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Objective: In rheumatoid arthritis (RA), it is of major importance to identify non-responders to tumour necrosis factor-α
inhibitors (TNFi) before starting treatment, to prevent a delay in effective treatment. We developed a protein score for
the response to TNFi treatment in RA and investigated its predictive value.
Method: In RA patients eligible for biological treatment included in the BiOCURA registry, 53 inﬂammatory proteins
were measured using xMAP® technology. A supervised cluster analysis method, partial least squares (PLS), was used
to select the best combination of proteins. Using logistic regression, a predictive model containing readily available
clinical parameters was developed and the potential of this model with and without the protein score to predict
European League Against Rheumatism (EULAR) response was assessed using the area under the receiving operating
characteristics curve (AUC-ROC) and the net reclassiﬁcation index (NRI).
Results: For the development step (n = 65 patient), PLS revealed 12 important proteins: CCL3 (macrophage
inﬂammatory protein, MIP1a), CCL17 (thymus and activation-regulated chemokine), CCL19 (MIP3b), CCL22 (macrophage-derived chemokine), interleukin-4 (IL-4), IL-6, IL-7, IL-15, soluble cluster of differentiation 14 (sCD14), sCD74
(macrophage migration inhibitory factor), soluble IL-1 receptor I, and soluble tumour necrosis factor receptor II. The
protein score scarcely improved the AUC-ROC (0.72 to 0.77) and the ability to improve classiﬁcation and reclassiﬁcation (NRI = 0.05). In validation (n = 185), the model including protein score did not improve the AUC-ROC (0.71 to
0.67) or the reclassiﬁcation (NRI = −0.11).
Conclusion: No proteomic predictors were identiﬁed that were more suitable than clinical parameters in distinguishing
TNFi non-responders from responders before the start of treatment. As the results of previous studies and this study are
disparate, we currently have no proteomic predictors for the response to TNFi.

Rheumatoid arthritis (RA) is a chronic, disabling disease
that mainly affects the synovial joints. The disease is
autoimmune in origin and affects 0.5–1% of the population in industrialized countries (1, 2). Although the introduction of therapy using tumour necrosis factor-αinhibitors (TNFi) has dramatically improved the outlook
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for RA patients, a substantial proportion of patients
(approximately 30–40%) fails to respond to TNFi therapy
(3, 4). As we currently cannot differentiate at the start of
therapy between patients who will respond and those who
will not (5), TNFi treatment is administered in an empirical trial-and-error approach. This entails therapeutic inefﬁciency in a substantial number of patients, owing to the
3–6 month observation period before clinical response
can be judged. In this time-frame, the non-responding
patient may suffer from uncontrolled disease with the
potential of irreversible damage and harmful side effects
from treatment. Another problem is the high costs
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incurred with this treatment. The challenge is therefore to
identify responders and non-responders to speciﬁc therapies beforehand, and to initiate optimal treatment.
TNFi targets tumour necrosis factor-α (TNF-α), which
is central in the pathogenesis of RA and acts within a
complex network of cells and cytokines that relate to
inﬂammation (6). It is therefore likely that proteomic
approaches, in which many cytokines are measured
simultaneously and are jointly investigated, are capable
of classifying RA patients at baseline according to their
response to TNFi treatment. We explored the baseline
serum proteomic predictors that may identify responders
and non-responders to TNFi, using a panel of proteins
that were all speciﬁcally related to inﬂammation, and
aimed to validate our models in a new cohort of consecutively included patients. We investigated whether a
combination of proteins and clinical parameters could
predict the response to TNFi treatment in RA patients
more accurately than clinical parameters alone.

Method
Patients
Patients who were initiated on TNFi treatment were
selected from the BiOCURA cohort (Biologicals and
Outcome, Compared and predicted in Utrecht region, in
Rheumatoid Arthritis). BiOCURA is an observational
cohort, in which RA patients eligible for biological treatment according to regular clinical practice were enrolled
and followed up until 1 year after start of treatment, in one
academic hospital and seven regional hospitals in the
Netherlands. To reﬂect clinical practice, no patients
were excluded beforehand. Reinclusion after switching
to a different biological treatment was possible. The study
was approved by the local ethics committee of the University Medical Center Utrecht and the institutional
review boards of the participating centres (see Acknowledgements). Informed consent was obtained from each
patient.

