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Abstract

Objectives

Early diagnosis of rheumatoid arthritis (RA) is an unmet medical need in the field of rheuma-
tology. Previously, we performed high-density transcriptomic studies on synovial biopsies
from patients with arthritis, and found that synovial gene expression profiles were signifi-
cantly different according to the underlying disorder. Here, we wanted to further explore the
consistency of the gene expression signals in synovial biopsies of patients with arthritis,
using low-density platforms.

Methods

Low-density assays (cDNA microarray and microfluidics gPCR) were designed, based on
the results of the high-density microarray data. Knee synovial biopsies were obtained from
patients with RA, spondyloarthropathies (SA) or osteoarthritis (OA) (n = 39), and also from
patients with initial undifferentiated arthritis (UA) (n = 49).

Results

According to high-density microarray data, several molecular pathways are differentially ex-
pressed in patients with RA, SA and OA: T and B cell activation, chromatin remodelling,
RAS GTPase activation and extracellular matrix regulation. Strikingly, disease activity
(DAS28-CRP) has a significant influence on gene expression patterns in RA samples.
Using the low-density assays, samples from patients with OA are easily discriminated from
RA and SA samples. However, overlapping molecular patterns are found, in particular be-
tween RA and SA biopsies. Therefore, prediction of the clinical diagnosis based on gene ex-
pression data results in a diagnostic accuracy of 56.8%, which is increased up to 98.6% by

PLOS ONE | DOI:10.1371/journal.pone.0122104  April 30, 2015

1/18


http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0122104&domain=pdf
http://creativecommons.org/licenses/by/4.0/

@’PLOS | ONE

Synovial Molecular Patterns in Arthritis

UCB grant (« Chaire UCB sur les rhumatismes
inflammatoires et systémiques »). BRL is a part-time
research fellow (« Clinicien-chercheur ») of the Fonds
National de la Recherche Scientifique (Communauté
frangaise de Belgique). DNAlytics provided support in
the form of salaries for authors PG and TH, but did
not have any additional role in the study design, data
collection and analysis, decision to publish, or
preparation of the manuscript. The specific roles of
these authors are articulated in the ‘author
contributions’ section.

Competing Interests: A patent application (12/
528,615 based on PCT Application N° PCT/EP2008/
052532: « Method for the determination and the
classification of rheumatic conditions) was deposited
by the Université catholique de Louvain (BRL, FAH
and BJVAE). This does not alter the authors'
adherence to PLOS ONE policies on sharing data
and materials. TH is CEO and PD is founder of
DNAlytics, a spin-off company of the Université
catholique de Louvain that currently develops a
diagnostic application based on the results presented
in this manuscript. PG is a collaborator of DNAlytics.
All other authors declare that they have no
competing interests.

the addition of specific clinical symptoms in the prediction algorithm. Similar observations
are made in initial UA samples, in which overlapping molecular patterns also impact the ac-
curacy of the diagnostic algorithm. When clinical symptoms are added, the diagnostic accu-
racy is strongly improved.

Conclusions

Gene expression signatures are overall different in patients with OA, RA and SA, but over-
lapping molecular signatures are found in patients with these conditions. Therefore, an ac-
curate diagnosis in patients with UA requires a combination of gene expression and
clinical data.

Introduction

Rheumatoid arthritis (RA) is an inflammatory joint disorder that results in progressive joint
damage when insufficiently treated. In order to prevent joint destruction and functional dis-
ability in RA, early diagnosis and initiation of appropriate treatment with Disease-Modifying
Anti-Rheumatic Drugs (DMARDs) is needed [1-5]. However, in daily clinical practice, pa-
tients may initially display symptoms of arthritis that do not fulfill the classification criteria for
a definite diagnosis of RA, or any other joint disease, a situation called “Undifferentiated Ar-
thritis” (UA). Out of the patients with UA, 30 to 50% usually develop RA, and early identifica-
tion of these remains a challenge [6].

At the present time, although several risk factors associated with the development of RA
have been identified [6-9], a model that reliably predicts the probability of evolution of UA
into RA in individual patients is lacking. In order to better identify early RA patients, an Amer-
ican College of Rheumatology (ACR)/European League Against Rheumatism (EULAR) collab-
oration recently developed new RA classification criteria [10]. Although these criteria are more
sensitive, the risk of misdiagnosis is an important issue to consider, especially in very early dis-
ease [11, 12]. In this context, the present study explores the feasibility of a molecular diagnosis
of arthritis, based on the identification of disease-specific transcriptomic profiles in synovial bi-
opsies from UA patients, using low-density cDNA arrays.

We performed global analyses of gene expression in synovial biopsies from patients with
RA, Systemic Lupus Erythematosus (SLE), Osteoarthritis (OA), psoriatic arthritis (SA) and mi-
crocrystalline arthritis (MIC), using high-density oligonucleotide spotted microarrays [13]. We
found that the gene expression profiles were strikingly different according to the underlying
condition, and we used these data in order to identify disease-specific molecular signatures.
Out of the disease-specific probes, 100 were spotted on two different low-density gene expres-
sion platforms (cDNA array and microfluidics qPCR) in order to evaluate their diagnostic ac-
curacy in an independent set of patients. Our results confirm overall differences in gene
expression in patients with RA, SA and OA. However, transcriptomic overlaps among the dif-
ferent clinical entities result in a diagnostic accuracy that does not exceed 57% when using tran-
scriptomic data alone. In order to reach a high diagnostic performance, addition of clinical
data into the diagnostic algorithm is needed.
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Materials and Methods
Synovial biopsies and RNA extraction

Synovial biopsies were obtained by needle arthroscopy of the affected knee. For each proce-
dure, 6 to 8 biopsy fragments were stored in RNA later and frozen at —80°. Synovial biopsy
samples were homogenized using an Ultra-Turrax rotor (Ika, Staufen, Germany) and total
RNA was extracted from synovial biopsy tissue using the Nucleospin RNA II extraction kit
(Macherey-Nagel, Diiren, Germany), including DNase treatment of the samples. RNA quantity
was assessed by optical density measurements, using a Nanodrop ND-1000 spectrophotometer
(Thermo Fisher Scientific Inc., Wilmington, DE). RNA quality was evaluated by capillary elec-
trophoresis using an Agilent 2100 Bioanalyzer and RNA Nano Chips (Agilent Technologies
Inc,, Santa Clara, CA). All samples had a RNA integrity number (RIN) higher than 6.

