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ABSTRACT

Introduction: Timely matching of patients to
beneficial targeted therapy is an unmet need in
rheumatoid arthritis (RA). A molecular signa-
ture response classifier (MSRC) that predicts

which patients with RA are unlikely to respond
to tumor necrosis factor-a inhibitor (TNFi)
therapy would have wide clinical utility.
Methods: The protein–protein interaction map
specific to the rheumatoid arthritis pathophys-
iology and gene expression data in blood
patient samples was used to discover a molec-
ular signature of non-response to TNFi therapy.
Inadequate response predictions were validated
in blood samples from the CERTAIN cohort and
a multicenter blinded prospective observational
clinical study (NETWORK-004) among 391 tar-
geted therapy-naı̈ve and 113 TNFi-exposed
patient samples. The primary endpoint evalu-
ated the ability of the MSRC to identify patients
who inadequately responded to TNFi therapy at
6 months according to ACR50. Additional end-
points evaluated the prediction of inadequate
response at 3 and 6 months by ACR70, DAS28-
CRP, and CDAI.
Results: The 23-feature molecular signature
considers pathways upstream and downstream
of TNFa involvement in RA pathophysiology.
Predictive performance was consistent between
the CERTAIN cohort and NETWORK-004 study.
The NETWORK-004 study met primary and
secondary endpoints. A molecular signature of
non-response was detected in 45% of targeted
therapy-naı̈ve patients. The MSRC had an area
under the curve (AUC) of 0.64 and patients were
unlikely to adequately respond to TNFi therapy
according to ACR50 at 6 months with an odds
ratio of 4.1 (95% confidence interval 2.0–8.3,
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p value 0.0001). Odds ratios (3.4–8.8) were sig-
nificant (p value\0.01) for additional end-
points at 3 and 6 months, with AUC values up
to 0.74. Among TNFi-exposed patients, the
MSRC had an AUC of up to 0.83 and was asso-
ciated with significant odds ratios of 3.3–26.6 by
ACR, DAS28-CRP, and CDAI metrics.
Conclusion: The MSRC stratifies patients
according to likelihood of inadequate response
to TNFi therapy and provides patient-specific
data to guide therapy choice in RA for targeted
therapy-naı̈ve and TNFi-exposed patients.

PLAIN LANGUAGE SUMMARY

A blood-based molecular signature response
classifier (MSRC) integrating next-generation
RNA sequencing data with clinical features
predicts the likelihood that a patient with
rheumatoid arthritis will have an inadequate
response to TNFi therapy. Treatment selection
guided by test results, with likely inadequate
responders appropriately redirected to a differ-
ent therapy, could improve response rates to
TNFi therapies, generate healthcare cost sav-
ings, and increase rheumatologists’ confidence
in prescribing decisions and altered treatment
choices. The MSRC described in this study pre-
dicts the likelihood of inadequate response to
TNFi therapies among targeted therapy-naı̈ve
and TNFi-exposed patients in a multicenter,
24-week blinded prospective clinical study:
NETWORK-004. Patients with a molecular sig-
nature of non-response are less likely to have an
adequate response to TNFi therapies than those
patients lacking the signature according to
ACR50, ACR70, CDAI, and DAS28-CRP with
significant odds ratios of 3.4–8.8 for targeted
therapy-naı̈ve patients and 3.3–26.6 for TNFi-
exposed patients. This MSRC provides a solu-
tion to the long-standing need for precision
medicine tools to predict drug response in
rheumatoid arthritis—a heterogeneous and
progressive disease with an abundance of ther-
apeutic options. These data validate the perfor-
mance of the MSRC in a blinded prospective
clinical study of targeted therapy-naı̈ve and
TNFi therapy-exposed patients.

Keywords: Drug response prediction; Gene
expression; Precision medicine; Prospective
observational study; Rheumatoid arthritis; TNF
inhibitor

Key Summary Points

Why carry out this study?

The many targeted therapies in
rheumatoid arthritis (RA) have
comparable efficacy and safety

Tumor necrosis factor-a inhibitor (TNFi)
therapies are the most prescribed targeted
therapy in RA, although only
approximately one-third of patients will
adequately respond to this class of
treatments

The timely matching of patients to
beneficial therapy is a critical unmet need
in RA

What was learned from the study?