Protein measurements
Trained nurses gathered all data during a separate visit,
which included all clinical parameters, joint counts, and
blood tests, before the ﬁrst dose of the treatment was
given. Blood was processed immediately after collection
and serum samples were stored at −80°C until analysis.
Serum levels of 53 inﬂammatory proteins were measured using a multiplex immunoassay based on Luminex
technology (xMAP®; Luminex, Austin, TX, USA),
which was developed in house, validated, and
ISO9001:2008 certiﬁed, as described previously (7–9).
In short, non-speciﬁc heterophilic immunoglobulins,
such as rheumatoid factors, were preabsorbed from all
samples with Heterblock (Omega Biologicals, Bozeman,
MT, USA). Next, samples were incubated with
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antibody-conjugated MagPlex microspheres for 1 h at
room temperature with Heterblock continuous shaking,
followed by 1 h incubation with biotinylated antibodies,
and 10 min incubation with phycoerythrin-conjugated
streptavidin diluted in high-performance ELISA (HPE)
buffer (Sanquin, Amsterdam, the Netherlands). Acquisition was performed with the Bio-Rad FLEXMAP 3D®
(Bio-Rad Laboratories, Hercules, CA, USA) in combination with xPONENT software version 4.2 (Luminex).
Data were analysed by ﬁve-parametric curve ﬁtting
using Bio-Plex Manager software, version 6.1.1 (BioRad). The selection of 53 proteins is displayed in Supplementary Table S1. The xMAP analyses for the development and validation were performed in October 2014
and June 2016, respectively.

Outcome
Disease activity was assessed using the Disease Activity
Score based on 28-joint count (DAS28) (10). Response to
treatment was based on the European League Against Rheumatism (EULAR) response criteria (11). The EULAR distinguishes among non-response, moderate response, and
good response. As our main focus was to predict a good
response in contrast to a moderate response, non-response
and moderate response were combined and compared with
good response. EULAR good response is deﬁned as a
DAS28 improvement ≥ 1.2 and an absolute DAS28 ≤ 3.2
after treatment. Patients who discontinued therapy before
3 months owing to side effects were excluded from the
study because they cannot be considered merely missing at
random and are not necessarily non-responders.

Analyses
All treatment courses with TNFi treatment (i.e. adalimumab, etanercept, golimumab, inﬂiximab, or certolizumab) were included in this study, including courses for
patients who had switched from one to another TNFi
therapy within BiOCURA. The 276 TNFi treatment
courses were divided into separate groups based on the
treatment starting dates. The development of the models
was performed on cases included between October 2012
and March 2014 (n = 65), whereas validation was performed on TNFi treatment cases included from June
2009 and October 2012 (n = 185). Development and
validation were performed on cohorts split by treatment
onset dates (i.e. non-random split), which leads to a
different clinical setting for the inclusion of patients
per cohort. Therefore, the validation can be considered
to lie in between internal and external validation (12).
Details for missing data handling by multiple imputations can be found in the supplementary text. The statistical analyses of the development and validation steps
are described in the subsequent paragraphs and summarized in Figure 1.
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Figure 1. Overview of statistical analyses. The pathways denoted by black–dotted and grey–straight lines represent the analyses performed in the
development and validation steps, respectively. AUC-ROC, area under the receiving operating characteristic curve; GEE, generalized estimation
equations; NPV, negative predictive value; NRI, net reclassiﬁcation index; PLS, partial least squares; par., parameters; sel., selection.

Development. In the development step, proteins were
measured in 65 samples and log-transformed to
approximate a normal distribution. These log-transformed
values were used in a partial least squares (PLS) analysis,
a supervised clustering algorithm, to select the proteins
making the greatest contribution and build the protein
score that predicts DAS28 at 3 months. Proteins that were
not normally distributed were not entered in PLS as
they not only disturb PLS, but also are unfeasible
regarding (regression-based) risk prediction. The
inﬂammation marker C-reactive protein (CRP; logtransformed value) and DAS28 at baseline were always
included, because they could be inﬂuenced by previous
treatment and, in turn, inﬂuence the inﬂammatory proﬁle
and classiﬁcation of the EULAR response. The most
important proteins were selected based on variable
importance in projection (VIP) scores ≥ 1 in combination
with the highest factor loadings, so that no more than 15
proteins were included. Subsequently, this selection of
proteins, together with baseline CRP and DAS28, was
included in the PLS procedure again to create the initial
protein score. In this procedure, the PLS algorithm
suggests the best linear ﬁt of the proteins with the DAS28
at 3 months, considering the results of the supervised
clustering, e.g. 1.5 * ln(TNF-α) + 0.7 * ln(IL-6), etc.

