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Prediction of the Progression of Undifferentiated Arthritis 
to Rheumatoid Arthritis Using DNA Methylation Profiling
Carlos de la Calle- Fabregat,1  Ellis Niemantsverdriet,2  Juan D. Cañete,3  Tianlu Li,1  
Annette H. M. van der Helm- van Mil,2 Javier Rodríguez- Ubreva,1 and Esteban Ballestar1

Objective. The term “undifferentiated arthritis (UA)” is used to refer to all cases of arthritis that do not fit a specific 
diagnosis. A significant percentage of UA patients progress to rheumatoid arthritis (RA), others to a different definite 
rheumatic disease, and the rest undergo spontaneous remission. Therapeutic intervention in patients with UA can delay 
or halt disease progression and its long- term consequences. It is therefore of inherent interest to identify those UA 
patients with a high probability of progressing to RA who would benefit from early appropriate therapy. This study was 
undertaken to investigate whether alterations in the DNA methylation profiles of immune cells may provide information 
on the genetically or environmentally determined status of patients and potentially discriminate between disease 
subtypes.

Methods. We performed DNA methylation profiling of a UA patient cohort, in which progression to RA occurred 
for a significant proportion of the patients.

Results. We found differential DNA methylation in UA patients compared to healthy controls. Most importantly, 
our analysis identified a DNA methylation signature characteristic of those UA cases that differentiated to RA. We 
demonstrated that the methylome of peripheral mononuclear cells can be used to anticipate the evolution of UA to 
RA, and that this methylome is associated with a number of inflammatory pathways and transcription factors. Finally, 
we designed a machine learning strategy for DNA methylation- based classification that predicts the differentiation of 
UA toward RA.

Conclusion. Our findings indicate that DNA methylation profiling provides a good predictor of UA- to- RA 
progression to anticipate targeted treatments and improve clinical management.

INTRODUCTION

Undifferentiated arthritis (UA) is a form of early arthritis that 
involves joint inflammation that cannot be classified as any defi-
nite rheumatic disorder (1). Eventually, ~30% of patients with UA 
will develop rheumatoid arthritis (RA) or other differentiated forms 
of arthritis, whereas 45– 55% of patients will achieve spontane-
ous remission (1). UA represents a unique window of opportu-
nity to intervene during the course of the disease before more 
severe manifestations become established.

The ability to provide early indicators for the treatment of UA 
patients at high risk of developing RA is of utmost relevance for 
decision making regarding whether and when to start treatment 
with disease- modifying antirheumatic drugs (DMARDs), which 
usually hamper RA progression but are not recommended for UA 
patients who achieve eventual remission (2). To that end, predic-
tion rules have been proven to be crucial tools to provide guidance 
to clinicians by estimating patient outcome probabilities. In fact, 
a prediction rule for UA patients, based strictly on patient clinical 
data, has been developed previously (3). This model accurately 
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estimates the risk of developing RA in >75% of patients with UA. 
However, rules based on clinical data, although easy to implement 
in the clinical setting, usually fail to identify a detailed biologic basis 
for individual phenotypic presentations of the disease, and usu-
ally do not succeed in all predictions. In this regard, approaches 
including “- omics” data may provide compelling alternatives or 
complementary tools for both improving prediction accuracy and 
allowing an in- depth characterization of the molecular alterations 
in patients (4).

Epigenetic alterations are associated with both genetic and 
environmentally driven determinants, which can in turn charac-
terize pathogenic phenotypes. Specifically, DNA methylation and 
histone modifications, which are altered in multiple pathologic 
contexts, are proposed to be both a causal factor (5) and a con-
sequence of disease (6), as well as an intermediary for genetic 
susceptibility (7). In all cases, the exhaustive study of these 
alterations using high- throughput technologies allows a detailed 
description and identification of novel molecular pathways that 
undergo alterations in a pathogenic context. DNA methylation is 
one of the most stable and easily comparable epigenetic modifi-
cations, and thus stands out as an ideal candidate for biomarker 
discovery (8).

In the present study, we characterized the DNA methylome 
of patients with UA in comparison to healthy controls. We also 
analyzed the data using different patient classification criteria, 
which proved to have a pivotal effect on DNA methylation pro-
files. In addition, we obtained the DNA methylation profiles of UA 
patients with known diverging future phenotypes. Moreover, we 
analyzed the profiles of patients with definite RA and compared 
them to those of patients with UA. The identification and inter-
pretation of these data stand out as a valuable resource to delve 
into the molecular alterations in UA patients. Finally, we propose 
the use of DNA methylation data as a candidate biomarker with 

the ability to improve clinical prediction rules by integrating molec-
ular insights and clinical knowledge for the prediction of patient 
outcomes.