This study describes the performance of,
and biology interrogated by a 23-feature
blood-based molecular signature response
classifier (MSRC) that uses RNA
sequencing data and clinical features to
predict which patients with rheumatoid
arthritis are unlikely to adequately
respond to TNFi therapies

Patients with a molecular signature of
non-response are unlikely to respond to
TNFi treatment according to ACR, CDAI,
and DAS28-CRP criteria of response at 3
and 6 months

The MSRC stratifies patients according to
their likelihood of responding to a TNFi
therapy with statistically significant odds
ratios of up to 8.8 among targeted
therapy-naı̈ve patients and 26.6 among
TNFi-exposed patients

The MSRC is rooted in RA disease biology
and readily generalizes to the molecular
phenotypes of two independent
observational cohorts
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DIGITAL FEATURES

This article is published with digital features,
including a summary slide, to facilitate under-
standing of the article. To view digital features
for this article go to https://doi.org/10.6084/
m9.figshare.14718621.

INTRODUCTION

Rheumatoid arthritis (RA) is an autoimmune
disease characterized by chronic inflammation
that causes joint destruction. Following inade-
quate response to conventional synthetic dis-
ease modifying anti-rheumatic drugs
(csDMARDs) such as methotrexate, clinical
guidelines suggest one of many targeted thera-
pies with comparable efficacies and safety pro-
files including tumor necrosis factor-a
inhibitors (TNFi), interleukin-6 (IL-6) inhibitors,
Janus kinase (JAK) inhibitors, and B or T cell
modulators. The abundance of treatment
options underscores the need for precision
medicine in rheumatology [1–3]. Because clini-
cal guidelines do not recommend one treat-
ment over another [1, 4], therapy selection is
often driven by administrative decisions and
TNFi therapies remain the prevailing treatment
in nearly 90% of patients with RA [5, 6].
Matching each patient with the right targeted
therapy to reach treat-to-target goals of low
disease activity (LDA) or remission is an unmet
medical need in RA [1, 7, 8].

Only a subset of patients with RA have an
adequate response to TNFi treatment: 50–70%
achieve ACR20, 30–40% achieve ACR50, and
15–25% achieve ACR70 response [9–19] and
only 10–25% achieve remission [20–23]. Many
studies have attempted to identify biomarkers
and develop models to predict response to TNFi
therapy before the initiation of treatment
[24–30]. Failure to validate and reproduce the
performance of these predictive biomarkers in
new patient populations and clinical trials was a
typical outcome [31, 32]. Differing characteris-
tics between patient populations, laboratory
methods, procedures in generating molecular
data, and other biases inherent to single-cohort
retrospective studies have hindered precision

medicine progress not only in rheumatology
but in other medical specialties as well [33–35].

Mapping of disease-related proteins onto the
human interactome, a network map of known
pairwise protein–protein interactions that occur
in human cells [36], has yielded new insights
into human disease biology and response to
therapy [37–40]. With the identification of
molecular biomarkers involved in RA biology
discovered from human interactome analyses,
this study demonstrated the TNFi inadequate
response prediction performance of a molecular
signature response classifier (MSRC) in two
prospective observational clinical studies: the
CERTAIN study and NETWORK-004. Validation
of the MSRC was performed in a total of 391
blood samples from targeted therapy-naı̈ve
patients and 113 blood samples from TNFi
therapy-exposed patients. This precision clini-
cal tool can help rheumatologists determine
whether TNFi therapy is an appropriate treat-
ment choice for targeted therapy-naı̈ve patient
or adjust the treatment selection for patients
receiving a TNFi therapy.

METHODS

Patients

See Supplementary Fig. S1 for an outline of the
study design.

CERTAIN study: PAXgene blood samples and
clinical measurements of 345 patients with RA
were prospectively collected in the CERTAIN
study, a comparative effectiveness study for
patients with RA initiating a biologic [41].
Institutional review board or ethics committee
approvals were obtained prior to sample col-
lection and study participation, and patients
provided informed consent. CERTAIN was a
comparative effectiveness study investigating
initiators of biologics. Samples were collected
from patients who were naı̈ve to targeted ther-
apies at the time of sample collection and ini-
tiated a TNFi therapy. Consistent with the
inclusion criteria of the CERTAIN study, all
patients had a Clinical Disease Activity Index
(CDAI) greater than ten at the time of biologic
therapy initiation. The CERTAIN clinical and
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molecular data were used for biomarker feature
selection (100 patients) and in-cohort cross-
validation (245 patients).