www.scandjrheumatol.dk

The inclusion of patients who were reincluded after
switching to a different TNFi resulted in two-level data (i.e.
data from different patients and repeated data within
patients), which we accounted for by using generalized
estimating equation (GEE) modelling in the preselection of
clinical parameters (13). This univariate analysis was carried
out for all clinical baseline variables (Table 1) including a
health-related quality of life questionnaire [EuroQol 5
Dimensions (EQ-5D)] and Health Assessment Questionnaire (HAQ), using GEE with logit link function, and parameters were selected with a p value < 0.2. All selected
clinical parameters were then entered in a (full) logistic
regression model and were removed one by one using a
backward selection procedure (p < 0.1), while baseline
CRP and DAS28 were always included, to form the ‘clinical’
model. These clinical parameters were also used as covariates together with the protein score in the ‘combined’ model.
Comparison of the clinical and combined models allows
determination of the added value of measuring proteins for
prediction of response to TNFi over parameters already
available in clinical practice. The discriminating potential
of the models was assessed using the area under the receiver
operating characteristics curve (AUC-ROC). Then, for each
model, a cut-off was chosen based on a negative predictive
value (NPV) > 90%. If patients failed to meet this cut-off,
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Table 1. Baseline characteristics of development (n = 65) and validation cohort (n = 185) before multiple imputation.
Clinical parameter
Gender, female
Age (years), mean ± SD
Disease duration (years), median (IQR)
Smoking currently
RF, positive
ACPA, positive
CRP (mg/L), median (IQR)
ESR (mm/h), median (IQR)
Baseline DAS28, mean ± SD
No. of previously used bDMARDs
0 (naïve)
1
≥2
Initiating treatment with
Adalimumab
Etanercept
Golimumab
Inﬂiximab
Certolizumab
Concomitant treatment
MTX
GCs

Development (n = 65)

Validation (n = 185)

p

47 (72.3)
57.0 ± 10.9
6.0 (2.0–14.5)
23 (35.4)
36 (55.4)
45 (69.2)
4.0 (1.1–11.0)
14.0 (7.0–33.5)
4.1 ± 1.2

138 (74.6)
54.1 ± 12.3
6.0 (2.0–12.0)
44 (23.8)
122 (66.7)
131 (72.4)
6.0 (3.0–13.0)
19.5 (10.0–33.8)
4.5 ± 1.2

0.744
0.094
0.817
0.075
0.133
0.634
0.011
0.145
0.019
0.520

35 (53.8)
22 (33.8)
8 (12.3)

118 (63.8)
53 (28.6)
14 (7.6)
0.058

17
33
5
3
7

(26.2)
(50.8)
(7.7)
(4.6)
(10.8)

73
65
26
11
10

64 (98.5)
24 (36.9)

(39.5)
(35.1)
(14.1)
(5.9)
(5.4)

133 (71.9)
67 (36.2)

< 0.001
1.000

Data are shown as n (%) unless otherwise indicated.
IQR, interquartile range; RF, rheumatoid factor; ACPA, anti-citrullinated protein antibody; CRP, C-reactive protein; ESR, erythrocyte
sedimentation rate; DAS28, Disease Activity Score based on 28-joint count; bDMARD, biological disease-modifying anti-rheumatic
drug; MTX, methotrexate; GCs, glucocorticoids.
Statistically signiﬁcant p values are marked in bold (< 0.05).

their probability of good response was < 10%, which was
considered a clinically relevant cut-off to consider an alternative (combination) treatment; all these patients were classiﬁed in the ‘low probability of response’ category. All
patients who met this cut-off were assigned to the ‘normal
probability of response’ category. Based on these categories,
the number of patients classiﬁed in the low probability of
response category was compared between the models, to
determine whether the combined model is more sensitive
in classifying non-responders. As an indication, a number
needed to test (NNT) by the combined model before one
more patient is classiﬁed into the low category of response
was calculated. In addition, and also based on these categories, the net reclassiﬁcation index (NRI) was calculated to
determine the ability of the combined model to reclassify
patients as predicted by the clinical model into a (more)
correct category. For example, when a future non-responder
is classiﬁed at baseline as having a normal probability of
response by the clinical model, but is classiﬁed into the lowprobability category in the combined model, the reclassiﬁcation is ‘more correct’ and the NRI for non-responders
increases, as does the total NRI (= NRI for responders + NRI
for non-responders).
Validation. In the validation step, the selected proteins
from the development step were measured with xMAP
technology in an additional 185 patients. Subsequently, the
two prediction models from the development step were
recalibrated by entering the prediction rule (i.e. the linear
predictor from the developed models, e.g. 0.8 * Protein

score + 0.2 * Age + 3 * Gender, etc.) in a logistic
regression model.
The AUC-ROC was calculated and compared between
the clinical model and the combined model, and after setting
the predeﬁned cut-offs the added value of the protein score
was analysed by comparing the classiﬁcation and the NRI.

