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SUMMARY
Background
Clinical heterogeneity, a hallmark of systemic autoimmune diseases (SADs) impedes early diagnosis
and effective treatment, issues that may be addressed if patients could be grouped into a molecular
defined stratification.
Methods
With the aim of reclassifying SADs independently of the clinical diagnoses, unsupervised clustering
of integrated whole blood transcriptome and methylome cross-sectional data of 918 patients with 7
SADs and 263 healthy controls was undertaken. In addition, an inception cohort was prospectively
followed for 6 and 14 months to validate the results and analyze if cluster assignment changed or not
with time.
Results
Four clusters were identified. Three clusters were aberrant, representing ‘inflammatory’, ‘lymphoid’,
and ‘interferon’ patterns each including all diagnoses and defined by genetic, clinical, serological and
cellular features. A fourth cluster showed no specific molecular pattern and accumulated also healthy
controls. An independent inception cohort showed that with time, the molecular clusters remain
stable, showing that single aberrant molecular signatures characterize each individual patient.
Conclusions
Patients with SADs can be jointly stratified into three stable disease clusters with specific molecular
patterns differentiating different molecular disease mechanisms. These results have important
implications for future clinical trials and the study of therapy non-responsiveness marking a paradigm
shift in the view of SADs.
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INTRODUCTION
The systemic autoimmune diseases (SADs) are entities diagnosed based on different clinical
and laboratory criteria. The diseases are highly heterogeneous with varied progression of disease
severity. In general, the time from disease onset to diagnosis can be of many years, leading to damage
accrual and poor prognosis. Moreover, some individuals never fulfill the clinical criteria for a specific
SAD and remain undiagnosed for years or a lifetime (undifferentiated connective tissue disease,
UCTD).
It is known that SAD patients from different diagnoses share clinical features. A number of
patients with systemic lupus erythematosus (SLE) may develop joint deformities in hands and feet,
similar to those found in rheumatoid arthritis (RA), albeit without erosions, and all may share
autoantibody specificities1. Mixed connective tissue disease (MCTD) patients may have clinical
manifestations usually observed in SLE, RA or systemic sclerosis (SSc)2,3. While patients with SLE
and RA may present with secondary Sjögren’s syndrome (SjS), many patients have the primary entity
(pSjS), without evidence of RA or SLE4. Similarly, SLE patients may have secondary
antiphospholipid syndrome, but there are patients with primary antiphospholipid syndrome (PAPS)
who tend not to develop SLE, even after many years follow-up5. This overlapping clinical landscape
hinders diagnosis and the early treatment.
Genetic studies have shown that SADs share susceptibility genes6 and molecular features,
such as increased expression of interferon inducible genes (interferon signature)7,8, mainly observed
in SLE patients. But not all patients with SLE have the interferon signature. Some patients with SSc
have disease limited to the skin9, and not all patients who fulfill the diagnostic criteria for RA have
anti-citrullinated peptide antibodies (~70%)10. A number of patients with SLE and pSjS share the
presence of anti-SSA and anti-SSB antibodies, and in this regard, also share alleles of the HLA class
II gene DRB1*030111. Thus, this heterogeneity impedes the identification of new therapies and has
consequences for the selection of response endpoints and the overall results of clinical trials hindering
the advance of new medications12,13. Therefore, development of new therapies, prescription of
existing ones, and even the early diagnosis of SADs might benefit from a uniform molecular
classification that allows their stratification and considers their commonalities.
Some efforts have been made in order to stratify individual SADs into homogeneous
molecular groups of patients12-14, and very recently, to reclassify three different autoimmune clinical
outcomes into a molecular classification based solely on mass spectrometry15. All these studies
support the hypothesis that molecular reclassification is feasible, but they lack the sufficient number
of patients, and multiple layers of information needed for this purpose and its validation. Thus, in an
unprecedented study in systemic autoimmunity, high dimensional molecular data from whole blood
shows how seven SADs (SLE, RA, SSC, SjS, MCTD, PAPS, and UCTD) stratify into groups of
molecular patterns that are stable over time, each having defined serological, genetic and clinical
characteristics.