PATIENTS AND METHODS

Patient cohort. A total of 72 samples from patients with UA 
and 8 samples from patients with RA were obtained from the Lei-
den Early Arthritis Clinic (EAC) cohort, which has been described 
previously (9). Thirteen healthy donor samples were also obtained. 
Patient samples were collected at the first visit (baseline). Patients 
had not received prior treatment with DMARDs (including gluco-
corticoids and antimalarial agents) and were diagnosed according 
to the American College of Rheumatology (ACR) 1987 criteria for 
RA (10). Within the group of UA patients, 39 had developed RA, 
while 33 remained classified as having UA, 1 year after baseline. 
The study was approved by the medical ethical testing commit-
tee (METC) Leiden Den Haag Delft, with cohort METC number 
P11.210, and the board of the Bellvitge Hospital Ethical Com-
mittee (PR275/17). The demographic and clinical characteristics 
of the patients and healthy donors are summarized in Supple-
mentary Tables 1 and 2, available on the Arthritis & Rheumatology 
website at http://onlin elibr ary.wiley.com/doi/10.1002/art.41885/ 
abstract. Data on additional patient samples from the Leiden EAC 
cohort (with other disease subtypes) are also included in Supple-
mentary Table 1.

DNA methylation profiling, bioinformatics analysis, 
and machine learning methods. Infinium HumanMethyla-
tion450K BeadChip arrays (Illumina) were used for DNA methyl-
ation analysis in the discovery cohort. By the time of the analysis 
of the validation cohort, 450K microarrays had been commer-
cially discontinued; therefore, Infinium HumanMethylation EPIC 

Figure 1. Flow chart of the study design, showing the conceptual and analytical workflow. Samples were obtained from healthy donors 
(HDs) and patients with undifferentiated arthritis at baseline (UA0). One year after the initial visit, patients with UA at baseline were classified as 
continuing to have UA (UA1) or as having developed rheumatoid arthritis (RA1). DNA methylation profiles and clinical covariates were used to 
generate models to predict RA diagnosis. TF = transcription factor. Color figure can be viewed in the online issue, which is available at http://
onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract.

http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
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BeadChip arrays (Illumina) were used instead. Methylation array 
data have been deposited in the National Center for Biotechnol-
ogy Information GEO database and are accessible through GEO 
series accession number GSE17 5364. Details on the bead array 
analysis, downstream bioinformatics methods, machine learn-
ing methods, and representation are provided in full in the Sup-
plementary Methods, available on the Arthritis & Rheumatology 
website at http://onlin elibr ary.wiley.com/doi/10.1002/art.41885/ 
abstract.

RESULTS

Altered DNA methylome in inflammation- related 
genes in peripheral blood mononuclear cells (PBMCs) 
from patients with UA. First, we determined the DNA methyl-
ation profile of PBMCs obtained from patients in the Leiden Early 
Arthritis Clinic (EAC) cohort (as described in Patients and Methods). 
Patient demographic and clinical characteristics, including age, 
sex, anti– cyclic citrullinated peptide (anti- CCP) antibody status, 
rheumatoid factor (RF) status, and Disease Activity Score (DAS) 
(11) were also obtained (Supplementary Table 1). Samples from a 
total of 64 UA patients at the first visit (baseline), referred to as UA0, 
and 13 healthy donors were analyzed. An illustrated flow chart of 
the study design is depicted in Figure 1. After data correction for 
age and sample balancing by sex and cell type proportions (Sup-
plementary Methods and Supplementary Figure 1A, available on 
the Arthritis & Rheumatology website at http://onlin elibr ary.wiley.
com/doi/10.1002/art.41885/ abstract), a comparison of UA0 and 
healthy donor DNA methylation profiles revealed 321 hypermeth-
ylated and 3,029 hypomethylated CpG sites (Figure 2A). Of note, 
the differentially methylated positions (DMPs) identified did not vary 
significantly with regard to the different microarray chips (slide) or 
position within the chip (array; see Supplementary Figure 1D and 
the Supplementary Methods).