Software
The PLS analyses were performed in SAS version 9.2
(SAS institute, Cary, NC, USA), and the multiple imputation as well as the development and validation steps of
the prediction models in SPSS version 21.0.0.0 (IBM
Corp., Armonk, NY, USA).

Results
Baseline characteristics
Baseline characteristics for patients in the development and
validation cohorts are shown in Table 1. Notable differences
in the validation cohort, which was analysed a few years
earlier than the development cohort, were a higher CRP
(median 6.0 mg/L vs 4.0 mg/L, p = 0.011), higher DAS28
(4.5 vs 4.1, p = 0.019), and lower concomitant methotrexate
use (71.9% vs 98.5%, p < 0.001). Preferences for certain
TNFi treatments changed over time as a result of commercial inﬂuences, e.g. more etanercept was administered in
recent years (i.e. in the development cohort).

www.scandjrheumatol.dk
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Table 2. Models for (baseline) prediction of response in development cohort (n = 65).
Clinical model
Item
Protein score
DAS28 at baseline
CRP, ln-transformed
HAQ

Combined model

OR (95% CI)

p

1.64 (0.89–3.03)
1.32 (0.76–2.28)
0.30 (0.08–1.13)

0.112
0.321
0.075

OR (95% CI)
0.24
3.18
1.04
0.33

p

(0.07–0.83)
(1.30–7.77)
(0.56–1.93)
(0.08–1.43)

0.024
0.011
0.894
0.138

Two models predicting response were developed: one clinical model containing the Disease Activity Score based on 28-joint count
(DAS28), C-reactive protein (CRP), and Health Assessment Questionnaire (HAQ), and a combined model including the same clinical
parameters as well as the protein score (containing a combination of the 12 best predicting proteins out of all 53 proteins). Shown
are the odds ratios (ORs) and statistical signiﬁcance of all parameters when entered in the multivariable generalized estimating
equation model with response to treatment as outcome. The two models were compared for their predicting performance: the
clinical model showed an area under the receiver operating characteristics curve (AUC-ROC) of 0.72 [95% conﬁdence interval (CI)
0.59–0.86] and the combined model showed a higher predictive ability, with an AUC-ROC of 0.77 (95% CI 0.64–0.90).

Development of protein score
Of all 53 proteins, 38 were near normally distributed after
log transformation and were used for PLS analysis. Regarding the other 15 proteins that were rejected, usually many
values fell below the detection limit, hampering the use of
these protein measurements in risk prediction. By selection
on VIP ≥ 1 and a factor loading of > 0.135, 12 proteins were
selected: CCL3 (macrophage inﬂammatory protein 1a,
MIP1a), CCL17 (thymus and activation-regulated chemokine, TARC), CCL19 (macrophage inﬂammatory protein,
MIP3b), CCL22 (macrophage-derived chemokine, MDC),
interleukin-4 (IL-4), IL-6, IL-7, IL-15, soluble cluster of
differentiation 14 (sCD14), sCD74 (macrophage migration
inhibitory factor, MIF), soluble IL-1 receptor I (sIL-1-RI),
and soluble tumour necrosis factor receptor II (sTNF-RII).
A protein score was created by entering these proteins in
PLS again (Supplementary Table S2).