RESULTS
Integrative molecular analysis redefines the distribution of systemic autoimmune diseases into
functional clusters that are independent of the diagnoses
Genome wide transcriptome and methylome information from a discovery set of 722 patients
with SADs was used in an unsupervised protocol to perform an integrative molecular analysis. This
approach unveiled 4 clusters of patients, characterized by WGCNA16 functional modules comprising
5 modules of elevated gene expression, and 3 modules of CpG hypomethylation (Figure S3). The
same results were observed in an independent validation set of 196 patients with SADs. These
modules formed specific molecular signatures that defined the clusters (Figure 1).
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Importantly, gene and CpG modules showed high functional concordance according to
Chaussabel et al.17 and Li et al.18 dataset enrichments. Overexpressed gene modules and
hypomethylated CpG modules in the same clusters were enriched with the same functionalities
(Figure 2A). First, an inflammatory cluster was defined by overexpression and hypomethylation of
genes and CpGs included in modules driven by monocytes and neutrophils (gene module 3 and CpG
module 1). A lymphoid cluster was composed of T and natural killer (NK) cell functions (gene
module 1 and CpG module 2), while an interferon cluster was defined by interferon and viral and
dendritic cell functions (gene module 2 and CpG module 3). One cluster had no clear defined
functional modules (undefined cluster). Other functionalities complemented the molecular
information. Cell cycle and transcription upregulation (gene module 4) was associated with the
interferon cluster, and B lymphocyte functions (gene module 5) were particularly observed in both
the lymphoid and interferon clusters (Figure 2A).
Patients with all the clinical diagnoses could be found in all 4 clusters (Figure 2B). The
interferon and the undefined clusters presented an enrichment of some diagnoses (Figure 2C). The
undefined cluster had an increased number of RA, SSc and PAPS, and grouped around 40% of all
patients. The interferon cluster was enriched in SLE, pSjS, and MCTD (Figure 2B). The
inflammatory and lymphoid clusters had no particular enrichment. Interestingly, UCTD patients were
the only ones not significantly enriched or depleted in any cluster (Figure 2C) but were evenly
distributed across all clusters. Most MCTD diagnosis, whose existence as a disease entity has been
controversial3,19,20 fell in the interferon cluster enriched in SLE and pSjS.
Except for systemic antibiotics, covariates associated with the transcriptome and the
methylome principal components (Figure S1) were unevenly distributed across the clinical diagnoses
(Figure 2C). Importantly, most of these covariates did not show a dependency with the molecular
clusters (Figure 2C). The significant association that remained after adjustment of some treatments
with the clusters (antimalarials, biologicals and steroids) was due to the enrichment of the clinical
diagnoses (Figure 2C) and not because of the treatments themselves. For example,
hydroxychloroquine treated patients were enriched in the interferon cluster, and this association was
driven by the enrichment of SLE, pSjS and MCTD (Table S4). Importantly, time since diagnosis was
not significantly enriched (Duration in Figure 2C).
In addition, associations between the CpGs and genes in the functional modules revealed
different regulatory relationships. Cis associations linked CpG modules with their counterpart gene
modules, while trans associations did not show major relationships between homologous functional
modules (Figure S4A). A major difference between clusters was that more than 80% of the CpGs in
the interferon modules were associated in cis with genes in the interferon gene modules, whereas
most of the features in the rest of the modules had few (11 to 17%) cis associations (Figure S4B).
Thus, these complex relationships between methylation and gene expression modules revealed a
deeper view of the molecular state of the patients than what a single layer, say gene expression, may
give.
Analyzing a deeper layer, cell-type specific histone marks and transcription factor binding
site (TFBSs) analysis (Figures S4C and S4D) confirmed their functional relationship with the
modules (Supplementary Information).