High-density microarray studies

GeneChip Human Genome U133 Plus 2.0 Arrays (Affymetrix UK Ltd., High Wycombe, UK)
were hybridized in monoplicates with 10 pg biotinylated cRNA, synthesized as previously de-
scribed [13], using synovial biopsy samples obtained in untreated patients with RA (n =7), OA
(n=5), SLE (n =4), SA (based on the presence of peripheral arthritis and skin psoriasis; n = 4)
and MIC (based on the identification of urate or calcium pyrophosphate crystals in the synovial
fluid, n = 5). The gene expression data observed in the patients with RA, OA and SLE were pre-
viously reported in [13]. The slides were stained using the EukGE-WS2v5 Fluidics protocol on
the GeneChip Fluidics Station (Affymetrix UK Ltd.), and scanned on a GeneChip Scanner
3000, resulting in the generation of .CEL files used in the analyses described below. All the data
used in this experiment were deposited in the Gene Expression Omnibus (GEO) of the Nation-
al Center for Biotechnology Information, and are accessible through GEO series accession
number [GEO: GSE36700].

In addition, 32 GeneChip Human Genome U133 Plus 2.0 data, obtained by our group in sy-
novial biopsies from untreated early (< 1 year disease duration, n = 20) [14], and from refrac-
tory (resistant to methotrexate and TNF blockade, n = 12) [15] RA patients were retrieved
from [GEO: GSE45867] and [GEO: GSE24742].

Low-density microarray studies

93 biopsies from 88 additional patients with knee synovitis were included in this part of the
study. All were untreated at the time of the biopsy (at the exception of non-steroidal anti-in-
flammatory drugs). Out of them, 39 had a definite diagnosis: RA (n = 10), according to the
1987 American College of Rheumatology (ACR) classification for RA [16]; SA (n = 4), based
on the presence of psoriasis or typical x-ray evidence of peripheral or sacro-iliacal joint involve-
ment, and OA (n = 25), based on x-ray evidence. There were no biopsies available from pa-
tients with MIC and SLE.

The 49 remaining patients had UA. A clinical diagnosis was obtained for all of them, after a
median follow-up of 9 months: RA (n = 21), OA (n = 19) and SA (n =9). 5 of these UA pa-
tients, who would later develop RA, had a repeat biopsy after 3 months. They had received pla-
cebo treatment in the context of a randomized trial, and were therefore still untreated at the
time of the second biopsy. Therefore, 54 distinct UA samples were used, 26 of which were har-
vested in patients with a later diagnosis of RA.

Baseline characteristics of the patients are described in Tables 1 and 2. The study was ap-
proved by the ethics committee of the Université catholique de Louvain, and written informed
consent was obtained from all patients.
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Table 1. Baseline characteristics of the patients with a known diagnosis at the time of the needle-arthroscopy procedure.

Characteristics RA (n =10) SA (n=4) OA (n=25)
Age in years, mean + SD 52.5+24.4 45.5 £18.5 65.2 +8.3
Female gender n/ % 71/70.0% 1/25% 19/76.0%
ACR 1987 RA criteria positivity n / % 10/100% 0/0% 0/0%
ACR/EULAR criteria 2010 n / % 10/100% 0/0% 0/0%
Morning stiffness > 1hourn/ % 9/90% 1/25% 2/8.0%
Swollen joint count (28 assessed), mean + SD 8.4 +3.5 1.75 +0.5 16114
Arthritis of hands n / % 10/100% 0/0% 1/4.0%
Symmetrical involvement of joints n/ % 10/ 100% 2/50% 9/36.0%
Psoriasis n / % 0/0% 4/100% 0/0%
ACPA positivity n (%) 8/80% 0/0% 0/0%
Rheumatoid factor positivity n / % 9/90% 0/0% 3/12.0%
X-ray erosions n/ % 6/60% 0/0% 0/0%
CRP > normal value n/ % 10/100% 1/25% 1/4.0%

doi:10.1371/journal.pone.0122104.t001

Total RNA (1 ug) was amplified using the Ambion MessageAmp II aRNA Amplification
Kit (Invitrogen Life Sciences, Gent, Belgium), and aRNA was used for the synthesis of biotiny-
lated cDNA, using the DualChip cDNA synthesis protocol (Eppendorf Array Technologies,
Namur, Belgium). Briefly, the aRNA template was spiked with a mix of in vitro transcribed
polyadenylated RNA as internal standard (Silverquant internal standards, Eppendrof Array
Technologies, Namur, Belgium), and the synthesis of biotinylated cDNA was carried out using
oligo(dT) primers and Superscript II reverse transcriptase (Invitrogen) in the presence of a
dNTP mix, together with biotin-11-dCTP and biotin-11-dATP. At the end of the reaction,
RNAse H was added for 20 minutes, and the reaction was terminated by heating the mix for 3
minutes at 95°.

The biotinylated cDNA samples were spiked with biotinylated hybridization controls (Bio-
tin-HybControl, Eppendorf Array Technologies, Namur, Belgium), and hybridized overnight
in monoplicates on customized DualChip low-density arrays, spotted with 200 bp-long cDNA
probes targeting 100 diagnostic genes, together with 68 probes targeting house keeping genes
(n = 13), internal standards (n = 6) and hybridization controls (n = 49) (all probes are spotted

Table 2. Baseline characteristics of the patients with UA, categorized according to the development of RA after a median follow-up of 9 months

(range — months).