Gene ontology (GO) analysis of the DMPs revealed enrich-
ment for multiple categories related to inflammatory response, 
immune cell activation, vitamin metabolism, and cytokine and 
chemokine signaling pathways in both the hypermethylated and 
hypomethylated clusters (Figure 2B). Among those, interleukin- 1 
(IL- 1), IL- 6, IL- 12, IL- 10, tumor necrosis factor (TNF), macrophage 
colony- stimulating factor, and chemokine CXCL2 signaling path-
ways were shown to be enriched within the affected regions. The 
hypomethylated regions were specifically enriched in categories 
related to antimicrobial response and type I interferon (IFN) pro-
duction. Detailed examples of the methylation of CpG sites proxi-
mal to genes contained in the GO categories, showing B values in 
the healthy donor and UA0 groups, are depicted in Figure 2C. Two 
examples of differentially methylated regions are shown in Sup-
plementary Figure 1B. These genes were selected due to their 
previously reported direct involvement in rheumatic diseases and 
their underlying molecular pathways. For instance, we found dif-
ferences between healthy donors and patients with UA at baseline 

(UA0) in CpG sites located in cytokine and chemokine genes, 
such as CXCR5, IL10, IL1R1, and IRAK2; TNF signaling pathway 
genes, such as LTA, TNFSF10, and TRAF4; type I IFN– activated 
transcription factor IRF8; and others.

Analysis of transcription factor binding motifs revealed enrich-
ment of motifs belonging to the RUNX transcription factor family 
in the hypermethylated cluster. Within the hypomethylated clus-
ter, motifs of transcription factors in the basic leucine zipper and 
ETS families were predominantly enriched (Figure 2D).

Additionally, we performed a differentially variable posi-
tion (DVP) analysis, which revealed a greater heterogeneity of 
DNA methylation within the UA0 group (Figure 2E). Those DVPs 
exhibited <2% overlap with the previously identified DMPs, further 
suggesting the presence of intrinsic variance within the UA0 group 
(Supplementary Figure 1C). Figure 2F depicts examples of 2 DVPs 
proximal to genes related to the previously identified GO catego-
ries. These data suggest the existence of an underlying epigenetic 
heterogeneity among UA patients, which might play a role in the 
diverse clinical presentation of the disease.

To ascertain the relationship between DNA methylation and 
genomic functional features, we calculated enrichment of the 
identified DMPs in 15 distinct chromatin states, defined by com-
binations of epigenetic modifications in PBMCs (12) (Figure 2G). 
DMPs in the hypermethylated cluster were enriched in regions 
containing gene coding sequences and transcription start sites 
(TSS), while hypomethylated DMPs were enriched in actively 
transcribed regions. Both clusters displayed an enrichment in 
enhancer regulatory regions, consistent with previously published 
studies focusing on the analysis of dynamic DNA methylation (13).

The methylome of UA patients anticipating sub-
sequent evolution of the disease. The higher variability 
of methylation profiles among UA0 samples compared to healthy 
individuals is consistent with the clinical heterogeneity in the UA0 
group. UA0 was composed of 2 subgroups, one of patients who 
underwent subsequent differentiation to RA 1 year after the initial 
visit (designated as RA1) and one of patients who remained clas-
sified as having UA 1 year after the initial visit (designated as UA1) 
(Figure 1). In fact, slight clinical dissimilarities were found between 
these 2 groups (Supplementary Table 1). For instance, RA1 
patients had a higher frequency of seropositivity for rheumatoid 
factor (RF) (Figure 3A). The DAS (14) and some of the parameters 
included in its calculation, of note, the erythrocyte sedimentation 
rate and the number of swollen joints, were also higher in the RA1 
group (Figure 3B). However, technically, such differences do not 
allow the identification of those patients as having definite RA in 
the clinical setting. Therefore, we aimed to identify DNA meth-
ylation alterations that might help predict a future diagnosis in a 
prospective manner. In our analysis, we included the clinical fea-
tures that were significantly different between the 2 groups (RF 
and DAS) as covariates, in order to identify methylation changes 
that were not due to the effect of those differences.