Low dimensional layers of information show specific patterns in the molecular stratification
Data on pre-selected autoantibodies, cytokines, small lipid moiety (natural) autoantibodies
and cell surface antigen markers21 were used to characterize the clusters (Supplementary
Information). The serology characterization showed four patterns of associations with the clusters:
anti-citrullinated peptide, anti-centromere B and IgM anti-phosphatidylcholine natural autoantibodies
were slightly enriched in the lymphoid and the undefined clusters, and a strong depletion was
observed in the interferon cluster; the interferon cluster showed an enrichment of anti-dsDNA, anti-
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Sm, anti-SSA, anti-SSB, anti-U1RNP and protein free light chains, and an increase in IP-10, BAFF,
MCP-2 and TNF-α; the inflammatory cluster was increased in MMP-8 and C-reactive protein; while
high levels of IL-1RA and BLC were shared by the inflammatory and interferon clusters (Figure 3A).
In general, the association of serological markers followed the molecular functions that defined the
clusters. For example, the interferon cluster was associated with cytokines regulated by type I IFNs,
such as IP-10 and BAFF, but also with TNFα, which, under some situations, was shown to induce
type I interferon22. On the other hand, patients from the inflammatory cluster showed elevated levels
of C-reactive protein and MMP-8, both markers of acute inflammatory processes23,24.
The cell population composition of the clusters revealed a high proportion of neutrophils in
the inflammatory cluster, a slightly high proportion of NK cells in the undefined cluster, T cells, B
cells, NK cells and NKT cells in lymphoid cluster, and with the exception of a slight B cell increase,
the interferon cluster did not show any particular cellular enrichment (Figure 3B). In agreement with
other data, this result reflects the expression of an interferon signature by all cells25.
The genetic contribution of risk alleles known for the four main SADs was analyzed on the
clusters (Figure S5D and S5E). The interferon cluster was particularly enriched in HLA (Human
Leukocyte Antigen) class II risk alleles, but no other cluster showed significant enrichment. In order
to confirm this result, four GWAS were performed comparing each cluster and healthy controls.
Again, the only signal with genome wide significance level (p-value < 5e10-8) came from alleles
located in HLA class II genes within the region covering HLA-DRA, DRB5, DRB1, DQA1, DQB1,
DQA2, DQB2, and DOB) in the interferon cluster (Figure S6). The weak HLA association found in
the other clusters was located within the HLA class I gene region (Supplementary Files). This result
implies that the genetic associations observed for some of the systemic autoimmune diseases (i.e.
SLE) actually reflect the molecular mechanisms occurring in those individuals whose molecular
disease pathway is the type I interferon and not any of the other.
The clinical information of the patients was summarized into principal components and
associations were found for each molecular cluster (Figure 3C and 3D). The interferon cluster was
associated with some of the most extreme phenotypes in SADs such as kidney function abnormalities
(including nephritis), thrombosis, nervous system involvement, and leukopenia, in addition to other
minor comorbidities. Fibrosis complications in both skin and muscle skeletal organs were enriched
in the inflammatory cluster and in the undefined cluster, while kidney clinical feature associations
were enriched in the inflammatory cluster and not in the undefined cluster. Comorbidities related
with abnormal lipid metabolism and dyslipidemias were enriched in the undefined cluster. The
lymphoid cluster, in general, presented less aggressive phenotypes than the other clusters, with
enrichment of dyslipidemias, presence of abdominal pain, diarrhea, and constipation. Association
with sicca syndrome was also found in this cluster.
Undefined cluster shows a healthy-like molecular pattern
To gain insight on the type of patients that were being grouped in the undefined cluster,
different analyses were performed. Healthy individuals were assigned to the molecular clusters by
means of the clustering model obtained with the discovery set. Of these, 74% grouped in the
undefined cluster, compared to 12%, 11% and 3% that were assigned to the inflammatory, lymphoid
and interferon clusters, respectively (Figure 4A). Additionally, differential expression analysis was
performed between each patient cluster and healthy controls (Figure 4D). The highest number of
differentially expressed genes (DEGs) was found for the inflammatory cluster (2898 DEGs), followed
by the interferon cluster (820 DEGs) and the lymphoid cluster (294 DEGs), while only 9 genes were
differentially expressed in the undefined cluster between patients and controls. The low amount of
DEGs in this cluster suggested that it could be due to two non-mutually exclusive reasons. Some of
the most enriched diseases in this cluster, RA and SSc, could be undergoing processes in the target
tissues (synovia and skin, respectively), and blood was unable to identify an aberrant molecular
pattern. On the other hand, this undefined cluster might also be grouping patients undergoing

medRxiv preprint doi: https://doi.org/10.1101/2020.02.21.20021618. The copyright holder for this preprint (which was not peer-reviewed)
is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

remission or having low disease activity, related to the inclusion criteria used to recruit the patients.