Characteristics

No progression to RA (n = 28) Progression to RA (n = 26)

Age in years, mean +/- SD

Female gendern/ %

Morning stiffness > 1hour n / %

Swollen joint count (28 assessed) +/- SD
Arthritis of hands n / %

Symmetric involvement of joints n / %
Psoriasis n/ %

ACPA positivity n / %

Rheumatoid factor positivity n / %
ACR/EULAR 2010 criteria positivity n / %
X-ray erosions n/ %

CRP > normal value n/ %

48.7 £ 141 43.7+9.2
16/57.1% 19/73.1%
6/21.4% 12/46.1%
2425 3.0x27
4/14.3% 19/73.1%
12/ 42.9% 8/30.8%
3/10.7% 0/0%
0/0% 20/76.9%
2/71% 19/731%
1/3.6% 11/42.3%
0/0% 3/11.5%
5/17.9% 13/ 50.0%

doi:10.1371/journal.pone.0122104.t1002
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in triplicates on each slide). The slides were washed, and incubated in the presence of a anti-bi-
otin antibody with nanogold particle conjugates. Finally, the slides were stained by the addition
of a Silverquant silver reagent that precipitates in the presence of nanogold particles. Colori-
metric detection of the spot intensities was performed on a Silverquant Scanner (Eppendorf
Array Technologies). Raw gene intensity data are displayed in S1 Table.

Low density qPCR studies

31 biopsies from from patients (n = 29) with initial UA with knee synovitis were included in
this part of the study. A repeat biopsy at 3 months was collected in 2 patients who had received
placebo treatment in the context of a randomized trial. 30 of these samples were also hybridized
on the low-density microarrays. All patients were untreated at the time of the biopsy. A clinical
diagnosis was obtained in all of them after a median follow-up of 9 months: RA (n = 15), OA
(n=11),and SA (n=5).

Total RNA (500 ng) was reverse-transcribed into cDNA, using the high-capacity reverse
transcription kit (Life Technologies, Merelbeke, Belgium). A customized Tagman low-density
array (Life Technologies) was designed in order to assess the expression of 95 signature and
one house-keeping (18s) genes, using pre-designed Life Technologies Tagman assays. 16 ml
c¢DNA was mixed with 84 ml H20 and 100 ml 2x Tagman universal master mix (Life Technol-
ogies). Each sample was loaded into two ports of the card, and run on an ABI 7900HT system
for 2 min at 50°C, 10 min at 95°C, followed by 40 cycles for 15s at 97°C and 1 min at 60°C. One
of the assays (MYEOV2) failed to generate any signal, and was excluded from the analyses.
Raw qPCR data are displayed in S2 Table.

Analyses of the high-density microarray data

The initial high-density array data consist of .CEL files (HGU133 Plus 2.0 slides) from 25 un-
treated patients diagnosed with RA (n=7), OA (n=5), SLE (n = 4), SA (n=4), MIC (n =5).
Normalized gene expression data were obtained from the .CEL files using the RMA pre-pro-
cessing method [17]. The data were randomly split 200 times into a training set and a test set
containing respectively 90% and 10% of the samples. Then, for each partition of the data, two
filtering approaches were employed to reduce the list of potential genes available for prediction:
(i) A quantile filtering approach was used to remove 75% of the genes with the smallest vari-
ability across samples, where variability was measured in terms of the distance between the
5-th and the 95-th percentile; (ii) ANOVA filtering was employed next to remove those genes
whose associated p-value was above 5%.

For each train and test partition of the data, and for progressively decreasing values (ranging
from 1000 to 10) of the signature size (k), individual genes were ranked according to their
power to discriminate each potential diagnosis, i.e. RA, SLE, OA, SA or MIC, from all the oth-
ers. The statistic of a standard Student’s t-test was used for this purpose. For each potential di-
agnosis we selected the top k / 5 ranked genes, which were put together to obtain a signature of
size k. Then, we evaluated the diagnostic performance associated to the signature on the test set
and we reported average results.

The predictor employed in these analyses was a nearest neighbors classifier which uses the
Pearson correlation distance. The diagnostic performance of the nearest neighbors classifier
was measured in terms of the balanced classification rate (BCR). The BCR is defined as the
arithmetic average of the accuracies within the samples corresponding to each potential
diagnosis.
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The variability in the expression of the signature genes was further evaluated in a second set
of high-density array data, consisting of 32 .CEL files (HGU133 Plus 2.0 slides) originated
from an independent set of RA patients.

Analyses of the low-density microarray data

The low-density array data consist of 93 text files from 88 patients included in this part of the
study. Raw data were pre-processed in four successive steps. In a first step, a standard back-
ground correction method was applied by subtracting the corresponding local background
from each spot’s foreground intensity. In a second step, the generalized log (glog) transforma-
tion described in [18] was carried out in order to stabilize the variance on the whole range of
signal intensity. Its parameters were tuned by maximizing likelihood, using the R package
LMGene. In a third step, a scale normalization based on internal standards and house-keeping
genes was applied. In particular, for each replicate z;;, with k=1, 2, 3, corresponding to patient
i and internal standard or house keeping gene j, it was assumed that

Zyo = Mt + bj + Zijk

where 1 is a constant bias term, a; is a patient-specific parameter, b; is a gene-specific parame-
ter, X is standard residual Gaussian noise and, without loss of generality, a; = b; = 0. Parame-
ters a; and b; were tuned by minimizing the sum of squared residuals. The fitting of the model
was repeated after removing replicates whose residuals were outliers, in an iterative process
until no such outliers were found. This gave coefficients a; for each sample which were then
subtracted from the data of the corresponding patient. Finally, triplicate spot intensities for
each diagnostic gene were summarized in a single median value.