Prospective NETWORK-004 study: Patients
were determined by the treating rheumatologist
to be candidates for TNFi therapy prior to
enrollment. Eligible patients were at least
18 years of age, had active RA (CDAI[ 10,
swollen joint count C 4), and were receiving a
stable dose of methotrexate (at least 15 mg/
week) for at least 10 weeks prior to baseline.
Doses of hydroxychloroquine not exceeding
400 mg/day or leflunomide not exceeding
20 mg/day were permitted so long as the dose
was stable for at least 4 weeks prior to the
baseline visit. Prednisone doses of at most
10 mg/day were allowable if the dose was
stable for at least 2 weeks prior to baseline. Use
of intra-articular or parenteral corticosteroids
less than 2 weeks prior to the first study proce-
dure was prohibited. The study was approved by
the Copernicus Group Independent Review
Board (approval # 20191082) and local review
boards where required. This study was con-
ducted in accordance with the principles out-
lined in the Declaration of Helsinki. Written
informed consent was granted by all study par-
ticipants. This study was conducted at 73
rheumatology practices, distributed across the
USA. Dosage and treatment of TNFi therapies
were at the rheumatologist’s discretion. At the
3-month follow-up, rheumatologists were per-
mitted to make dosing adjustments if deemed
necessary for appropriate clinical care. Initia-
tion of a second TNFi therapy resulted in subject
withdrawal. The COVID-19 pandemic con-
tributed to a higher level of attrition than ini-
tially projected. Of the 273 patients with RA
enrolled, 168 completed the 24-week study; 146
patients had complete clinical and molecular
data and were included in analyses. Information
about patients who left the study are available
in Supplementary Table S1. PAXgene blood
samples collected at baseline from 146 patients
were analyzed as TNFi-naı̈ve samples and those
collected at the 3-month visits from 113
patients were analyzed as TNFi-exposed
samples.

Clinical Evaluation and Response to TNFi
Therapies

Feature selection response definition: Clinical
outcome metrics such as swollen and tender
joint counts, patient and physician disease
assessments have inherent variability [42–44].
To identify a subset of patients in the training
cohort who have been assigned the responder
and non-responder labels with high confidence,
a Monte Carlo simulation approach was imple-
mented to calculate a confidence outcome score
for each patient. The clinical outcomes data for
patients with at least 70% concordance between
the simulations and the actual reported out-
come were considered high confidence. High
confidence clinical outcomes for both ACR and
EULAR metrics were used for the feature selec-
tion only.

CERTAIN study: Baseline RNA sequencing
data and clinical assessments to predict
response to TNFi therapy at the 3- and 6-month
follow-up visits according to ACR, CDAI, and
DAS28-CRP criteria.

NETWORK-004: Clinical assessments were
collected at baseline, 3-month, and 6-month
visits: 28-joint count for tenderness and swel-
ling, patient global assessment of pain, patient
global assessment of disease activity, CDAI
score, Health Assessment Questionnaire, and
C-reactive protein (CRP). Rheumatoid factor
(RF) and anti-cyclic citrullinated protein (anti-
CCP) antibody serostatus was recorded at base-
line. PAXgene RNA blood tubes were collected
at all visits. The 3-month follow-up visit
molecular and clinical data was used to predict
response to TNFi therapy at the 6-month fol-
low-up visit according to the ACR, CDAI, and
DAS28-CRP criteria.

RNA Preparation and Sequencing Analysis

RNA was extracted from whole blood in PAX-
gene RNA tubes using MagMaxTM for Stabilized
Blood PAXgene Tubes RNA Isolation Kit
(Thermo Fisher Scientific) per the manufac-
turer’s instructions; 100–1000 ng of RNA was
processed using the KAPA RNA HyperPrep Kit
with RiboErase (HMR) Globin. Samples were
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quantified using Agilent D1000 reagents.
Libraries were sequenced to high uniform depth
targeting more than 7 million protein coding
reads. The CERTAIN cohort was sequenced
using the Illumina NextSeq DX 500 and Nova-
Seq 6000 instruments. NETWORK-004 samples
were sequenced using the Illumina NovaSeq
6000 instrument using a validated diagnostic
assay under Clinical Laboratory Improvement
Amendments (CLIA). Sequence data was pro-
cessed to determine gene expression across the
whole genome. To be included in analyses,
samples had to have a TapeStation RIN[ 4,
RNA concentration C 10 ng/lL, sequencing
library yield C 10 nM, percentage perfect base-
pair index[ 85, percentage bases over Phred
score 30[ 75, the mean quality Phred score[
30, the median Phred score[25, and a lower
quartile Phred score[10 for all bases [45].

Human Interactome Analysis and Feature
Selection

For selection of transcript biomarker features,
100 samples were randomly selected out of the
cohort of 345 patients (CERTAIN study). The
random forest algorithm [46] was used to rank
protein coding transcripts through 96 rounds of
20% cross-validation in silico experiments.
Features that were ranked in the top 100 in
70/96 iterations were further analyzed by the
human interactome analysis to identify biolog-
ically relevant biomarkers. Biomarkers overlap-
ping with the RA disease module [40] on the
human interactome [37] or possessing a signif-
icant number of connections to the disease
module were used in the final model. Signifi-
cance of connections was assessed using the
hypergeometric test.