To test this, disease activity was compared between clusters. Disease activity indexes are designed
for each clinical diagnosis through different scores measuring specific clinical manifestations26, and
are not performed across all diseases. For this analysis 138 SLEDAI-scored, 79 ESSDAI-scored and
17 DAS28-scored SLE, SjS and RA patients, respectively, were available. In both, SLEDAI and
ESSDAI, higher disease activity scores were shown in all clusters as compared to the undefined
cluster (Figure 4B and 4C). Significant differences were found for the inflammatory and interferon
clusters when compared with the undefined cluster in the SLEDAI analysis (p=0.04 and p=0.02,
respectively, Wilcoxon rank sum test), while the ESSDAI analysis showed suggestive non-significant
p-values. The results suggest that low disease activity could lie behind the undifferentiated patterns
of this cluster. Thus, given these results the undefined cluster observed might be considered to have
a healthy-like molecular pattern.
Pathological molecular patterns are stable over time
It is possible that the clusters represent the disease state of the individual patients at a given
point in time and that patients could "move", with time, to different clusters as disease progresses.
Furthermore, the long time of disease combined with years of treatment (12 years on average since
diagnosis for the CS cohort) could lie behind the configuration of clusters that we observe. In order
to determine whether the clusters could be observed in patients with newly diagnosed disease and if
these were stable over time, an independent and newly recruited inception cohort was analyzed using
the model developed using the discovery set. Furthermore, the inception cohort could also be a third
validation set.
Indeed, first, the clusters observed were exactly the same as those identified with the discovery
set and observed again in the validation set, confirming once more the clustering model. Second, the
stability values for patients with information at recruitment and at 6 (n=103) or 14 months (n=78)
samplings showed similar results (Figure 5A and 5B). In both comparisons, most of the patients
remained in the same cluster after recruitment (62-63%) and 34-33% of them moved from a
pathological cluster (inflammatory, lymphoid or interferon cluster) to the healthy-like cluster or vice
versa, while only 4% of patients "moved" to a different pathological cluster. The analysis of all three
time-points together (n=68) showed that only 4 patients (6%) changed between different pathological
clusters, while 33 patients (48%) remained in the same cluster over all three-time points (Figure 5C).
The remaining patients (46%) showed a behavior that resembled a relapse-remission dynamic of
SADs from a molecular point of view: their pathological cluster was stable (never assigned to a
different pathological cluster) but they could be assigned at a given time-point to the healthy-like
cluster (Figure 5C).

DISCUSSION
With an unsupervised model integrating transcriptome and methylome data we observe 3
aberrant and pathological clusters that we described as an inflammatory cluster with a pattern coming
from neutrophils and monocytes, a lymphoid cluster enriched in lymphocytes, particularly T cells,
NK cells, NKT cells but also B cells, and an interferon cluster spread across all cell types and with a
slight enrichment of B cells. Additionally, an undefined molecular cluster was found, where most
healthy controls were assigned and indeed with very few differentially expressed genes as compared
to controls. Genetically, only the interferon cluster has a significant association with the HLA class
II locus. This locus is a well-known ubiquitous risk factor across SADs, but only the interferon cluster
presented this genetic association. This significant association reflects two things: on the one hand
that the HLA-DRB1 is clearly associated with a subgroup of SLE and pSjS (and MCTD), secondly,
having such a strong association in a relatively small number of patients reflects the reliability of the
classification method, grouping patients from different SADs that share common pathological
molecular patterns that might be driven by a common genetic background. Additional genetic
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analysis in larger groups of patients using our classification approach, might lead to the discovery of
additional genes that have currently been associated with different clinical outcomes.