The diagnostic predictions were performed by randomly splitting the low-density array data
200 times into a training set and a test set containing respectively 90% and 10% of the samples.
Using these different partitions of the data, we evaluated the diagnostic performance of a near-
est neighbors classifier with 1, 3 or 5 nearest neighbors. The performance metric employed was
again the balanced classification rate (BCR). The 3-class BCR was computed (RA versus OA
versus SA), as well as the 2-class BCR (RA versus not RA). The 2-class BCR of the ACR-EU-
LAR 2010 criterion for RA is also reported as a comparator [10].

In a second analysis, we used clinical symptoms in order to improve the diagnostic perfor-
mance of the nearest neighbors classifier. For this purpose, we modified the distance function
employed in such classifier to combine both types of data: i.e. the intensity values correspond-
ing to the diagnostic genes and some extra clinical attributes. Consider two arbitrary data sam-
ples characterized by the vectors x; and x,. The distance in the nearest neighbors classifier
which combines both types of data was set to:

dist(x,,x,) = p.dist,((x,), ¢(x,)) + (1 — p).disty(w(x,), »(x,))

where distg(.,.) is the Euclidean distance, distp (.,.) is the Pearson correlation distance, ¢(.) is a
function that returns the clinical attributes associated to the given sample, w(.) is a function
that returns the intensity values of the diagnostic genes associated to the given sample and p €
[0, 1] is a parameter that determines the combination of the data. If p = 1, the clinical attributes
are exclusively used for prediction. If p = 0, the low-density array data alone are used instead.
The influence of the p parameter was measured by computing the BCR on each resampled test
set for 21 values of p evenly distributed in the interval [0, 1].

The whole resampling procedure, with varying parameters, was applied on several subsets
of low-density data. The number of nearest neighbors and combination parameter were tuned
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Fig 1. Balanced classification rate (BCR) of a nearest neighbor classifier as a function of the signature
size (number of genes) used for prediction. Lists of genes of progressively decreasing sizes were
determined based on high-density transcriptomic data, and used in order to predict diagnosis in 25 patients
with RA, SLE, OA, SA and MIC. BCR is plotted in function of the signature size. Lists of genes containing
between 20 and 100 probe sets provide performances that range between 83% and 85%.

doi:10.1371/journal.pone.0122104.g001

on the 39 samples from patients with a definite diagnosis. The model was then run after addi-
tion of an independent set of 54 samples obtained in patients with UA at baseline.

Analysis of the qPCR data

The same resampling procedure was also applied using qPCR data of 31 samples from patients
with UA. Similarly, we evaluated the combined distance and the influence of the combination
parameter on 2- and 3-class BCR.

Results
High density array data

In a first set of experiments, we used high-density transcriptomic data (HGU133 Plus 2.0 ar-
rays) obtained in synovial biopsies from untreated patients with RA (n =7), OA (n=5), SLE
(n=4), SA (n=4) and MIC (n = 5). After filtering the pooled data, we found by ANOVA that
about 4,500 genes are differentially expressed among the 5 groups of patients. The cross-valida-
tion process was carried out in order to determine the minimal number of genes necessary for
a right categorization. Fig 1 shows the BCR of a nearest neighbor classifier as a function of the
size of the signature considered for prediction, using the high-density transcriptomic data. The
tigure shows that optimal diagnostic accuracies are obtained with signatures containing a num-
ber of genes that ranges between 20 and 100. Of note, the 100 most discriminant probes belong
to pathways known to be relevant in the pathogenesis of several forms of arthritis: T and B cell
activation (BCL11B, CD79A, IL7R, LCK, RHOH, IL23A, JAK3, CCL5), chromatin remodeling
(PHF21A, ASHI1L, CHD1, CHD9, HMGBI, SYNC, SUP16H, TOX), RAS GTPase activator ac-
tivity (ERRFI1, RALGPS2, TBC1D24, TBC1D20), extracellular matrix (SPARCLI, FN1,
SPOCK1), type I interferon-induced genes (IF127, ISG15, RSAD2, IFI6, IFIT3, OASI). The ma-
jority of the genes belonging to T and B cell activation / chromatin remodeling pathways are
over-expressed in RA and SLE synovial biopsies, while type I interferon-induced genes are spe-
cifically over-expressed in SLE samples. By contrast, the genes over-expressed in RAS GTPase
activator / extracellular matrix pathways are rather over-expressed in OA samples (Fig 2).

Given the striking over-expression of specific gene subsets in these RA samples, we assessed
their levels of expression in additional high-density transcriptomic data sets obtained in
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Fig 2. High-density gene expression data used for the design of the low-density platform. Analyses performed on high density transcriptomic data
resulted in the selection of 100 probe sets differentiating patients with RA, SLE, OA, MIC and SA. The probes and gene symbols are also listed in S3 Table.
(A) Hierarchical clustering algorithms using the high density gene expression values of these genes (and based on the Pearson correlation distance)