Predictive Classification Model Training
and Cross-Validation

Samples not included in biomarker feature
selection were evaluated. Transcripts identified
in this study were integrated with previously
described gene expression biomarkers [40] using
machine learning to train a response classifica-
tion model. To assess model performance,

tenfold cross-validation was conducted using a
feedforward artificial neural network [47].
Model building was done using the MLPClassi-
fier package available in Python’s machine
learning library sklearn [48].

Statistical Analysis

Statistical analyses were performed using
Python 3.7.6 and R version 3.6.1 (www.r-
project.org). Continuous data were summa-
rized with mean, standard deviation, median,
minimum, maximum, and number of evaluable
observations. Categorical variables were sum-
marized with frequency counts and percent-
ages. Confidence intervals (CI) were
determined, where appropriate, using the t dis-
tribution for continuous data and an exact
method for categorical variables. All tests were
done in a two-sided setting. Unless otherwise
specified, hypothesis testing was performed at
the two-sided 0.05 significance level. All
attempts were made to limit missing data. No
attempt was made to impute missing data.

RESULTS

Identification of a Molecular Signature
of Non-Response to TNFi Therapies Using
the Human Interactome

Transcripts predictive of inadequate response to
TNFi therapies according to ACR50 and EULAR
response definitions (see ‘‘Methods’’) at
6 months were determined using machine
learning from baseline blood sample data of 100
targeted therapy-naı̈ve patients with RA ran-
domly selected from the CERTAIN study
(Table 2 and Supplementary Table S3). To
ensure that transcripts reflected RA disease
biology, the proteins encoded by selected tran-
scripts were mapped onto the human interac-
tome map of pairwise protein–protein
interactions to identify transcripts that were
significantly connected (p value\0.05) to the
RA disease module (Fig. 1) [40]. The TNFi ther-
apy response features overlap with the same
network neighborhood of the human
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interactome consisting of RA disease-associated
proteins. These features included proteins with
relevance to RA pathobiology, including JAK3
and interleukin-1 beta (IL-1b) [49, 50]. The
molecular signature of non-response to TNFi
therapy included 23 features: 19 RNA tran-
scripts and 4 clinical features (Table 1).

In-cohort Validation of the MSRC

The MSRC was tested through in-cohort cross-
validation among baseline blood samples of an
independent cohort of 245 patients from the
CERTAIN study who were naı̈ve to targeted
therapies (Table 2 and Supplementary Table S3).
The resultant AUC for the ACR50 outcome at
6 months was 0.66 for the MSRC and 0.625 for a
signature containing only the 19 RNA tran-
scripts. To evaluate the contributions of the
molecular and clinical components in response
prediction, logistic regression was performed
with the classifier scores from the molecular and
clinical features, as two individual independent
components. Both components were statisti-
cally significant using the Wald test
(p value\ 0.001) indicating that molecular and

clinical components carry complementary
information in the MSRC. In addition, the
model goodness-of-fit was assessed by the Hos-
mer–Lemeshow test (p value = 0.27), indicating
that the MSRC model is well calibrated.

The cross-validation analysis of the 23-fea-
ture MSRC resulted in AUC values of 0.64–0.67
for ACR70, CDAI, and DAS28 responses at
6 months post treatment initiation (Fig. 2a;
Supplementary Table S2). Significant differences
in the log-likelihood ratio of model scores
(p\ 0.001) were observed between patients

Fig. 1 Response biomarkers are in the same network
vicinity of the human interactome as the RA disease
module. Proteins encoded by transcripts predictive of
response were mapped onto the human interactome.
Proteins are shown in circles and pairwise physical
protein–protein interactions are indicated as lines. The
RA disease module is composed of seed and DIAMOnD
genes (teal). The proteins encoded by 11 transcript features
(diamonds) were either part or significantly connected to
the RA disease module (p value\ 0.05)

Table 1 Biomarkers in the MSRC

ALPL

ATRAID

BCL6

CDK11A

CFLAR

COMMD5

GOLGA1

IL1B

IMPDH2

JAK3

KLHDC3

LIMK2

NOD2

NOTCH1

SPINT2

SPON2

STOML2

TRIM25

ZFP36

BMI

Sex

Patient global assessment

Anti-CCP
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who did and did not have the molecular sig-
nature of non-response (Fig. 2b). Furthermore,
the proportion of patients who achieved LDA or
remission at 6 months per CDAI and DAS28-
CRP was greater among those patients who
lacked a molecular signature of non-response
(Fig. 2c).