Our results from an independent inception cohort suggest that patients´ cluster assignment is
independent of the time since diagnosis, not dependent on treatment and stable over time. This implies
that each patient has a single mechanistic profile of disease pathology out of 3 possible, when
detectable through the integrated transcriptome and methylome obtained from blood. The
predominance of patients assigned to the healthy-like cluster in the inception cohort reflects the
decision taken during the design of the study that patients would not be heavily treated at baseline in
order to analyze if therapy given afterwards would interfere with the results. Therefore, this resulted
in a large number of patients that remained with low disease activity and hence in the healthy-like
cluster. Nevertheless, patients were treated as required in the follow-up, supporting that therapy did
not condition the structure of the clusters.
The molecular analyses of this study were performed on whole blood, which is not the final
target tissue of most diseases. Fortunately, most of the cell-types implicated in autoimmune
pathologies are infiltrated from blood to tissues. Thus, some of the aberrant signatures in the tissues
can also be detected in blood27,28 but of course not all of them29. On the other hand, having now an
algorithm and a model that defines the structure in blood of the patients, interventional clinical trials
can use the modelling method with much fewer patients (even just one) to assign these to the clusters
and follow disease progression in relation to the drugs to be tested. Therefore, we open the door to
have a closer look and identify endophenotypes or pathotypes that relate to these blood clusters.
Future for single cell studies may distinguish cell-specific and tissue-specific mechanisms as a substratification of patients considering the blood cluster to which a patient belongs. For example, we
observe that kidney disease is enriched in the inflammatory and interferon clusters, leading to the
question whether the kidney disease of the patients in each cluster may show different pathotypes.
This study shows for the first time and in an unprecedented number of individuals that
systemic autoimmune disease patients with 7 different clinical diagnoses share molecular clusters
defined by specific molecular patterns stable over time. The clusters have specific clinical and
serological characteristics, but also quite different regulatory landscapes and suggest that three
alternative and different molecular pathways drive the disease in each individual. Further, only the
interferon cluster had an important genetic component with a very strong association with the HLA
class II risk alleles. The results obtained in this study are a first step towards laying the foundations
for the personalized medicine in systemic autoimmune diseases.
METHODS
Samples and Data types
Two cohorts of individuals with 7 different SADs were recruited: a cross sectional cohort
composed of 2003 patients and 617 healthy controls, and an inception cohort of 215 patients followed
and sampled at 0, 6 and 14 months. Inclusion and exclusion criteria are detailed in Table S2.
Demographic information and treatment are given in Tables S3-S6. A detailed description of both
cohorts can be found in the Supplementary Information.
Blood and serum samples were obtained from all patients. High-dimensional genome wide
genotype, transcriptome, DNA methylome and proportions of relevant cell types were analyzed from
whole blood samples. Low dimensional information was obtained from serum samples, including
selected serology information such as SADs related autoantibodies, cytokines, chemokines and
inflammatory mediators. A detailed description of all the protocols and methods can be found in the
Supplementary Information.
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The Ethical Review Boards of the 18 participating institutions approved the protocol of the
cross sectional study. In addition, the boards of the 6 sites involved approved the inception study
protocol. The studies adhered to the standards set by International Conference on Harmonization and
Good Clinical Practice (ICH-GCP), and to the ethical principles that have their origin in the
Declaration of Helsinki (2013). The protection of the confidentiality of records that could identify
the included subjects is ensured as defined by the EU Directive 2001/20/EC and the applicable
national and international requirements relating to data protection in each participating country. The
CS study is registered with number NCT02890121, and the inception study with number
NCT02890134 in ClinicalTrials.gov.
High-dimensional datasets quality control
Each high-dimensional OMIC dataset (genomics, transcriptomics and methylomics) was
quality controlled in order to discard samples and features with low quality due to technical issues,
and only individuals considered Europeans in the demographic record were kept. After platformspecific data quality controls were performed (detailed information is shown in Supplementary
Information), samples with information for all OMIC datasets were selected, and shared information
across platforms was compared. Briefly, gender and genotype concordance for each individual was
tested using a concordance QC method combining genotype, methylation and transcriptome data (a
detailed summary of the entire quality control process can be found in Table S10 and Table S12).