RA

Probe Gene
set  symbol

1405_iat  CCLS
226218 at  WL7R
203413_at  NELL2
204529_s_at TOX
210140_at  CST7
204852_s_at PTPN7
227030_at  IKZF3
204891 s_at LCK
213193 x at 1L23A
222895_s_at BCL11B
205590_at  RASGRP1
216920_s_at TARP
236293 at  RHOH
227224 at  RALGPS2
205049_s_at CD79A
240159_at  SLC15A2
1565705_x_at CDNA..FLI2
211275_s_at GYG1
200680_x_at HMGB1
221830_at  RAP2A
204258 at  CHD1
218543_s_at PARP12
201503_at  G3BP1
217817_at  ARPCA
208819_at  RABSA
1554153_a_at PHF21A
37831at  SIPALL3
229120_s_at CDC42SEL
207277_at  CD209
225764 at  ETV6
227677_at  JAK3
209932_s_at DUT
244872 at  SYNC
216306_x_at PTBP1
222440_s_at THRAP3
217815_at  SUPTI6H
209652_s_at PGF
202411 at  IFI27
205483 s_at 15615
226702_at  CMPK2
242625 at  RSAD2
204415_at  IFI6
229450 at  IFIT3
205552_s_at OAS1
208677_s_at BSG
1555154_a_at QK
207216 at  TNFSF8
1552377_s_at FAM1882
200757_s_at CALU
226910_at  COMMD2
208712 at  CCNDL
225363_at  PTEN
201621 at  NBLL
209537_at  EXTL2
202363_at  SPOCK1
203794 at  CDCA2BPA
212615_at  CHD9
201906_s_at CTDSPL
227908 at  TBC1D24
226409_at  TBC1D20
209379_s_at FAM1908
228760_at  SRSF8
212394_at  KIAAO09O
225922 at  FNIP2
242738 s_at ZFHX3
217945_at  BTBDL
200972_at  TSPAN3
200795_at  SPARCLL
209406_at  BAG2
217795_s_at TMEMA3
236325_at  KIAA1377
214701_s_at FN1
1569472_s_at TTC3
223667_at  FKBPY
224657_at  ERRFI1
206236_at  GPR4
242100_at  CHSY3
40837_at  TLE2
218353_at  RGSS
242500_at  Clone.IMAC
227088_at  PDESA
235355_at  CSRNP3
227312 at  SNTB2
1555268_a_at GRID1
208475_at  FRMDAA
241905_at  PIK3C2A
222667_s_at ASHIL
236816_at  NAA2S
1552329_at  RBBPG
215992 s_at RAPGEF2
222728 s_at TAF1D
221709_s_at ZNF839
208804_s_at SFRS6
211710_x_at RPL4
217719_at  EIF3EIP
212725_s_at TUGL
2185335 at UCKLL
226845_s_at MYEOV2
227894_at  WDR90
331328t CPSF1
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distribute the samples into “inflammatory” (RA and SLE) and “high extra-cellular matrix turn-over” (OA, SA and MIC) clusters. They also identify diagnostic
subdivisions. (B) The high density gene expression values of these 100 genes are displayed according to the clinical diagnosis of the samples.

doi:10.1371/journal.pone.0122104.9002

synovial biopsies from 32 other RA patients with active disease, prior to inclusion in therapeu-
tic protocols. As shown in Fig 3, we could observe a significant heterogeneity in the expression
of the selected T and B cell activation-associated genes among these samples. Interestingly, ex-
pression levels of the majority of these probe sets correlated significantly with disease activity
(DAS28-CRP), thereby explaining part of the observed heterogeneity.

Low density cDNA arrays

In order to further compare and explore the expression of the selected 100 genes in larger num-
ber of samples, we designed two low-density platforms (low density cDNA array and microflui-
dics qPCR). Expression profiling using the low-density array was first performed in 39 synovial
samples obtained from untreated patients with a known diagnosis. These samples were differ-
ent from these used in the high-density studies. Given the absence of biopsy samples from pa-
tients with MIC and SLE in these samples, we restricted the possible diagnostic choices to OA,
RA and SA. Using the computation algorithm described in the Materials and Methods section
(nearest neighbors classifier), the diagnostic performance of the array, measured in terms of
the 3-class BCR, was 56.8%. Detailed performance measures (Table 3) show that a majority of
prediction errors are confusions between RA and SA. All OA samples were correctly predicted,
and 85.5% of the samples predicted as OA were indeed OA.

In order to explain the relative low performance of the computation algorithm, we com-
pared the gene expression data obtained using the low-density arrays, to the original set of data
from the high-density arrays (i.e. different platforms and different samples). The differences in
gene expression in OA versus RA + SA samples displayed a good correlation (Pearson r = 0.47,
p < 0.0001) between the two sets of data (Fig 4A). However, a decrease of the fold-change mag-
nitude was observed in the low-density array data, as compared to the high-density data, and
this compression of the fold change magnitudes in the low-density array data remained after
normalization of the mean gene expression values by their standard deviations (Fig 4B). Simi-
larly, there was a good correlation in the differences observed in RA versus SA samples

Correlation

Gene Name DAS-28 CRP Coefficient p value
D W =H NN ST D N O MW e 00 oINS 00 NN MOo M 0 —
WoWWOANMWMNOMNO OO ANNUOUMNOOOANNS WM OLWON ON X O WV
NN O FTSTTSTST SIS OGN WBBGLGOS OSO6NNN
CCL5 0.2896 0.1079
LCK 0.3959 0.0249
CD79A 0.5447 0.0013
IL23A 0.4556 0.0088
BCL11B 0.5171 0.0024
IL7R 0.4104 0.0196
JAK3 0.4564 0.0086
RHOH 0.5323 0.0017

-2 -1 0 +1 +2

Fig 3. Effect of disease activity on gene expression in RA samples. Mean centered log2-transformed
expression levels of selected T cell activation-associated transcripts were extracted from HGU133 Plus2.0
GeneChip array data sets of 32 patients with RA. DAS28-CRP scores were retrieved from the medical files of
the patients, and the samples are sorted by ascending DAS28-CRP. Correlation coefficients (Pearsonr)
between gene expression and DAS28-CRP are displayed for each transcript.

doi:10.1371/journal.pone.0122104.g003
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Table 3. Diagnostic performances of a 5 nearest neighbors classifier on clinical, trancriptomic (low-density arrays or gPCR), and combined data
originated from synovial biopsy samples obtained in patients with a known diagnosis or UA.