Development of models
After univariate and multivariable selection, the clinical
parameters CRP, DAS28, and the HAQ remained and a
prediction model with and without the protein score was
ﬁtted to the data (Table 2). The clinical model predicted

response with an AUC-ROC of 0.72 (0.64–0.80),
whereas the combined model including the protein
score resulted in an AUC-ROC of 0.77 (0.70–0.85).
When the prediction models were applied to classify
patients into response categories, the combined model
was able to assign more patients into the category of low
probability on EULAR good response, with 28.2% versus 21.5% respectively, with an NNT of 15 before one
extra patient was classiﬁed into the low category
(Table 3). When the redistribution of individual patients
was investigated after addition of the protein score, the
reclassiﬁcation of non-responders was 8.2% better and
that of responders 3.3% lower, resulting in an NRI of
0.05.
Two models predicting response were developed: one
clinical model containing the DAS28, CRP, and HAQ, and
a combined model including the same clinical parameters
as well as the protein score (containing a combination of
the 12 best predicting proteins out of all 53 proteins).
Shown are the odds ratios and statistical signiﬁcance of
all parameters when entered in the multivariable GEE
model with response to treatment as outcome. The two
models were compared for their predicting performance:
the clinical model showed an AUC-ROC of 0.72 [95%
conﬁdence interval (CI) 0.59–0.86], whereas the combined

Table 3. Risk categories for probability on European League Against Rheumatism (EULAR) good response in the development cohort (n = 65).
Category for probability of good response
Low (< 10%), estimated size (%)
Normal (> 10%), estimated size (%)
NNT

Clinical model

Combined model

21.5
79.5

28.2
71.8
15

The implementation of a predictive tool for treatment response requires guidance on how to use the result of this tool in clinical practice.
Therefore, a cut-off was determined where patients had such a low chance of a good response to tumour necrosis factor-α inhibitor
(TNFi) that they could rather be advised not to start treatment. This cut-off was deﬁned as a probability < 10% of a good response. The
proportion of patients with this low chance of response, as well as those with a normal risk, is shown for all 65 patients, as predicted by the
clinical model and by the combined model. As the implementation of the better performing combined model requires expensive protein
measurements, we calculated the number needed to test (NNT) to gain some insight into the cost–beneﬁt ratio. The NNT represents the
number of patients who require protein measurements, so that one extra patient can be classiﬁed as having a low chance of response
and thus can be advised not to start TNFi treatment.
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model showed a higher predictive ability with an AUCROC of 0.77 (95% CI 0.64–0.90).
To implement a predictive tool for response to treatment requires guidance on how to use the result of this
tool in clinical practice. Therefore, a cut-off was determined where patients had such a low chance of a good
response to TNFi that they could be advised not to start
treatment. This cut-off was deﬁned as a probability < 10%
of a good response. The proportion of patients with this
low chance of response, as well as those with a normal
risk, is shown for all 65 patients, as predicted by the
clinical model and by the combined model. As the implementation of the better performing combined model
requires expensive protein measurements, we calculated
the NNT to gain some insight into the cost–beneﬁt ratio.
The NNT represents the number of patients who require
protein measurements, so that one extra patient can be
classiﬁed as having a low chance of response and thus
can be advised not to start TNFi treatment.

Validation of models
We noticed on the xMAP analyses of the validation cohort
that there was a decay in concentration for 10 out of 12
proteins (especially the interleukins), which may relate to
the longer storage time at −80°C (Supplementary
Table S3). In order not to involuntarily adjust the relative
weight of each protein in the protein score, the protein
levels in the validation cohort had to be adjusted so that
the means and standard deviations (SDs) were comparable
with the development step. We did so by converting the
log-transformed value in the validation cohort to a Z score
with mean = 0 and SD = 1, then multiplying this Z score by
the SD of the corresponding protein in the development
cohort, and lastly adding the mean value of the protein in
the development cohort. These adjusted proteins were then
put in the original protein score, without any reﬁtting of the
relative weight between proteins or reﬁtting with respect to
the outcome. The calculated prediction score from the
clinical and combined models were applied in the validation cohort, which resulted in an AUC-ROC of 0.71 (0.63–
0.79) and 0.67 (0.59–0.75) for the model without and with
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the protein score, respectively. The model including the
protein score was not able to classify more patients into the
low probability of response category (17.3% vs 6.1% of
total) (Table 4) and the NNT of −9 indicates that for every
nine patients classiﬁed by the combined model, one fewer
patient is classiﬁed into the low probability of response
category. When the reclassiﬁcation was investigated, classiﬁcation of non-responders was 14.6% lower and that of
responders 3.5% higher, resulting in an NRI of −0.11.
A probability < 10% of a good response was used to
determine which patients had such a low chance of a good
response to TNFi that they could be advised not to start
treatment. The proportion of patients with this low chance
of response, as well as those with a normal risk, are shown
for all 185 patients in the validation cohort, as predicted by
the clinical model and by the combined model. The NNT
represents the number of patients who require protein measurements, so that one extra patient can be classiﬁed as
having a low chance of response and thus can be advised
not to start TNFi treatment. The negative NNT implies that
the addition of protein measurement results in fewer patients
being correctly classiﬁed by the new model (Table 4).
Discussion
In this study, we aimed to develop a protein score that is
predictive for the response to TNFi treatment in RA, and
to investigate whether this score is of added predictive
value over using clinical parameters alone. We showed
that the protein score combined with clinical parameters
initially improved the prediction of the TNFi treatment
response compared with clinical parameters alone
(including DAS28, CRP, and the HAQ), although this
could not be validated in a separate cohort of consecutively included patients. The clinical model even outperformed the combined model in the validation cohort.
Using DAS28, CRP, and the HAQ, which are parameters easily accessible in the clinical setting, 17% of
the validation cohort could be classiﬁed in the low-risk
category (< 10%). However, it is questionable whether
these are truly useful and relevant parameters, as the low
DAS28 already limits options for a good response considerably (it is more difﬁcult to achieve a DAS28 change