http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE175364
http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
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Figure 2. Characterization of the DNA methylation (DNAm) profiles of patients with undifferentiated arthritis at baseline (UA0) compared to healthy 
donors (HDs). A, Heatmap showing differentially methylated positions (DMPs) between UA0 and healthy donors (false discovery rate [FDR] < 0.05). 
Blue indicates lower methylation and red indicates higher methylation. RF = rheumatoid factor; CCP2 = anti– cyclic citrullinated peptide antibody; 
DAS44 = Disease Activity Score (44 joints assessed). B, Significant gene ontology (GO) categories in each cluster, selected by Genomic Regions 
Enrichment of Annotations Tool analysis of the DMPs identified. AP- 1 = activator protein 1; CSF1 = colony- stimulating factor 1; CSF1R = CSF1 
receptor. C, B values for selected significant CpG sites in the GO categories shown in B. Data are shown as box plots. Each box represents the 
25th to 75th percentiles. Lines inside the boxes represent the median. Lines outside the boxes represent the 25th percentile minus 1.5 times the 
interquartile range (IQR) and the 75th percentile plus 1.5 times the IQR. Circles represent individual subjects. D, Significantly enriched motifs in DMPs 
from both clusters, analyzed by HOMER. TF = transcription factor; bZIP = basic leucine zipper; CTF = CCAAT box- binding transcription factor; NR 
= nuclear receptor; Zf = zinc finger domain. E, Variability plot depicting log2 ratio of variance (varUA0:varHD) for individual CpG sites by log10 FDR of the 
mean comparison t- test. Significant differentially variable position (DVPs) for both groups identified by the iEVORA package are shown in color. F, Two 
examples of DVPs, showing DNA methylation in individual healthy donors (blue) and patients with UA at baseline (red). Broken lines show the mean. 
G, Chromatin functional state enrichment in each cluster, based on public peripheral blood mononuclear cell data from the Roadmap Epigenomics 
Project (http://www.roadm apepi genom ics.org/). TssA = active transcription start site; TssAFlnk = flanking active TSS; TxFlnk = transcript at gene 5′ 
and 3′; Tx = strong transcription; TxWk = weak transcription; EnhG = genic enhancers; Quies = quiescent; NS = not significant.

http://www.roadmapepigenomics.org/
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After verification of the similarity of cell type composition (Supple-
mentary Figure 2A, available on the Arthritis & Rheumatology website 
at http://onlin elibr ary.wiley.com/doi/10.1002/art.41885/ abstract), the 
comparison of the DNA methylation profiles determined from baseline 

samples in relation to the clinical groups defined 1 year later (UA1 ver-
sus RA1) led to the identification of 12,381 hypermethylated CpGs and 
4,159 hypomethylated CpGs (Figure 3C). These DMPs did not vary 
significantly with regard to slide or array (Supplementary Figure 2D).

Figure 3. Characterization of the DNA methylation profiles of UA patients with diverging outcomes after 1 year. A and B, Demographic and 
clinical characteristics (A) and clinical variables included in the DAS (B) in patients with UA 1 year after baseline (UA1) and patients with RA 1 year 
after baseline (RA1). Violin plots show density curves; circles and vertical lines show the mean ± SD. Bars show the absolute number of patients. 
Significance was determined by Wilcoxon’s test for numeric variables and by chi- square test for categorical variables. Symp. dur. = symptom 
duration in days; ESR = erythrocyte sedimentation rate; CRP = C- reactive protein. C, Heatmap showing DMPs between UA1 and RA1 (P < 0.05). 
Blue indicates lower methylation and red indicates higher methylation. D, Significant GO categories in each cluster, selected by Genomic Regions 
Enrichment of Annotations Tool analysis of the DMPs identified. MHC = major histocompatibility complex; TAP = transporter associated with 
antigen processing; SNARE = soluble N- ethylmaleimide– sensitive factor attachment protein receptor. E, B values for selected significant CpG 
sites in the GO categories shown in D. Data are shown as box plots. Each box represents the 25th to 75th percentiles. Lines inside the boxes 
represent the median. Lines outside the boxes represent the 25th percentile minus 1.5 times the IQR and the 75th percentile plus 1.5 times the 
IQR. Circles represent individual subjects. See Figure 2 for other definitions. Color figure can be viewed in the online issue, which is available at 
http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract.

http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
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DMPs in the hypermethylated cluster were enriched in GO 
categories related to antigen presentation through major his-
tocompatibility complex (MHC) class I, as well as inflammatory 
cytokine signaling (such as IL- 1 and IL- 6). GO categories in the 
hypomethylated cluster were mainly related to basic cellular 
processes such as gene transcription, translation, and metabo-
lism, and an additional category related to antigenic presentation 
through MHC class II (Figure 3D). CpG sites proximal to genes 
contained in the aforementioned GO categories and related 
to inflammatory cytokines and chemokine pathways, such as 
CCL25, CD5L, and IL17RA, were selected, and their B values in 
the UA1 and RA1 groups are depicted in Figure 3E.

Analysis of transcription factor binding motifs in the hyper-
methylated cluster revealed an enrichment of motifs belonging to 
the basic helix- loop- helix and zinc finger domain (Zf) families. The 
hypomethylated cluster showed enrichment of transcription fac-
tors from the ETS and Zf families (Supplementary Figure 2B). Chro-
matin state enrichment for the hypomethylated cluster revealed an 
enrichment of regions located in active and poised TSS or their 
flanking regions. The hypermethylated cluster showed enrichment 
in actively transcribed regions, enhancers, and repressed chroma-
tin (Supplementary Figure 2C). None of the chromatin states were 
commonly enriched in the 2 clusters, suggesting the involvement 
of distinct pathways underlying the identified alterations.