Validation of the MSRC in the Prospective
Observational NETWORK-004 Study
Among Targeted Treatment-Naı̈ve Patient
Samples

To further validate the ability of the MSRC to
predict the likelihood of inadequate response to
TNFi therapies, patient samples were prospec-
tively collected in a multicenter observational

Table 2 Patient demographic and disease characteristics at baseline

Characteristic CERTAIN study NETWORK-004 study

Feature
selection
(N = 100)

Cross-
validation
(N = 245)

Targeted therapy-
naı̈ve
(N = 146)

TNFi-
exposed
(N = 113)

Age (year), mean (SD) 54 (12.4) 55 (12.3) 58 (14.1) 57 (14.9)

Female, n (%) 72 (72.0%) 179 (73.1%) 115 (78.8%) 87 (77.0%)

Duration of disease (year), median (IQR) 1 (1, 5) 2 (1, 6) 1 (0, 4.25) 1 (0, 4)

Race, n (%)

White 83 (83.0%) 213 (86.9%) 113 (77.4%) 92 (81.4%)

Black 9 (9.0%) 13 (5.3%) 16 (11.0%) 12 (10.6%)

Other 8 (8.0%) 19 (7.8%) 13 (8.9%) 9 (8.0%)

CCP positive, n (%) 62 (62.0%) 154 (62.9%) 72 (49.3%) 54 (47.8%)

RF positive, n (%) 76 (76.0%) 172 (70.2%) 55 (37.7%) 48 (54.5%)

Prednisone at baseline, n (%) 30 (30.0%) 64 (26.1%) 33 (22.6%) 23 (20.4%)

Prednisone dosage, median (IQR) 5 (5, 10) 5 (5, 10) 5 (5, 9.38) 5 (5, 5)

Current csDMARD, n (%)

Methotrexate 56 (56.0%) 138 (56.3%) 120 (82.2%) 91 (80.5%)

C 2 csDMARDs 7 (7.0%) 42 (17.1%) 12 (8.2%) 9 (8%)

None 15 (15.0%) 37 (15.1%) 25 (17.1%) 22 (19.5%)

TNFi use, n (%)

Adalimumab 36 (36.0%) 98 (40.0%) 48 (32.9%) 40 (35.4%)

Etanercept 35 (35.0%) 76 (31.0%) 31 (21.2%) 25 (22.1%)

Infliximab 15 (15.0%) 48 (19.6%) 18 (12.3%) 16 (14.2%)

Certolizumab pegol 10 (10.0%) 17 (6.9%) 13 (8.9%) 7 (6.2%)

Golimumab 4 (4.0%) 6 (2.4%) 36 (24.7%) 25 (22.1%)

SD standard deviation, IQR interquartile range, csDMARD conventional synthetic disease-modifying antirheumatic drug,
TNFI tumor necrosis factor-a inhibitor
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clinical study. Following clinical and molecular
data quality review, 146 patients completed the
24-week study and were included in analyses.
These patients were predominantly female
(78.8%), with a median age of 58 years
(Table 2). TNFi therapy choice was at the dis-
cretion of the prescribing physician and all five
therapeutic options within the class were rep-
resented (adalimumab 32.9%, certolizumab
pegol 8.9%, etanercept 21.2%, infliximab
12.3%, and golimumab 24.7%). A molecular
signature of non-response was detected at
baseline for 44.5% (65/146) of patients.

According to the primary endpoint of ACR50
response to TNFi therapy at 6 months, the

MSRC stratified patients according to their
likelihood of inadequate response to TNFi
therapy with an AUC of 0.64 (Fig. 3a) and an
odds ratio of 4.1 (95% CI 2.0–8.3; p value
0.0001) (Table 3). No significant difference in
baseline demographic characteristics was
observed between patients who did or did not
respond to treatment (Supplementary Table S3).
Additional endpoints included assessment of
ACR50 response at 3 months and response to
treatment at 3 and 6 months according to
ACR70, DAS28-CRP remission (\ 2.4) or LDA
(\2.9) and CDAI remission (B 2.8) or LDA
(\10). The MSRC stratified patients according
to their likelihood of inadequate response at

Fig. 2 Cross-validation of the MSRC among 245 patients
from the CERTAIN study. a Receiver operating charac-
teristic curve for stratification of patients based on CDAI,
DAS28-CRP, ACR70, and ACR50 clinical outcomes.
b Comparison of model scores for patients with or
without a detected molecular signature of non-response.
Boxes and intersecting line depict interquartile range and
median, respectively. Bisecting colored lines indicate