Table 4. Risk categories for European League Against Rheumatism (EULAR) good response in the validation cohort (n = 185).
Category for probability of good response
Low (< 10%), estimated size (%)
Normal (> 10%), estimated size (%)
NNT

Clinical model

Combined model

17.3
82.7

6.1
93.9
−9

A probability < 10% of a good response was used to determine patients with such a low chance of a good response to tumour
necrosis factor-α inhibitor (TNFi) that they could rather be advised not to start treatment. The proportion of patients with this low
chance of response, as well as those with a normal risk, is shown for all 185 patients in the validation cohort, as predicted by both
the clinical model and the combined model. The number needed to test (NNT) represents the number of patients who require protein
measurements, so that one extra patient can be classiﬁed as having a low chance of response and thus can be advised not to start
TNFi treatment. The negative NNT implies that the addition of protein measurement results in fewer patients being correctly
classiﬁed by the new model.
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IFX

IFX

IFX

ETN

GLM

Lequerre
et al (16)

Ortea
et al (17)

Trocmé
et al (18)

Uno
et al (19)

Visvanathan
et al (20)

22

100

43

60

8

76

93

33

Luminex, ELISA, and HumanMAP
(Myriad RBM)

Bio-Plex Human Cytokine 27-Plex panel
(Bio-Rad), and Milliplex MAP (EMD
Millipore)

SELDI-TOF MS

LC-MS/MS

ELISA, HPLC, latex agglutination, and
Waaler–Rose tests

12-plex human cytokine FLEX® kit
(Millipore) and ELISA (targets
preselected by autoantigen
microarrays)

Protein Biochip Array Technology
(Investigator Evidence; Randox,
Mauguio, France)

Synovial Human cytokine Luminex multiplex
ﬂuid
assay (Biosource, Paisley, UK)

Serum

Serum

Plasma

Serum

Serum

Serum

Serum

No. of
patients Material Method

12

107

31

N/A
(inﬁnite)

287
conﬁdently
quantiﬁed

22

26

12

No. of proteins

High IL-2 and G-CSF and low IL-6
predict response

Low concentrations of vWF and
pyridinoline predict ACR20
response

High IL-9 and low TNF-α predict
high DAS28-CRP

High concentration of six
biomarkers predicts response, of
which two proteins identiﬁed:
apoA-I and CXCL4 (PF4)

Low concentrations of CP, GC,
apoA-II, apoB-100, apoM, ITIH1,
ITIH2, GSN, CFHR4, APMAP,
MASP2, thrombospondin-1, and
complement C4-B α-chain
predict response

No predictors

24 protein signature predicts
response [GM-CSF-, IL-6, IL-1α,
IL-1β, eotaxin, IP-10, FGF-2, MCP1†, IL-12 p40, IL-12 p70, IL-15,
ﬁbrinogen protein, FibA (616–635)
cit, ﬁbromodulin, clusterin (2x),
ApoE, H2B/e, HSP58, COMP,
acetyl-calpastatin, biglycin,
osteoglycin, serine protease-11,
unknown direction)

High EGF and MCP-1†
predicts good response

Associations found

No

No

No

No

No

No

Yes, although these
markers could not
be validated in
236 consecutively
enrolled patients