Additionally, samples from patients with UA at baseline that had 
differentiated into other arthritis subtypes 1 year after the initial visit 
(psoriatic arthritis, spondyloarthritis, osteoarthritis, or reactive arthritis), 
labeled “other subtypes” (see Supplementary Table 1), were com-
pared to UA1 and RA1. Due to the sparsity of samples of each of 
the other subtypes (n = 2 patients per group), we decided to identify 
DMPs from the UA1 versus RA1 comparison, and to represent the 
DNA methylation values of the additional samples in an unsuper-
vised manner. In a principal components analysis (PCA), the distribu-
tion of the samples from the other subtypes group largely overlapped 
with the distribution of the RA1 samples (Supplementary Figure 2E). 
This tendency was corroborated by inspecting the mean methyla-
tion value of the DMPs. The mean value in the other subtypes group 
appeared closer to that of RA1 than to that of UA1, in both the hypo-
methylated and hypermethylated CpGs (Supplementary Figure 2F).

Of note, this tendency was not reproduced individually by 
all of the samples, as shown by a pairwise mean comparison 
between the UA1 and RA1 groups (Supplementary Figure 2G). 
However, after comparing UA1 and RA1 to each of the samples in 
the group of other subtypes, we found that significant differences 
in the mean values occurred more frequently between the UA1 
group and the other subtypes group (6 of 8 in the hypomethylated 
cluster and 8 of 8 in the hypermethylated cluster) than between 
the RA1 group and the other subtypes group (2 of 8 in the hypo-
methylated cluster and 6 of 8 in the hypermethylated cluster). 
Although these results need to be further confirmed, this tendency 
suggests the existence of an altered signature shared by patients 
with differentiated arthritis. Taken together, these results indicate 

for the first time the existence of a pre- established epigenetic sig-
nature in UA patients whose disease will evolve to RA.

Improvement of patient classification by incor-
poration of DNA methylation data into the clinical 
parameters– based model. Given our findings of DNA meth-
ylation differences between UA patient groups that had divergent 
diagnoses 1 year after baseline, we investigated the possibility 
of using DNA methylation data to obtain predictive markers of 
disease progression. To this end, we applied machine learning 
approaches to build a classification system based on DNA meth-
ylation data alone or DNA methylation data in combination with 
clinical data. The pipeline of the methodology included a random 
split of the original data into “training” and “test” sets, followed by 
a selection of predictor CpG sites, and a cross- validation for the 
internal evaluation of the model (Figure 4A). Models developed 
and evaluated through this procedure were constructed using 
logistic regression, random forest, and support vector machine 
(SVM) algorithms. Aiming at obtaining a relatively simple classifier, 
we generated models with increasing numbers of CpG sites as 
predictors (from 1 to 50 CpG sites). In parallel, patient clinical data 
(RF and DAS) were included as explanatory variables. These var-
iables, which showed significant differences among groups, have 
also been included in previous studies describing classification 
rules that were based strictly on 9 clinical parameters (3).

The comparison of the accuracies of all models (see Sup-
plementary Methods) showed the highest precision for SVM- 
generated models with RF and DAS covariates included 
(SVM+RF,DAS models) (Figure 4B). The top 10 most frequent 
CpGs (after performing 100- fold cross- validation) in the SVM+RF,-
DAS model are shown in Figure 4C. Given that SVM+RF,DAS mod-
els discriminate relatively well with >10 CpGs, we selected 2 
examples of models, representing a complex classifier, with 40 
CpGs, and a simpler classifier, with 25 CpGs, that might poten-
tially be implemented in the clinical setting. Finally, these models 
were applied to an external validation cohort (n = 8), recruited inde-
pendently (Supplementary Table 2, available on the Arthritis & Rheu-
matology website at http://onlin elibr ary.wiley.com/doi/10.1002/
art.41885/ abstract). The predicted outcome was then compared 
to the observed outcome 1 year after baseline for every patient 
(Figure 4D). For benchmarking purposes, the previously described 
clinical classification score (3) (named “composite score”) was also 
used alone or along with DNA methylation in the analysis, in parallel.