change in mean. Ratio of the occurrence rates for
B remission, B LDA, C moderate or C high disease
activity per c CDAI and d DAS28-CRP among patients
for whom a molecular signature of non-response was or
was not detected. Bars indicate a greater proportion of
patients with a molecular signature when above 1.0 or
without a detected molecular signature when below 1.0
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both timepoints and response criteria with AUC
values ranging from 0.60 to 0.74 (Fig. 3a, b) and
significant odds ratios of 3.4–8.8
(p value\ 0.01) (Table 3). Odds ratios describ-
ing whether patients with a molecular signature
of non-response failed to achieve DAS28-CRP
remission were significant at 6 months
(p value\ 0.05), but not 3 months. Significant
differences (p value\ 0.05) in model scores
between patients who did and did not have a
molecular signature of non-response were
observed for all response criteria except DAS28-
CRP remission (Fig. 3b, c). Furthermore, the
fraction of patients who achieved remission and
LDA at 6 months per CDAI and DAS28-CRP
definitions was greater among those patients
who did not have a molecular signature of non-
response (Fig. 3e, f, Supplementary Table S4).

Validation of the MSRC in the Prospective
Observational NETWORK-004 Study
Among TNFi-Exposed Patient Samples

Among patients who completed the 24-week
study, RNA blood samples at 3 months were
available for 113 patients. The same MSRC as in
the targeted therapy-naı̈ve analyses and
3-month patient samples were used to predict
inadequate response to TNFi therapy. The
molecular signature in these TNFi-exposed
samples stratified patients according to inade-
quate response to treatment with AUC values of
0.62–0.83 (Fig. 4a). A molecular signature of
non-response was detected for 40.7% (46/113)
of TNFi-exposed patients and a significant dif-
ference in model scores (p values\ 0.05) was
observed between patients who did and did not
have a molecular signature of non-response

Fig. 3 Validation of the MSRC to identify patients naı̈ve
to targeted therapies who are unlikely to respond to TNFi
therapy. Receiver operating characteristic curve for strat-
ification of patients based on CDAI, DAS28-CRP,
ACR70, and ACR50 clinical outcomes at a 3 months
and b 6 months. Comparison of model scores at
c 3 months and d 6 months for patients with or without
a detected molecular signature of non-response. Boxes and
intersecting line depict interquartile range and median,

respectively. Bisecting colored lines indicate change in
mean. Ratio of the occurrence rates for B remission,
B LDA, C moderate or C high disease activity per
e CDAI and f DAS28-CRP among patients for whom a
molecular signature of non-response was or was not
detected. Bars indicate a greater proportion of patients
with a molecular signature when above 1.0 or without a
detected molecular signature when below 1.0

Rheumatol Ther (2021) 8:1159–1176 1167



(Fig. 4b). This corresponded to significant odds
ratios of 3.3–26.6 among patients with a
molecular signature failing to have a response
to treatment according to all criteria except for
DAS28-CRP remission (Table 3).

DISCUSSION

Many targeted therapeutic options are available
in RA, but therapy selection is a challenge
because these options have similar treatment
outcomes. Precision medicine tools are greatly
needed to identify which patients have the
appropriate disease biology for each targeted
therapy [1–3, 7, 8]. The blood-based MSRC
analyzes gene expression data along with com-
mon clinical features to accurately identify tar-
geted-therapy naı̈ve and TNFi-exposed patients
who were unlikely to have an adequate response
to TNFi therapy. Among patients initiating their
first targeted therapy, those with a molecular
signature of non-response were three to nine
times less likely to have an adequate response to
a TNFi therapy (Table 3). When testing was
performed after the patient had been receiving
TNFi therapy for at least 3 months, patients
with a molecular signature of non-response
were as much as 26 times less likely to achieve
remission. Furthermore, the molecular signa-
ture of non-response was predictive of inade-
quate response to TNFi therapy according to
multiple clinically validated measures including
ACR50, ACR70, DAS28-CRP, and CDAI. The
MSRC could inform provider decision-making
at multiple occasions in the care pathway, such

Table 3 Odds of patient with a molecular signature of
non-response having an inadequate response to TNFi
therapy

AUC Odds ratio (95% CI;
p value)

Prospective observational, naı̈ve

ACR50, 3 months 0.67 3.7 (1.7–8.0; 0.0007)

ACR50, 6 months 0.64 4.1 (2.0–8.3; 0.0001)

ACR70, 3 months 0.66 2.5 (1.0–6.2; 0.05)

ACR70, 6 months 0.70 6.7

(2.7–16.7;\ 0.0001)

CDAI LDA,

3 months

0.65 3.4 (1.6–7.0; 0.0009)

CDAI LDA,

6 months

0.68 3.6 (1.8–7.2; 0.0002)

CDAI remission,

3 months

0.70 2.6 (1.1–6.1; 0.03)

CDAI remission,

6 months

0.74 8.8

(2.9–27.3;\ 0.0001)