Unsupervised clustering analysis
The quality-controlled dataset of patients with SADs was split into a discovery set (~80%
cases and healthy controls) and a validation set (~20% cases). The validation set was composed of
all patients from three independent recruitment centers (France, UBO; Belgium, UCL and Germany,
UKK). The discovery set was corrected for batch and potential confounder effects (gender, age,
treatment effects and center of recruitment biases) using linear regression models but preserving the
differences between clinical conditions using the removeBatchEffect from the limma R package30.
Annotations associated (linear regression p-value ≤ 0.05) with any of the transcriptome and/or
methylome first ten principal components were considered confounders and included in the models
(Figure S1). Identification analysis of the confounders was performed using the swamp R package31.
After correction, samples that were identified as outliers either for transcriptome or methylome were
removed from the analysis. Outliers were assessed by multidimensional scaling and a fixed threshold
based on mahalanobis distance cut-off of 8 for both transcriptome and methylome (MASS R
package32). In total, from the discovery cohort, 44 samples were discarded (28 due to transcriptome,
and 16 samples for methylome). Outliers were not associated with any clinical feature or metainformation (data not shown).
In cancer reclassification studies, features with the highest variability across cancer types are
chosen for reclassification purposes in an unsupervised way33, but the natural variability of the
immune-system makes this approach inappropriate for systemic autoimmune diseases because of the
dynamics of the immune system and its dependence on natural variability34. Then only features with
statistically increased variability in cases (i.e. those individuals diagnosed with any SAD) compared
to healthy controls were chosen (Genes and CpGs with FDR Levene-test below 0.1 and a case-versuscontrol variability fold-change higher than 0.5 were selected). Gene expression and DNA methylation
variability contributes to disease susceptibility35,36, which implies that our feature selection might be
able to select features which discriminate between differential molecular patterns, and at the same
time remove high variable features not related with the pathologies included in the study. The feature
selection procedure resulted in 1821 genes and 4144 CpGs (Figures S2A and S2B).
Similarity Network Fusion (SNF)37 was selected to obtain the clusters of SAD patients.
Transcriptome and methylome selected features were integrated using SNF and the clustering model
was trained on the discovery set by means of a 10 times nested cross-validation approach (Figure
S2C). Training and testing of the clustering model were done as follows. Ten times nested cross-
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validation was run on the discovery set (without healthy controls) in order to set up the optimal
hyperparameters for the SNF algorithm. An inner 5-fold cross-validation was performed with each
training subset of the outer 10-fold cross-validation (Figure S2C). Combinations of the recommended
SNF hyperparameters values were tested: 10 to 30 neighbors in the K-nearest neighbors (K) with a
step of 5, 0.3 to 0.8 hyperparameter used in constructing similarity network with a step of 0.1 and 2
to 20 numbers of clusters. The hyperparameters were optimized through maximizing the proportion
of cluster assignments that agree from the test datasets using the trained SNF model with the train
dataset, and a model trained using each dataset independently. The average proportion of labels
agreement for each combination of hyperparameters were compared with the results of randomized
matrixes (random background structure), the results are shown in Figure S2D. This clustering
approach showed two optimal configurations of 2 and 4 clusters of patients. The two potential cluster
configurations had similar stability values (Figures S2D and S2E). However, 4 clusters configuration
presented a better stability and allowed to characterize the patients deeper, and therefore was selected
for further analysis. The clustering results obtained from the discovery set were confirmed using an
independent validation set (Figure S2C), validation samples were assigned to each cluster by means
of groupPredict SNF function using the model trained with the discovery set.
Characterization of molecular signatures that drive the clusters
In order to assess the molecular signatures that drive the clusters and their relationships across
layers of information, selected genes and CpGs were independently grouped into functional modules
using weighted correlation network analysis, WGCNA16. For genes and CpGs selected and included
in the clusters, meta-features (groups of correlated features) were identified using default parameters
and “signed hybrid” network type16. Two immunological databases were used for meta-feature
molecular characterization: Chaussabel et al.17 and Li et al.18 by means of the tmod R package38. The
enrichment of genes in those modules was tested and functional terms below a hyper-geometric
enrichment FDR < 0.01 were selected. The genes related to CpGs were obtained from the Illumina
probe annotation.