Within the validation cohort, the prediction accuracy of the 
composite score alone was 75%, while the simplified model, 
which included only 2 variables (DAS and RF), showed an accu-
racy of 62.5% (Figure 4D). The simplified model with 25 CpGs 
increased the accuracy (area under the curve [AUC] 0.875) of 
the prediction by the clinical covariates alone (AUC 0.625). The 
simplified model with 40 CpGs accurately predicted the class of 
all 8 patients (AUC 1) (Figure 4D and Supplementary Figure 3A, 
available on the Arthritis & Rheumatology website at http://onlin e 

http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
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libr ary.wiley.com/doi/10.1002/art.41885/ abstract). In fact, sim-
plified models with >25 CpGs predicted future diagnosis with an 
average accuracy of >75%, and the addition of the CpG methyl-
ation data improved the predictive ability of clinical parameters in 
the majority of the models (Supplementary Figure 3B). Although 
the prediction accuracy of the composite score was higher than 
that of DAS+RF alone, after the addition of DNA methylation data, 
the accuracy of the simplified models was higher when compared 
to the composite score models, in the majority of the cases. In 
fact, in models with >30 CpGs, the accuracy of the models that 
included the composite score as a covariate dropped to random 

classifier levels, ~50% accuracy (Figure 4D and Supplementary 
Figure 3B). Taken together, these results highlight the potential of 
adding DNA methylation as a diagnostic predictive biomarker.

Comparison of UA and definite RA profiles, reveal-
ing progression of RA1 status to RA status. To further 
characterize the UA0 subgroups, we compared the DNA meth-
ylation profiles of UA0 with those of patients with terminally dif-
ferentiated RA (diagnosed as having RA at baseline), labeled 
RA0 (Supplementary Table 2). The RA0 group displayed the most 
distinct methylation profile, as shown by the greatest differences 

Figure 4. Development of a DNA methylation- based prediction rule by machine learning. Models were constructed to predict whether 
patients with UA at baseline would have RA 1 year after the initial visit (RA1) or UA 1 year after the initial visit (UA1). A, Schematic representation 
of the machine learning methodology, including splitting of data into training and test sets, feature (CpG) selection, evaluation of the model 
parameters, and cross- validation. B, Accuracy of the models developed using logistic regression (Log. Reg.), random forest (RF), and support 
vector machine (SVM) algorithms. Models included varying numbers of most frequent CpGs as explanatory variables (1– 50 CpGs). Values 
are the mean ± SEM from 10 independent cross- validations. C, Top 10 most frequent CpGs after 100- fold cross- validation in the SVM model 
with covariates (SVM + covars). CV = cross-validation. D, Classification results of selected models in an independent validation cohort. Left, 
Prediction models based on clinical covariates only. Right, Prediction models based on the combination of DNA methylation data plus clinical 
covariates. Comp. score = composite score (see Figure 2 for other definitions). Color figure can be viewed in the online issue, which is available 
at http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract.

http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract
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in mean DNA methylation when compared to both UA1 and RA1 
(Figure 5A). We then performed unsupervised clustering of the 
significant DMPs among the 3 groups (RA0, UA1, and RA1). We 
observed that all UA1 and RA1 samples (both subgroups of UA0) 
aggregated together in the same cluster, while all RA0 samples 
clustered independently (Figure 5B). Overall methylation of the 
identified DMPs showed significant differences among the 3 
groups. In addition, these regions appeared to experience a 
progressive dynamic from UA1 to RA1 to RA0, both for the hyper-
methylated and the hypomethylated clusters (Figure 5A). This 
tendency was further reinforced after reducing the dimensional-
ity of the DMP data by PCA, where RA1 patients lie in between 
RA0 and UA1, which appeared as the most extreme groups when 
projected in principal component 1 (PC1) and PC2 (Figure 5C).

Additionally, unsupervised K- means clustering of the DMP data 
revealed a total association of RA0 in an isolated cluster (cluster 3), 
while UA1 and RA1, which were largely associated with independent 
clusters (clusters 1 and 2), showed a certain degree of interspersing 
(Supplementary Figure 4A, available on the Arthritis & Rheumatology 
website at http://onlin elibr ary.wiley.com/doi/10.1002/art.41885/ 
abstract). When samples were assigned to clusters, 5 (15.6%) 
of 32 UA1 samples belonged to cluster 2 (“RA1 cluster”), while 7 
(20%) of 35 RA1 samples belonged to cluster 1 (“UA1 cluster”). All 
(100%) of the 8 RA0 samples belonged to cluster 3 (Supplementary 
Figure 4B). These data reinforce the notion of a pre- existing RA- like 
epigenetic profile underlying UA in some patients, which reveals a 
progression of the disease in these patients to RA.

DISCUSSION

Our analysis of the DNA methylomes of UA patients showed 
a distinct signature in comparison with healthy individuals, as well 

as specific differences between patients whose disease subse-
quently evolved to RA and those whose disease remained undif-
ferentiated. These observations prompted us to design a machine 
learning– based method, which improved previous classification 
systems (3), to predict outcomes in UA patients in our cohort. The 
finding that UA patients who will develop RA have a more sim-
ilar DNA methylation signature to patients with well- established 
RA supports the notion of pre- existing epigenetic signatures 
that might be used to anticipate patient outcomes and, therefore, 
improve therapeutic decisions.