Model 3 class BCR

2 class BCR Sensitivity Predictive positive value

RA OA SA RA OA SA

Known diagnosis — low density arrays (n = 39)

Clinical 94.1+8.0
Transcriptomic 56.8 £ 10.2
Combined 98.6 +2.5
UA - low-density arrays (n = 54)
Clinical 64.0+13.2
Transcriptomic 47.1 £10.1
Combined 69.9+13.4
ACR/EULAR 2010 criteria

UA - qPCR (n = 31)

Clinical 74.3+16.5
Transcriptomic 38.7+15.7
Combined 82.3*15.4

ACR/EULAR 2010 criteria

91.7+12.0 86.5 +23.0 95.8+7.4 100.0+ 0.0 92.0+14.0 96.5%6.0 100.0 £ 0.0

771 +15.2 70.5 + 30.7 100.0 £ 0.0 0.0+0.0 529+213 855+105 NA
98.4+2.8 100.0£0.0 958174 100.0£0.0 93.8+11.1 100.0 £ 0.0 100.0 £ 0.0
71.7+9.7 62.0 + 18.2 72.0+21.1 58.0+32.7 81.6+13.7 51.8+16.6 100.0 £ 0.0
60.6 £11.9 50.0+16.9 742193 8.0+8.0 632+15.0 546+149 43.1+36.9
80.1 £10.3 77.2+15.8 74.5%20.1 58.0£32.7 84.8%112.2 62.2+17.6 100.0 £ 0.0
67.9+9.7 39.8+18.2 92.1+14.2

79.2+16.1 740+£29.0 69.0+306 80.0+265 76.5+21.7 65.7+251 100.0 £ 0.0

479 £19.7 48.5 + 33.1 60.5+32.4 7.0+7.0 30.0+21.8 47.8+23.8 58.7 + 39.6
90.1 £11.3 93.5+16.3 73.5%£29.2 80.0 £26.5 849+17.0 79.5+£227 100.0 £ 0.0
69.9+18.5 51.0 + 33.1 72.3+27.2

The reported indicators (mean + SD) were evaluated by multiple resampling, as described in the Materials and Methods section. The ACR/EULAR 2010
criteria for the diagnosis of RA are indicated as a comparator.

doi:10.1371/journal.pone.0122104.t003

(Pearson r = 0.36, p < 0.0005) between both platforms. Again, we observed a fold-change com-
pression in the low-density arrays, and only a few genes displayed significant differences in
gene expression between the two groups of patients in this set of data (data not shown). In ad-
dition, although we confirmed that OA samples were characterized by an overall over-expres-
sion of genes involved in RAS-GTPase activator activity and extracellular matrix regulation,
while RA samples over-expressed genes involved in T and B cell activation, we observed indi-
vidual overlaps in gene expression profiles that also contributed to the confusion of the compu-
tation algorithm (S1 Fig).

In view of these observations, we wondered whether addition of selected clinical symptoms
could increase the accuracy of our model. The additional value of several clinical attributes was
tested, using the low-density array data obtained from untreated patients with a known diagno-
sis: presence of psoriasis, presence of rheumatoid factors, presence of anti-CCP antibodies, ele-
vated serum CRP values, presence of arthritis in the hands, morning stiffness above 1 hour,
number of joints with arthritis, presence of rheumatoid nodules, symmetrical arthritis, X-ray
erosions and synovial fluid WBC count. Out of these 11 variables, 3 were found to significantly
improve the performance of the prediction algorithms: arthritis of the hands, presence of rheu-
matoid factors and presence of psoriasis (data not shown). In untreated patients with a known
diagnosis, a 5-nearest neighbors classifier, using these 3 clinical attributes only, resulted in a di-
agnostic performance (3-class BCR) of 94.1%, a good performance that is not surprising in pa-
tients with clear-cut clinical presentations. Because all 3 clinical attributes are binary variables,
ties subsist when determining the nearest neighbors in a clinical variables-only model. We
found that addition of the transcriptomic data in the model are useful to break these ties and
find the best neighbors, resulting in an improvement of the diagnostic performance up to
98.6% (Table 3 and Fig 5).

We next applied the same algorithm and resampling procedure in order to make a molecu-
lar diagnosis on the dataset available for UA data (n = 54). In this model, UA samples were
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probed, and all samples (UA and known diagnosis) were used as potential best neighbors. The
diagnostic accuracy for UA samples was computed by comparing the predicted diagnosis to
the later clinical diagnosis. Models based on 1, 3 or 5 nearest neighbors gave similar results
(data not shown). Using a clinical data-only model, the 3-class BCR was 64.0% (a performance
in line with the undifferentiated clinical status). Genomic data only resulted in a 3-class BCR of
47.1%, and the combined model (clinical + genomic data) resulted in a 69.9% diagnostic per-
formance, related to the tie-breaking role played by the genomic data. Of note, when the model
was set in order to discriminate future RA from the other samples (2-class BCR), the diagnostic
performance of the combined model was 80.1%. By comparison, the 2-class BCR of the ACR/
EULAR 2010 RA criteria was 63.8% in the same set of patients.

Microfluidics Qpcr. In our final experiments, we wanted to verify that similar results
could be obtained using another gene expression platform. 31 UA synovial biopsy samples
were tested by qPCR, in order to evaluate the expression of 95 discriminant probe sets. 30 of
these samples had also been tested on the low-density microarrays. Comparison of the gene ex-
pression results showed a good correlation between the data generated by both platforms (aver-
age correlation coefficient: 0.49; range: 0.35-0.58) on the same samples.
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Fig 4. Comparison of gene expression differences between samples from patients with OA, RA and SA, using high-density versus low-density
microarrays. Independent sets of samples were hybridized on high-density (HGU133 Plus 2.0 GeneChip) and low-density (DualChip) microarrays. (A)
Differences in mean (log2-transformed) gene expression values between OA and (RA+SA) samples are displayed for the samples hybridized on high-
density (x axis) versus low-density (y axis) arrays. (B) The same data from OA and (RA+SA) samples are displayed after normalization of each mean
(log2-transformed) gene expression value by its standard deviation. (C) Normalized TCR gamma alternate reading frame protein (TARP), lymphocyte-
specific protein tyrosine kinase (LCK) and Interleukin-7 Receptor (IL7R) gene expression data in OA versus RA and SA samples observed using low-density
arrays. (D) Normalized Placental Growth Factor (PGF) gene expression data in OA versus RA and SA samples observed using low-density arrays. Mean
values are represented by a horizontal bar. p values are calculated using Student’s t tests.