No

No

No

No

No

No

No

No

Validation in
new patients

No

Technical
replication*

*After ﬁnal selection/developed model.
†This protein overlaps with another study.
ETN, etanercept; IFX, inﬂiximab; GLM, golimumab; ADA, adalimumab; ELISA, enzyme-linked immunosorbent assay; HPLC, high-performance liquid chromatography; LC-MS/MS, liquid
chromatography–tandem mass spectrometry; SELDI-TOF-MS, surface-enhanced laser desorption/ionization time-of-ﬂight mass spectrometry; MAP, multi-analyte proﬁling; N/A, not applicable;
EGF, epidermal growth factor; MCP, monocyte chemoattractant protein; GM-CSF, granulocyte–macrophage colony-stimulating factor; IL, interleukin; IP, interferon-inducible protein; FGF,
ﬁbroblast growth factor; FibA, ﬁbrinogen A; apoE, apolipoprotein E; H2B/e, histone 2B/e; HSP, heat shock protein; COMP, cartilage oligomeric matrix protein; CP, Ceruloplasin ??; GC,
glucocorticoids; ITIH, inter-α-trypsin inhibitor heavy chain; GSN, gelsolin; CFHR, complement factor H-related protein; APMAP, adipocyte plasma membrane-associated protein; MASP,
mannan-binding lectin serine protease; CXCL, chemokine (C-X-C motif) ligand; PF, platelet factor; TNF-α, tumour necrosis factor-α; DAS28-CRP, Disease Activity Score based on 28-joint count–
C-reactive protein; vWF, von Willebrand factor; ACR, American College of Rheumatology; G-CSF, granulocyte colony-stimulating factor.

IFX, ADA, ETN

ETN

Hueber
et al (15)

Wright
et al (21)

ETN

Treatment

Fabre
et al (14)