Our results show for the first time that UA patients display epi-
genetic alterations when compared to healthy individuals. Those 
alterations, which occur in regions that are functionally associated 
with inflammatory pathways, are common to those previously 
observed in other inflammatory diseases. In particular, enriched 
functional categories of inflammation, immune cell activation, 
and cytokine signaling have also been found in RA (6,15,16), 
SLE (17,18), asthma (19), and inflammatory bowel disease (20) 
in comparable studies, supporting the idea that UA shares epi-
genetic similarities with other inflammatory diseases and thus can 
be molecularly considered as such. Furthermore, the identification 
of vast DNA methylation differences at the TNF locus, as well as 
alterations at several CpGs within the HLA class II region (both at 
the DMP and DVP level) confirms that UA is an arthritide like RA, 
with which it shares clinical characteristics (7,21– 23). Of note, the 
results of this particular analysis may be partially limited due to 
the exclusion of sex chromosomes and age- associated CpGs, in 
which UA- associated alterations could also occur.

Furthermore, we identified DNA methylation differences 
among UA patients based on their prospective status, namely, the 
diagnosis 1 year after the first visit (evolution to RA or persistent 
UA). After correcting for clinical features among the 2 groups, we 

Figure 5. Comparison of the methylome profiles of patients with undifferentiated arthritis (UA) at baseline who continued to be classified as 
having UA 1 year after baseline (UA1), patients with UA at baseline that progressed to RA 1 year after baseline (RA1), and patients with RA at 
baseline (RA0). A, Violin plots showing normalized B value distributions of differentially methylated positions (DMPs) between UA1, RA1 and RA0 
profiles. Boxes show the 25th to 75th percentiles. Lines inside the boxes represent the median. Values above the violin plots are P values. The 
microarray model (450k or EPIC) was included as a covariate in the limma model. B, Heatmap of the identified DMPs. Columns (samples) were 
clustered by a complete- linkage clustering algorithm. C, Principal components analysis of the DMPs. Ellipses show the 95% confidence interval 
for the distribution of each group. Circles represent individual patients. PC1 = principal component 1. Color figure can be viewed in the online 
issue, which is available at http://onlinelibrary.wiley.com/doi/10.1002/art.41885/abstract.
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identified DNA methylation differences mainly localized in regions 
near genes related to inflammation and antigen presentation (24– 
27). For instance, HLA genes have been recursively linked to 
autoimmunity, showing both association with genetic susceptibil-
ity and epigenetic alterations in several studies (7,28,29). HLA– B, 
HLA– DMA, and HLA– F have further been linked to autoimmunity 
(30– 32). Other genes, such as CD38, have been shown to be 
up- regulated at the protein level in UA patients, and CD38 has 
been proposed as a therapeutic target in UA and early arthritis 
(33). These observations suggest that those patients possess 
early biologic alterations before undergoing diverging clinical 
outcomes.

Identification of disease onset in the clinical setting is often 
preceded by the presence of unapparent molecular triggers, as 
previously described for RA treatment response (34) and flare 
outbreaks (35). Those determinants appear early in the disease 
course and cannot easily be detected by clinicians through non-
invasive means. However, their sustained presence and effect at 
several levels may contribute to a specific pathologic phenotype. 
We believe that this study underpins the potential of using epige-
netic modifications as a molecular sensor for those early disease 
determinants in UA, in order to improve the classification criteria for 
UA and prevent damage caused by sustained inflammation. How-
ever, future longitudinal studies that include data from  follow- up 
visits would provide further insights into the mechanisms by which 
UA patients diverge, and their underlying epigenetic dynamics. 
Also, further evidence is needed to confirm whether the observed 
phenomenon is common to differentiated subtypes of arthritis 
other than RA, as suggested by the preliminary data included in 
this study.