doi:10.1371/journal.pone.0122104.9004
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Fig 5. Impact of low-density microarray data on the determination of the nearest neighbors. Both
matrices show the nearest neighbors of each biopsy sample from the cohort of patients with a known
diagnosis (n = 39). Each sample is represented by a column, and its nearest neighbors are greyed out in that
column. The cell on the diagonal is red if the sample is misclassified and black otherwise. Samples from
patients with the same diagnosis are surrounded by a dashed square. (A) Nearest neighbors are determined
using clinical data only (o = 1). More than 5 nearest neighbors are displayed for each sample due to the
presence of ties. (B) Nearest neighbors are determined using a combination of clinical and low-density array
data (o = 0.5), resulting in a correct classification of the last 4 SA samples thanks to good tie-breaking.

doi:10.1371/journal.pone.0122104.g005
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When comparing the qPCR data to the original set of data generated using samples hybrid-
ized on the high-density platforms, we also found a good correlation between the differences
observed in OA versus RA + SA samples (Pearson r = 0.81, p < 0.0001). The fold-changes ob-
served in the qPCR data were compressed compared to the high-density array data, but much
less than what we had observed with the low-density arrays (Fig 6). Similarly, there was a good
correlation in the differences observed in RA versus SA samples (Pearson r = 0.51, p < 0.0001)
between both platforms. Again, these differences were compressed in the qPCR data, but less
than what we had observed with the low-density arrays(data not shown).

Accordingly, running the computation algorithm combining qPCR and clinical data on
these samples resulted in a 82.3% 3-class BCR and a 2-class BCR of 90.1% for the early diagno-
sis of RA (Fig 7). Using the same set of samples, the ACR-EULAR 2010 criteria reached a
2-class BCR of 69.9% for the diagnosis of RA.

A

A Gene expression (QPCR)

A Gene expression (high-density arrays)

normalization
o
o
[ ]
e

A Gene expression (high-density arrays)
after SD Normalization

Fig 6. Comparison of gene expression differences between samples from patients with OA, RA and
SA, using high-density arrays versus qPCR. Independent sets of samples were hybridized on high-
density (HGU133 Plus 2.0 GeneChip) and analyzed by gPCR (Tagman low density array). (A) Differences in
mean (log2-transformed) gene expression values between OA and (RA+SA) samples are displayed for the
samples analyzed using high-density arrays (x axis) versus gPCR (y axis). (B) The same data from OA and
(RA+SA) samples are displayed after normalization of each mean (log2-transformed) gene expression value
by its standard deviation.

A Gene expression (qPCR) after SD W

doi:10.1371/journal.pone.0122104.9g006
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Fig 7. Impact of qPCR data on the determination of the nearest neighbors in UA samples. Both
matrices show the nearest neighbors of each biopsy sample from the cohort of patients with UA, for whom
gPCR data are available (n = 31). Each sample is represented by a column, and its nearest neighbors are
greyed out in that column. The cell on the diagonal is red if the sample is misclassified and black otherwise.
Samples from patients with the same diagnosis are surrounded by a dashed square. (A) Nearest neighbors
are determined using only clinical data (o = 1). More than 5 nearest neighbors are displayed for each sample
due to the presence of ties. (B) Nearest neighbors are determined using a combination of clinical and gqPCR
data (o = 0.2), demonstrating the tie-breaking effect of the qPCR data.

doi:10.1371/journal.pone.0122104.g007
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Discussion

Based on high-density transcriptomic data, obtained in synovial biopsies from patients with ar-
thritis, we designed low-density gene expression platforms in order to make an early diagnosis
of RA in patients with UA. We developed an algorithm that predicts diagnosis in tested sam-
ples, by comparison to samples in a training set, using a nearest neighbors classifier. We found
that the performances of that algorithm were affected by the fold-change compression of the
gene expression patterns in UA samples, and overlapping gene expression patterns found in
samples from patients with different clinical diagnoses. Combination of transcriptomic and
clinical data in the diagnostic algorithm resulted in a high diagnostic accuracy that exceeded
the performance of the ACR/EULAR 2010 RA classification criteria.

To make an early diagnosis of RA in UA patients is a « medical need » in rheumatology, in
order to initiate early therapy, and thereby prevent structural damage and functional disability.
In this context, the use of the ACR 1987 RA criteria may result in diagnostic delays in many pa-
tients, since several of these criteria are associated with longstanding rather than early disease.
Therefore, alternative approaches were developed, or are still being currently tested, using clini-
cal, laboratory, imaging and histological variables or combinations of them in order to improve
diagnostic sensitivity in early RA. In particular, the new ACR/EULAR RA criteria are an im-
portant step forward in enabling formal identification of RA patients with early disease. How-
ever, these criteria were designed for categorization of patients to be included in clinical
studies, and their use in clinical practice is still limited by sensitivity and specificity issues, as
our own data also illustrate.