Healthy pattern characterization of SADs clusters
Healthy individuals were mapped to the clusters in order to define where in the model do the
healthy molecular conditions fit. In this sense, the selected gene and CpG features were extracted
from healthy individuals’ OMIC datasets and tested with the pre-defined model. Additionally,
differential expression analysis was performed between the clusters and the healthy individuals.
Transcriptome expression dataset samples and genes were filtered and cleaned as described before.
Read count expression values were normalized using voom algorithm from the limma R package30.
Known batch and potential confounders previously defined were included in the linear model. limma
package was used for differential expression analysis. An FDR < 1e-5 and log2FC > |0.5| was the
cut-off to consider transcripts as differentially expressed between healthy controls and SADs patients
by cluster.
Characterization for Clinical and Low-dimensional Data
The distribution across clusters of clinical annotations (diagnosis and clinical symptoms) and
low-dimensional data (auto-antibodies, serum cytokine protein levels, cell subsets, and genetic risk
markers) were analyzed. Numerical and categorical low-dimensional dataset associations with
clusters were assessed using linear and logistic regression models, respectively. Features with
Analysis of Variance (ANOVA) p-values below 0.01 were considered unevenly distributed across
clusters, and z-scored beta coefficients were used to assess enrichments and depletions. R packages
car 39 and multcomp 40 were used in the analysis. Genetic risk loci and clinical features were reduced
to Principal Components (PCs) prior to regression analysis, only PCs with variance explained higher
than 5 times the standard deviation plus the average of 1000 randomizations of the original matrix
were tested (First 64 and 11 PCs were selected for risk associated SNPs and clinical features
respectively, see Figure S5A and Figure S5B). Clinical features with less than 5% informative value
(non-negative and non-missing values) were filtered before the analysis (Figure S5C) and the
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remaining missing values were imputed using missMDA R package41. Briefly, significant PCs were
assessed by means of estim_ncpPCA function, and they were used for the imputation of the missing
values using imputePCA function and regularized method. SADs risk alleles were obtained from:
GWAS catalog and ImmunoBase databases. Only replicated risk alleles at genome-wide significance
level (p-value < 5e10-8) for the main four SADs of the study (SLE, RA, pSjS and SSc) were
downloaded and merged without redundancy.
Inception cohort analysis
Inception cohort time points were assigned individually to clusters by means of the SNF
model trained with the cross-sectional cohort. The results were analyzed by pair of samplings and
samples with complete information: patients with information for baseline (M000) and 6 months
(M006) samplings, n=103; M000 and 14 months (M014) samplings, n=78 and complete sampling
points, n=68. The classification of patients for complete samples was as follows: stable patients,
patients with the same cluster assignment for all the time points; relapse – remission patients, patients
with assignments only to an aberrant cluster (inflammatory, lymphoid and interferon) and
assignments to healthy-like individual cluster at any time point; unstable patients, patients with
assignments to different aberrant clusters across time.
Data availability
Data will be transferred to ELIXIR42 and made available upon request and in agreement with
the privacy rules of the European Union. Additionally, relationship between gene expression and
DNA methylation datasets can be explored at http://bioinfo.genyo.es/precisesadsdata/.
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FIGURES

Figure 1. The molecular pattern distribution of SADS is limited to 4 clusters. Heatmap showing the
distribution of gene and CpG functional modules across the 4 autoimmune disease clusters. In
columns patients are grouped by cluster assignment and in rows the functional modules of the features
are shown with their scaled median values. The two subsets of patients comprising the discovery and
validation sets are shown. For the transcriptome, red represents over-expression and blue represents
under-expression. For the methylome, purple represents hypo-methylation and orange represents
hyper-methylation. At the top of the figure the annotation shows: two configurations of clusters for
4 (4 CLUSTERS) and 2 (2 CLUSTERS) groups, each of the treatment groups for each individual
(SABIO, systemic antibiotics; STED, steroids; BIO, biologics; IMS, immunosuppressors and AM,
antimalarials), recruitment centers distribution, disease activity as physician global assessment,
duration of the disease since diagnosis, age at onset, gender, age and diagnosis. The abbreviations for
the recruitment centers can be found in Table S1.