DAS28-CRP LDA,

3 months

0.69 4.1 (1.9–9.1; 0.0005)

DAS28-CRP LDA,

6 months

0.67 3.6 (1.8–7.3; 0.0003)

DAS28-CRP

remission, 3 months

0.60 1.4 (0.6–3.1; 0.43)

DAS28-CRP

remission, 6 months

0.73 5.8

(2.6–13.0;\ 0.0001)

Prospective observational, TNFi-exposed

ACR50, 6 months 0.66 3.3 (1.5–7.4; 0.0038)

ACR70, 6 months 0.73 6.0 (2.0–17.7; 0.0007)

CDAI LDA,

6 months

0.72 5.5

(2.4–12.4;\ 0.0001)

CDAI remission,

6 months

0.83 26.6

(3.4–209.8;\ 0.0001)

DAS28-CRP LDA,

6 months

0.69 6.7

(2.8–16.1;\ 0.0001)

Table 3 continued

AUC Odds ratio (95% CI;
p value)

DAS28-CRP

remission, 6 months

0.62 2.1 (0.9–5.0; 0.0878)

AUC area under the curve, CI confidence interval, ACR
American College of Rheumatology, CDAI clinical disease
activity index, LDA low disease activity, DAS28-CRP
disease activity score 28-joint count with C-reactive pro-
tein, TNFi tumor necrosis factor-a inhibitor
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as before initial therapy selection or when tar-
geted TNFi therapy does not result in treatment
goals and a second therapy or dose escalation is
being considered. By validating multiple
response target definitions, the MSRC fits
within multiple practice protocols, making it
easy to understand, act upon, and operational-
ize within clinical settings.

Precision medicine has improved patient
outcomes in oncology and hematology by
matching therapy selection to patients’ unique
biology. Yet even in these fields, predicting drug
response, particularly from blood, has remained
a challenging technical problem [51–53]. Unlike
in oncology, DNA analyses and biopsies of dis-
ease tissue are not readily available in the care of
patients with RA because synovial biopsies
outside of clinical studies are rare and DNA
sequence variations provide limited actionable
information in RA [54–56]. In the R4RA trial,
RNA sequencing-based identification of patients
with RA with a low or absent B cell lineage gene
expression signature in synovial tissue signifi-
cantly correlated with a superior response to
tocilizumab than rituximab, thus suggesting
that gene expression may be used to predict
response to other targeted therapies in RA [57].

Studies of the AMPLE, AVERT, GO-BEFORE, and
GO-FORWARD trials have used baseline disease
assessments such as DAS28, RAPID3, CDAI, or
SDAI to predict radiographic progression or
magnetic resonance imaging-detected synovitis
in response to treatment with a targeted therapy
[58, 59]. Comparable AUC values were reported
(0.54–0.72) but the odds ratios (1.01–1.65) were
lower than those observed in this study
(2.1–26.6). The odds ratios in this study were
consistent between the cross-validation CER-
TAIN cohort and the prospective NETWORK-
004 cohort indicating that the MSRC is repro-
ducible and generalizable across studies and
patient populations.

The network biology-based methods used in
this study uncovered novel connections within
disease biology. The RNA transcripts in the
MSRC evaluate seemingly disparate aspects of
the disease that are nonetheless unified in the
same network neighborhood in the human
interactome and capture the diverse biology of
RA and response to TNFi therapy. The proteins
encoded by these transcripts influence biologi-
cal processes including cellular homeostasis for
adaptive and innate immune cells, production
of TNFa and other secreted signaling molecules,

Fig. 4 Validation of the MSRC to identify TNFi-exposed
patients who are unlikely to respond to TNFi therapy.
a Receiver operating characteristic curve for stratification
of patients who are receiving a TNFi therapy based on
achievement of CDAI remission or DAS28-CRP

remission 3 months after test results. b Comparison of
model scores for patients with or without a detected
molecular signature of non-response. Boxes and intersect-
ing line depict interquartile range and median, respectively.
Bisecting colored lines indicate change in mean
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synovitis, and bone destruction (Fig. 5 and
Supplementary Discussion). TNFa biology is
robustly captured in the MSRC and features are
involved in the production and release of TNFa
(e.g., COMMD5), and upstream or downstream
TNFa signaling events (e.g., NOTCH1). Identi-
fication of molecular characteristics expressed
in circulating blood cells suggests that direct

evaluation of joint physiology or biochemistry
may not be essential to evaluating synovial
phenotypes or response to treatment [60, 61].