Recently, the development of needle-arthroscopic procedures enabled rheumatologists to
collect valuable data from the synovium of large numbers of patients with arthritis. In particu-
lar, the identification of disease-specific molecular signatures in the synovium of individuals
with arthritis is a step forward in the diagnostic and therapeutic approach of these patients. We
therefore decided to extend these observations, using low-density arrays spotted with 100
probes, found to be the most discriminant between the tested conditions. According to our
simulations using high-density array data, the adequate number of probes in order to perform
the diagnostic procedure lies between 20 and 100. It should be stressed at this point that the di-
agnosis is carried out using a « nearest neighbors » algorithm (each sample being tested multi-
ple times versus randomly aggregated learning sets of samples containing 90% of all other data
sets). It means that the attribution of a specific diagnosis to a sample is not performed in com-
parison to reference values for a subset of probes; instead, a diagnosis is delivered when the
gene expression pattern of the 100 probes of the tested sample neighbors the gene expression
pattern of samples with this diagnosis in the learning sets.

Using low-density arrays, we found that non-inflammatory (OA) are well discriminated
from inflammatory (RA and SA) samples. However, there is some level of overlapping in the
gene expression patterns throughout the different conditions. It is possible that these heteroge-
neous gene expression patterns are related to technical issues. For instance, it appears that
overall differences in gene expression between the samples are strongly blunted in the low-den-
sity as compared to the high-density array data. Nevertheless, distinct patterns of gene expres-
sion can still be recognized among the samples. Therefore, the most straightforward
conclusion to be drawn from these results is that distinct synovial conditions share common
molecular signatures; conversely, distinct molecular signatures can be identified in patients suf-
fering from the same condition. In this perspective, the diagnostic performance of algorithms
using these low-density array data, is not higher than 56,8%.

UA samples are also characterized by heterogeneous gene expression patterns inside the
same diagnostic group. Again, compression of the gene expression differences due to technical
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issues plays a role, a problem that is partially resolved by the use of qPCR instead of a low-den-
sity array platform. However, our data also indicate that lower disease activity in these patients
might be another source of confusion by compressing the differences in gene expression be-
tween the different conditions, since we found a significant correlation between the expression
of RA-associated genes and disease activity (and disease activity is overall lower in patients
with UA). Taken together, intrinsic molecular heterogeneity and compression of the fold-
change magnitude in gene expression resulted in low diagnostic performances of a computa-
tion algorithm using transcriptomic data only.

The identification of relevant clinical variables, and their integration into the prediction al-
gorithm was an elegant solution to this issue. Out of the 11 variables tested, 3 (arthritis of the
hands, presence of rheumatoid factors, presence of psoriasis) proved to significantly impact the
diagnostic performance of the algorithm. Our data are indicative of a true synergy between mo-
lecular and clinical variables in delivering a right diagnosis in patients with established arthritis,
and the diagnostic contribution of clinical data is further illustrated in patients with UA. One
should, however, be careful that the successful addition of these clinical variables in the algo-
rithm might introduce some circularity in the diagnostic work-up. Arthritis of the hands and
presence of rheumatoid factors are indeed part of the ACR 1987 criteria that we used to “certi-
ty” the diagnosis of RA in the present study. Hence, their important contribution to the diagno-
sis of RA might be explained by the fact that they are part of its actual definition, by opposition
to the low-density array or qPCR data.

In view of these observations, the question arises whether clinical diagnosis of RA is the
most adequate outcome to predict in patients with UA. Our gene expression data are in line
with the observations described in the previous paragraphs of this discussion, which demon-
strate that RA, as a clinical diagnosis, is an aggregate of synovial disorders with distinct histo-
logical, histochemical and molecular characteristics. Although these synovial changes lead to
shared clinical and biological manifestations, hence the common diagnostic denomination, it is
possible that the molecular profiles identified in patients with UA translate into distinct pat-
terns of disease evolution and response to therapy, and, therefore, into different needs of medi-
cal intervention. Accordingly, we recently identified synovial markers of response to
methotrexate, TNF blockade, tocilizumab or rituximab therapy in patients with established
RA, a demonstration that a “molecular” diagnosis and characterization of arthritis can lead to
specific and clinically relevant decisions [14, 15, 19, 20]. Undoubtedly, such predictive informa-
tion about disease progression and response to therapy matters for the clinician as much as, if
not more than a diagnostic label.

Taken together, our work demonstrates that synovial biopsies of patients with arthritis dis-
play molecular signatures that reflect the activation of specific pathways known to be involved
in the pathogenesis of rheumatic conditions. The expression of these molecular signatures is
heterogeneous. Clinical labels explain parts of the heterogeneity, and it is therefore possible to
retrieve clinical diagnosis in patients with established disease or in patients with UA, based on
the knowledge of synovial gene expression data and selected clinical symptoms. Synovial gene
expression profiles are also influenced by disease activity, which is an important source of vari-
ations in molecular patterns between UA and established disease, at least in RA synovial sam-
ples. Finally, the observation that molecular patterns overlap from one condition to the other
opens perspectives for a new molecular taxonomy of arthritis, if further evidence demonstrates
that these gene expression signatures as such are of clinical significance in terms of disease se-
verity or response to therapy.
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Supporting Information

S1 Fig. Low-density gene expression data obtained in synovial biopsy samples from pa-
tients with a known diagnosis. Synovial biopsies were harvested in 39 untreated patients with
a definite diagnosis of RA, SA or OA. The samples were hybridized on low-density gene expres-
sion (DualChip) arrays, and the gene expression values are displayed for the same targets as in
Fig 2. Hierarchical clustering (Pearson’s distance) of the transcripts based on their gene expres-
sion values among the samples identifies a cluster enriched in T cell activation-related tran-
scripts (A) in RA and SA samples, and a cluster enriched in RAS-GTPase activation-related
transcripts (B) in OA samples.

(TIFF)

S1 Table. Low-density microarray data. Normalized median gene expression data from 54
UA samples are displayed for all the probes present on the microarray slide.
(PDF)

S2 Table. qPCR data. Raw Ct values from 31 UA samples are displayed for all the probes pres-
ent in the Tagman low-density array.
(PDF)

$3 Table. Probe sets and gene symbols displayed in Fig 2.
(PDF)
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