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Figure 2. OMIC layers of information functionally characterize each of the molecular clusters, do
not follow the clinical diagnoses, and are not conditioned by confounders. (A) Annotation of the
selected features according to the hypergeometric enrichment of their modular functional assignment.
The module annotations were obtained using the blood immunological signature databases of
Chaussabel et al. (Ch) and Li et al (Li). Only significant enrichment results are shown (q-value <
0.01). Significant modules are shown in columns and their annotation in rows. (B) Mosaic plot
showing the distribution of diseases in each cluster with the number of individuals inside each block.
Diseases are represented by a color in columns. (C) Association of covariates with clinical diagnosis,
molecular clusters, and the associations between them. The significance of the associations is
represented as a scale ranging from blue (non-significant) to red (significant). The direction of the
association is shown as the z-scored beta coefficients where orange is enrichment and purple is
depletion.
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Figure 3. Each cluster is associated with specific low-dimensional layers of clinical information. Zscored beta coefficients of the significant ANOVA associations (FDR < 0.01) for (A) serology, (B)
flow-cytometry, and (C) clinical data, are shown. The serology information included autoantibodies
(blue), cytokines (green), and antibodies against small lipid moieties or natural autoantibodies (red).
Abbreviations are as follows: CCP2, anti-citrullinated peptide antibodies; CENTB, anti-centromere
B; DNA, anti-dsDNA; SM, anti-Sm; SSB, anti-SSB or anti-La; U1RNP, anti-U1RNP; PFLC, Protein
free light chains; SSA, anti-SSA or anti-Ro; PC.IGM, IgM anti-phosphatydilcholine. Hierarchical
clustering of the results expressed as Z-scored beta coefficients are represented in the circle plots (A,
B, and C). The four autoimmune molecular clusters are shown concentrically from the outermost
circle with cluster 1 (inflammatory), followed by 2 (undefined), 3 (lymphoid), and 4 (interferon), in
the innermost circle. Clinical information was summarized using principal components (PC) and the
PCs most significantly associated with each cluster are shown. (D) Only those clinical items having
a significant contribution to each significant PC (observed contribution higher than five times the
expected) are depicted. Features and PCs are sorted by hierarchical clustering.
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Figure 4. Three of the clusters present aberrant molecular patterns that may be reverted by specific
drugs. (A) Distribution of healthy individual assignments to the SADs molecular classification. The
pie diagram shows that nearly 74% of controls are similar to patients in the undefined molecular
cluster. (B) SLEDAI boxplots by molecular cluster, n=138 SLE patients. (C) ESSDAI boxplots by
molecular cluster, n=79 SjS patients. In both boxplots, the lower and upper hinges correspond to the
first and third quartiles, while whiskers represent the 1.5 * interquartile ranges. (D) Differentially
expressed genes (DEGs) between clusters and healthy controls. Top bar plot (black bars) shows
shared DEGs across clusters, right bar plot (colored bars) represents the number of DEGs by cluster.
The dot connectivity plot represents the intersections across clusters.
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Figure 5. Aberrant molecular patterns are stable in time and related to relapsing moments of disease.
(A) The stability Jaccard index between molecular cluster assignments at baseline (rows) and at 6
months (columns). (B) Stability Jaccard index between molecular cluster assignments at baseline
(rows) and at 14 months (columns). (C) Patient classification considering the 3 time point cluster
assignments. The definitions are as follows: stable patients, patients assigned to exactly the same
cluster in the 3 time points; relapse-remission patients, patients assigned to only one pathological
cluster but have been at any given time point in the healthy-like cluster; unstable patients, patients
assigned to more than one aberrant cluster at any one time point.

