group was less likely to respond to treatment (79%
classified as EULAR nonresponders by 6 months) and less likely
to adhere to treatment. It is also interesting to note that previous
nonadherence, together with an increased resistance to ther-
apy, might be related to a higher proportion of patients receiving
previous biologic DMARD treatment (nearly 37% in the low dis-
ease activity group). Use of biologic drugs in this subgroup was
unlikely to be clinically efficacious or cost-effective, and biomark-
ers to identify such patients would be useful.

While the 4-component DAS28 is an important holistic
assessment that better captures depression, the 2-component
DAS28 appears better able to capture biologic comorbidities,
especially respiratory phenotypes. As previously demonstrated
(23), antidrug antibody concentrations and treatment adherence
remained the most important predictors of drug levels over time.
The 2-component trajectories capture these characteristics and
confirm previous findings that drug levels, treatment adherence,
and antidrug antibody positivity correlate with the speed and sus-
tainability of response.

A number of limitations should be considered. First,
while the 2-component DAS28 score was developed to bet-
ter correlate with synovitis and was validated by demonstrat-
ing increased association with radiographic progression in
early RA, its weighting remains to be optimized in patients with
established RA and those with RA receiving biologic DMARDSs,
and the implications for treatment decisions have yet to be

established. Second, drug levels and antidrug antibody mea-
sures were available in only a subset of participants, even if sim-
ilarly distributed across the 7 trajectory subgroups. Furthermore,
adherence to treatments was self-reported. Third, although we
assessed baseline comorbidities, adverse events leading to
treatment cessation are potential confounders, especially in
patients showing high rates of nonadherence, but we did not
have sufficient information on those events to include them in
the current analysis. A further limitation relates to the selection
of participants in the BRAGGSS study, following guidelines
from the UK National Institute for Care and Excellence (38). Our
findings are therefore generalizable only to populations whose
treatments and clinical characteristics are comparable to those
outlined in these guidelines.

A final limitation pertains to the exploitation of unsupervised
approaches and the exploratory hypothesis-generating nature
of these approaches. However, we mitigated this effect by using
clinicians’ experience and the previous literature (i.e., suggest-
ing 3 classes of responders as measured via the 4-component
DAS28, which we replicate in this study), following a robust
analytical framework (i.e., testing and retesting multiple mod-
els), and performing sensitivity analyses on 2 subsets to verify
findings.

In pursuing the characterization of improvement in biologic
changes in synovitis, relying solely on the 4-component DAS28
trajectories may result in misclassification of synovial inflammatory
responses. The 2-component DAS28 trajectories provide finer
granularity and may be a better measurement to reveal under-
lying biology. While there is currently no method implemented
to predict class assignment for new patients, research to iden-
tify molecular biomarkers that can discriminate between trajectory
classes at baseline will enable this. Thus, we suggest the use of
the 2-component DAS28 score for biomarker discovery studies,
which should encompass the understanding of adherence to
treatment, immunogenicity to drugs, and general health status,
including HAQ scores and comorbidities.

Better defined and physiologically contrasted phenotypes
imply a better understanding of the underlying response mech-
anisms and are the pillar of precision medicine and well-powered
biomarker discovery. Previous studies have shown that patients
themselves want precision medicine approaches to receive med-
ications that are likely to work more quickly (39). Therefore, more
robust prediction models for biologic DMARD responses should
be built on the basis of outcome measures reflecting the dis-
ease biology, provide evidence of larger variability in responses
to biologic treatments, and allow for the identification of essential
covariates to build these models. The present study shows how
2-component DAS28 trajectories capture these aspects better
than traditional outcome measures and suggests that a more
holistic view of patient care, considering all factors likely to influ-
ence response, should be applied in order to move toward preci-
sion medicine approaches.
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