Autoimmune arthritides are characterized by a high level 
of heterogeneity in terms of patient prognosis, joint damage, 
and response to treatment, for which mechanistic causality 
remains largely unknown (36). In this sense, the use of high- 
throughput technologies has enabled the development of com-
putational methods for the processing of patient - omic data 
in search of novel and more precise conclusions (37– 39). For 
instance, the implementation of machine learning algorithms 
in high- dimensional data analysis has previously been used to 
improve stratification of patients (40– 42) or to predict disease 
activity (43,44) in RA and SLE. In the present study, we used 
DNA methylation in addition to clinical data on UA patients by 
applying machine learning approaches, fine- tuning the pre-
diction performance of previously existing classifiers (3) in an 
independent validation cohort. Nevertheless, although the use 
of data obtained from PBMCs might limit the identification of 
alterations in specific cell subtypes, it simplifies the generation 
of data in clinical practice, avoiding the need for cell sorting. 
Our conclusions highlight the convenience of using both clini-
cal and basic research data in conjunction for a complete and 
robust patient prognostic and therapeutic assessment. The 
results obtained herein are presented as a proof of concept to 

be further confirmed in independent studies with larger sample 
sizes. We hope our methodology can also be applied to other 
disease contexts.

The comparison of the methylation profiles of all of the UA 
patients included in our cohort (regardless of their prospective 
status at year 1, i.e., UA or RA) versus those initially classified 
as having RA, showed that patients with UA and those with RA 
displayed differential methylation profiles, further supporting the 
idea that these 2 groups actually belong to distinct disease enti-
ties from a molecular/epigenetic perspective. Upon exploration 
by unsupervised analyses, the 2 UA subgroups, UA1 and RA1, 
showed a higher resemblance to each other than either did to 
RA0, suggesting that despite the existing differences among them, 
the 2 UA groups (UA1 and RA1) still behaved as an entity when 
compared to a differentiated group. Interestingly, UA1 and RA0 had 
the most extreme distributions, while RA1 displayed an interme-
diate distribution. In all, these data suggest the pre- existence of 
a molecular/epigenetic signature in UA patients that develop RA 
in the future.

Many efforts have been devoted to promptly abort the inflam-
matory process and the progression of the disease to a more 
severe form, facilitating a rapid halt of the dysregulated inflam-
matory process and avoiding inflammation- associated tissue 
damage. Indeed, a delayed treatment of these patients is com-
monly associated with a worse global response to treatment, 
joint destruction, and impaired quality of life. In this context, our 
results regarding epigenetic signatures associated with distinctive 
UA evolution suggest that, in addition to specific clinical parame-
ters, molecular features such as DNA methylation should be con-
sidered to be integrated into the clinic with the aim of a better 
classification of these patients.
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Clinical Images: Cerebral autosomal-dominant arteriopathy with subcortical infarcts and leukoencephalopathy 
syndrome, a central nervous system vasculitis mimic
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The patient, a 37- year- old man with diabetes mellitus and hypertension, presented with severe headache. Over a 1- month period, mag-
netic resonance imaging showed acute strokes in the right paramedian pons, left thalamus/globus pallidus/subinsula, and right corona 
radiata. Evaluation for primary angiitis of the central nervous system (PACNS) included lumbar puncture revealing 7 white blood cells, 
as well as normal protein and glucose levels. Cerebral arteriography demonstrated diffuse small vessel beading in the anterior and mid-
dle territories of the cerebral artery bilaterally (A). The patient was started on pulse- dose therapy with methylprednisolone empirically for 
PACNS. Brain biopsy did not show the expected finding of vasculitis on light microscopy, and transmission electron microscopy revealed 
the presence of granular osmophilic material (GOM) around smooth muscle cells in cerebral white matter arterioles. An abundance of 
lipofuscin in association with GOM (as indicated by arrows in B with arrowhead denoting a scavenger cell containing GOM and lipofus-
cin) suggested the presence of a degenerative process. In contrast, in patients with PACNS, brain biopsies show transmural lymphocytic 
vasculitis with fibrinoid necrosis (1). Given the young age of the patient, genetic testing was performed to assess for possible hereditary 
syndromes. The test identified a Notch homolog 3 mutation, which confirmed the diagnosis of cerebral autosomal- dominant arteriopathy 
with subcortical infarcts and leukoencephalopathy (CADASIL). CADASIL is the most common genetic cause of ischemic stroke, often pre-
senting with early- onset strokes, migraines, and white matter lesions (2). Mutations in the Notch- 3 gene, which encodes a transmembrane 
receptor expressed in arterial smooth muscle cells, result in an arteriopathy that can mimic CNS vasculitis with hypointense lesions at the 
cortico– subcortical junction and white matter hyperintensities in the anterior temporal lobes (1,2). The ultrastructural findings in this case 
could explain the beaded appearance of arterioles on arteriography, mimicking vasculitis. This case demonstrates that findings suggestive 
of PACNS on arteriography often lack specificity, and brain biopsy and genetic testing can be critical tools to secure the right diagnosis. 
Familiarity with this rare vasculitis mimic can ensure early diagnosis and avoid unnecessary immunosuppression.
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