Study

Table 5. Non-exhaustive overview of studies with a proteomic approach to identify baseline predictive proteins regarding response to tumour necrosis factor-α inhibitor (TNFi) treatment.
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> 1.2) and a high HAQ is to some extent indicative for
treatment-refractory RA. It is therefore not expected that
patients with a low DAS28 and high HAQ will have a
better response to any non-TNFi.
Proteomic approaches to the prediction of response have
been studied before (14–21). An overview of these studies
and reported results is presented in Table 5. Two studies
found no predictors of response, of which one study did not
identify any possible predictors in the discovery phase
(16), whereas the other study failed to validate the results
of the discovery phase (20). The other six studies all
proposed predictors of response to therapy; however,
none of these studies performed a technical replication or
separate validation in new patients, and the overlap of
discovered predictors between studies is restricted to
CCL2 (monocyte chemoattractant protein-1, MCP-1),
which has been cross-validated in two studies (14, 15).
However, CCL2 was not shown to be predictive in our
study and was not identiﬁed in the studies using mass
spectrometry (17, 18), implying that it is not a consistent
predictor. Several other proteins proposed as predictors in
earlier studies were measured in our xMAP panel, including chemokine (C-X-C motif) ligand 4 (CXCL4), granulocyte–macrophage colony-stimulating factor (GM-CSF),
IL-1α, IL-1β, IL-6, IL-8, IL-15, IL-19, IP-10, and TNF-α.
However, none of these parameters was associated with
response in the development step, except for IL-15, which
could not be validated and was also not identiﬁed in the
studies using mass spectrometry. The disparate results
between all studies to date may be explained by differences
in demographic characteristics, serology status, the TNFi
used, concomitant treatments, and different techniques;
however, the possibility of false-positive ﬁndings and the
absence of biologically true predictors of response cannot
be excluded.
Although proteomic approaches have thus far failed to
provide predictors of response to treatment, they are
capable of assessing current disease activity. Moreover,
a multi-biomarker disease activity (MBDA) test for RA
has been developed (22) and validated in several external cohorts (23–25). Although careful clinical judgement
cannot be replaced by any biomarker assay, the MBDA
test could possibly be used to biochemically track
changes in disease activity over time. As for the prediction of response, the abilities of the MBDA test have yet
to be investigated. However, it has been shown that the
baseline MBDA score is a signiﬁcant prognostic factor
for radiographic progression, according to one study
(26), but is not able to predict radiographic progression
over time better than DAS28, according to another study
(23). In addition, one study found hardly any correlation
between the MBDA score and several disease activity
measurements in RA patients treated with biologicals
(27). In our study we were not able to test its predictive
ability for therapeutic response, as the individual parameters within the MBDA were not all covered by the
proteomic platform.
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The results should be viewed within the perspective of
the limitations of this study. First, we used GEE to adjust
for the extra level in the data; however, we were unable to
use this technique in validation as no universal prediction
score (i.e. linear predictor) can be derived from the GEE
model that can be applied in another cohort. As a sensitivity
analysis, therefore, we ﬁtted a clinical and combined model
using GEE to the data in the validation cohort, containing
the individual parameters instead of the prediction scores.
The AUC-ROC of both models was 0.72 (0.64–0.80),
again indicating that no advantage is gained by including
the protein score. Another weak point of this study is the
large differences in protein concentration between the
development and validation cohorts, which was probably
related to a longer storage time and subsequent degradation
(28). The means and SDs of the (log-transformed) protein
concentrations were therefore rescaled to the values of the
newest samples so as not to inﬂuence the protein score.
However, one important assumption for this adjustment is
that the actual protein concentrations of the patients in the
validation cohort are likely to follow the same distribution
as in the development cohort, which may not be the case
considering the higher baseline CRP and DAS28 in the
validation cohort. However, as none of the selected proteins
signiﬁcantly correlated with baseline DAS28 (all p > 0.05),
and only IL-6 (r = 0.255, p = 0.042) and sCD14 (r = 0.294
p = 0.018) weakly correlated with CRP, the expected
inﬂuence of baseline characteristics in the observed differences in protein concentrations between the development
and validation cohorts is small. Lastly, we used serum
instead of plasma for the proteomic analyses. Serum,
being extracted after coagulation has taken place, has several disadvantages. The coagulation cascade is a complex
biochemical process which involves activation of platelets
and other cellular components, resulting in the release of
various proteins. Therefore, the difference between serum
and plasma in proteomic proﬁle typically involves plateletrelated markers, such as IL-6, CCL5, CXCL4, CXCL8, and
vascular endothelial growth factor A (29–32). Of these,
only IL-6 was selected as a potential marker. Therefore, it
appears that plasma would not have resulted in a completely different selection of proteins, and would have provided replicable results.
Heterogeneity plays a large role in RA research. Patients
differ in all aspects of the disease, e.g. genetic susceptibility,
autoantibody status, erosive disease, pain perception, previous failed treatments, and efﬁcacy and tolerability of concomitant treatments. These interpatient differences account
for the difﬁculty in formulating subgroups using only several clinical parameters and biomarkers. In addition, even
though the classiﬁcation of a patient’s (universal) clinical
response to therapy can be standardized, the classiﬁcation is
subject to heterogeneity in response patterns over time (early
response, late response, loss of response, etc.), rapidly ﬂuctuating disease activities, and subjective inﬂuences. The
DAS28 also has the disadvantage that it omits the assessment of regularly affected joins, such as those in the foot.
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The majority of the patients with a tender/swollen joint score
of zero at baseline had involvement of the feet that prompted
the prescription for a TNFi, which results in misclassiﬁcation of these patients in categories with low disease activity
and limits the ability to detect a EULAR response. Clinical
and biological heterogeneity and (mis)classiﬁcation of
response make the quest for biomarkers of response very
challenging and will hamper future research on this topic,
unless we ﬁnd solutions for these issues.
As RA is a heterogeneous disease, it creates the appropriate conditions to distinguish phenotypes for personalized treatment approaches. So far, however, we do not
know which phenotypes are of importance and how to
characterize these. In this study, we used only proteins
(and clinical characteristics) to subclassify RA patients.
The fact that we and others did not ﬁnd an association
with response could be related to an insufﬁcient phenotyping of RA, as this may be reﬂected not entirely by proteins
but also by genomics, transcriptomics, miRNAomics,
metabolomics, and the exposome. Theoretically, an integration of multiple high-throughput platforms will approximate RA phenomics better than one ‘omics’ can.
However, the multidimensional biological matrices and
methodological techniques required for such integration,
such as in systems biology, are not yet available.
Phenotyping by systems biology should thus be further
developed, as this is better suited to exploit the full potential of the data and thereby determine the biological state of
a cell population.

Conclusion
This study showed that the combination of a proteomic
score and clinical parameters is not able to identify TNFi
non-responders and responders before the start of treatment. As earlier studies failed to produce reproducible
results, it is questionable whether proteomics are useful
in the prediction of response to TNFi treatment. Future
studies on this topic should at least validate results in a
separate cohort, to ensure the reproducibility and validity
of the proposed proteomic predictor(s).
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