The MSRC has the potential to be transfor-
mative in RA. A survey of 248 USA-based
rheumatologists demonstrated that they would
welcome precision medicine advances in
autoimmune diseases and would find value in

Fig. 5 Biology of inadequate response to TNFi therapies.
The MSRC includes transcripts that encode proteins
involved in many aspects of RA pathophysiology: innate
immune response, cytokine biosynthesis, T and B cell

homeostasis, bone homeostasis, the unfolded protein
response, autophagy, apoptosis, and pro-inflammatory
signaling. Detailed text and additional references can be
found in the Supplemental Discussion
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the MSRC [62]. Selection of TNFi therapy
declined by more than 80% (from 79.8% to as
low as 11.3%) when rheumatologists were pre-
sented with a sample MSRC result indicating an
unlikely response outcome [62]. Moreover, the
majority of rheumatologists surveyed reported
that test results would increase their confidence
in prescribing decisions, improve medical deci-
sion-making, and alter their treatment choices
[62].

A model of treatment selection guided by
MSRC results was shown to improve response
rates to targeted therapies and result in health-
care cost savings [63]. If MSRC test results were
used to guide TNFi treatment decisions, patients
lacking a molecular signature of non-response
could be prescribed a TNFi therapy and would
achieve ACR50 response, LDA, and remission
(bars below x-axis in Figs. 2c, d, 3e, 3f). Among
the 146 targeted therapy-naı̈ve patients, 17.8%
(26/146) achieved CDAI remission at 6 months.
If these patients are stratified according to
MSRC results, 32.4% (22/68) of patients without
a molecular signature of non-response achieved
remission in response to TNFi therapy, while
only 5.1% (4/78) of those with a molecular
signature achieved remission.

Patients with a molecular signature of non-
response could be directed to one of the many
alternative treatment options. This study
demonstrated that the MSRC is predictive of
non-response in patients already exposed to
TNFi therapy. Furthermore, it would identify
patients who are unlikely to benefit from a
second or third TNFi therapy, thereby prevent-
ing TNFi cycling. TNFi cycling is not recom-
mended by treatment guidelines because
patients often do not reach their treatment
goals within the shortest timeline [4, 64, 65]. In
claims-based analyses of commercial and
Medicare Advantage data, in comparison to
patients who changed to an alternative targeted
therapy, patients who cycled on TNFi therapies
had a lower median treatment persistence,
lower 1-year treatment persistence rate, lower
likelihood of restarting treatment after a 60-day
treatment gap, higher mean 1-year healthcare
costs, and trended toward reduced improve-
ment in treatment response per CDAI [66–68].

Given the progressive and debilitating nat-
ure of RA, identifying beneficial treatment for
patients and avoiding prolonged periods of
ineffective treatment is critical. Patients with RA
with persistent high disease activity face an
increased risk of mortality compared to those
having persistent low disease activity [69]. As
RA progresses, disease-induced inflammation
and subsequent tissue damage can result in
debilitating chronic pain and impair patients’
ability to perform activities of daily living [70].
Prescribing therapy that is appropriate for
patient’s individual disease biology could more
rapidly halt the progression of RA.

This study has the following limitations.
This is an observational study and the MSRC
test results were not used to inform treatment
selection. This study did not investigate devel-
opment of anti-drug antibodies; thus, the
impact on response predictions could not be
assessed for the TNFi-exposed patient samples.
Finally, some of the clinical outcome measures
used in RA rely on subjective assessments of
disease activity. The variability in these assess-
ments could have impacted the true patient
outcome and the MSRC accuracy estimation. As
future development, it is imperative to expand
this approach to molecular signatures correlat-
ing with the response to alternative targeted
therapies in RA.

CONCLUSIONS

Validation of the MSRC involved analysis of
gene expression data derived from blood sam-
ples of 391 patients with RA who were treated
with a TNFi therapy from two independent
studies and patient populations, reproducing
for the first time the predictive ability of
molecular biomarkers using seemingly disparate
RA biology. Among patients who are naı̈ve to
targeted therapy and those who are TNFi-ex-
posed, patients with a molecular signature of
non-response are unlikely to respond
to TNFi therapy at 3 or 6 months as assessed by
ACR50, ACR70, DAS28-CRP, and CDAI. When
providers use MSRC test results to stratify
patients to treatment, patients who have a
molecular signature of non-response to TNFi
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therapies can be directed to an alternative
therapy to avoid expenses and potential toxici-
ties without possible benefit. Those who lack
this signature can proceed with TNFi therapy
and possibly achieve an increased response rate
relative to the unstratified population [40].
Access to precision medicine at multiple points
during care expands the clinical information
available to providers, thereby providing
patient-specific data to improve care and
shorten the time necessary to achieve patients’
treatment goals. Future studies will further
address the impact on clinical outcomes of
MSRC-guided treatment selection and identify
biomarkers that predict inadequate response to
other targeted therapies in RA.
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