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1. INTRODUCTION
Systemic sclerosis (SSc) is a heterogeneous disease of fibrosis and inflammation, concomitant with significant 
autoimmunity. SSc often presents with skin manifestations and Raynaud’s phenomenon; the extent and 
location of fibrotic lesions in people with SSc contributes to the diagnoses of disease subtypes and prognosis. 
My laboratory has pioneered the use of gene expression subsets in SSc [1-5]. Most recently we have 
demonstrated enrichment of a mycobiome component (Rhodotorula glutinis) in SSc patient skin [6]. 

We describe our studies from all four years of the grant below. This work was accomplished by researchers at 
Geisel School of Medicine at Dartmouth, Boston University Medical Center and University of California, San 
Francisco under the partnering PI option. 

2. KEYWORDS:
IMSA, systemic sclerosis, scleroderma, SSc, mycobiome, microbiome, fibrosis, gene, genetics, RNA-seq, Next 
Generation Sequencing, skin, R. glutinis, Rhodotorula, Metagenomics 

3. ACCOMPLISHMENTS
Milestones were assigned to this proposal, with tasks to be accomplished by each investigator. The overall 
summary of our progress relative to these tasks is given below, followed by a complete discussion of our work 
during the four years of this grant. 
Milestone 1 Determine the identity and distribution of microbiome components across SSc skin. 

Task 1 (Months 1-36) Whitfield Laboratory to perform RNA-seq analysis of SSc skin biopsies. 

Lesional forearm skin biopsies were collected from 23 SSc patients; seven patients also provided biopsies 
of non-lesional back skin.  Forearm skin biopsies were also obtained from 6 age- and gender-matched 
healthy controls.  Samples included both clinically limited (lSSc) and diffuse (dSSc) disease, with disease 
duration ranging from 0 – 35 years.  The patient population consisted primarily of early stage patients 
(disease duration ≤ 2 years), though a handful of very late-stage patients (disease duration > 10 years) 
were also included to assess microbiome changes over time.   

Task 2 (Months 6-36) Whitfield Laboratory to perform RNA-seq analysis for differentially expressed mRNAs 
and non-coding RNAs.   

RNA-seq was performed on 36 skin biopsies, from 29 unique patients, resulting in an average of 83 million 
reads per sample (range: 51,278,817 – 112,643,430).  Raw sequencing reads were aligned to the human 
genome (hg19) using STAR aligner [7], and the expression level of each gene was expressed as fragments 
per million mapped reads (FPKM).  Intrinsic gene expression subset designations were determined based 
on support vector machine classification using normalized FPKM values [8].  Hierarchical clustering 
using the gene list from Johnson, et al.[9], resulting in a total of 1010 overlapping genes, revealed distinct 
molecular subsets of disease, characterized by strong immune activation, lipid signaling, and proliferation 
signals, consistent with previous publications [2, 3, 10].  Together, these data suggest our patient cohort is 
representative of the four major intrinsic gene expression subsets of SSc. Additionally, we find that forearm 
and back samples largely tend to cluster together, consistent with previous analyses [1] 

Task 3 (Months 6-36) Arron group to perform IMSA and determine the identity of microbiome components. 

Filtering of human sequence reads and microbiome annotation was performed using Integrated 
Metagenomic Sequence Analysis (IMSA) [11], yielding an average of 18,794 informative hits, defined as 
sequences mapping to five or fewer species, per skin biopsy (range: 3,098 – 74,429) across 1870 genera.  
To adjust for library-specific effects, all data were rarefied to the level of the lowest sample, followed by 
median centering of each genus by library preparation batch.  This approach substantially reduced batch 
effects associated with library preparation, enabling direct comparisons of sample outputs across patients. 
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Task 4 (Months 1-24) Arron group to create scaffolds from aligned reads for each microbiome component and 
develop nested PCR followed by targeted multiplexed sequencing assays for cost-effective screening.  

We developed a fast and efficient nested PCR reaction targeting microbiome components specific for 
fungal species identification.  We then evaluated the identity and number of fungal reads by next 
generation sequencing (see Task 5).  We have found the data from this targeted mycobiome method to be 
lower quality than our metagenomic RNA-seq analyses and we are exploring targeted microbiome 
methods. Although the method was developed we did not feel it had high enough accuracy to justify this 
method on a large set of independent samples, and instead will focus on metagenomic methods for the 
validation. 

Our preliminary findings suggest significant bacterial dysbiosis in affected skin, with only modest changes 
in fungal abundance.  Validation of these findings will therefore be run using targeted 16S sequencing to 
identify changes in bacterial composition.  DNA has been collected for 116 skin samples (SSc and healthy 
controls) to date, with an additional 178 samples awaiting DNA purification.  Targeted sequencing of the 
V2-4-8 and V3-6,7-9 hypervariable regions of 16S rRNA from these samples will be performed using the 
Ion 16S Metagenomics Kit (ThermoFisher) and sequenced on the Ion Torrent. 

This approach enables direct assessment of all microbiome components associated with affected skin, 
including archaea, bacteria, viruses, fungi, and parasites, as well as comparisons between microbiome 
composition and gene expression of associated tissues using the same computational methods.   

Task 5 (Months 1-12) Whitfield Laboratory to examine a larger population of archived skin biopsy RNA to 
determine the prevalence of microbiome components across the SSc population.   

The goal of this task was validation.  The Whitfield is routinely sequencing skin and esophageal biopsies 
of patients from other funded studies and now have more than 300 biopsies with RNA-seq data that can 
be analyzed.  We are currently performing metagenomic analyses on these other datasets to validate the 
findings in this initial cohort. 

Task 6 (Months 1-24) Culture microbiome components from the skin of SSc patients. Use of skin biopsies as a 
method for fungal culture was not successful.  

Disappointingly, swabbing of affected skin of SSc patients has yet to result in recovery of clinically relevant 
fungi or other organisms.  Swabbing and other culture-based methods of microbial detection will be 
revisited following completion of our RNA-seq analyses, enabling targeted isolation of organisms 
associated with SSc lesional skin. 

Milestone 2 Identify the inflammatory infiltrates in SSc skin and their response to microbiome components 
Task 1 (Months 1-6) Whitfield Laboratory to perform computational analysis/prediction of inflammatory cell 
infiltrates from whole genome expression data.  

We have used single sample Gene Set Enrichment Analysis (ssGSEA) to identify the cellular subsets in 
SSc skin at different stages of disease.  

Task 2 (Months 6-24) Perform immunohistochemistry to validate the computational predictions of task 1. 
We have optimized markers for different cell types in SSc skin.  We have used CD163 for macrophages, 
CD1c for myeloid dendritic cells (mDCs), and CD3 for T cells in a separate study.  Current work focuses on 
the identification of T cell subsets (CD4 and CD8), and B cells (CD19 and CD20). We can now use these 
markers to look at innate and adaptive immune cells in the patients of this study.  

Task 3 (Months 1-18) Whitfield Laboratory to develop protocols for the isolation and characterization of 
immune cells from skin using the sclerodermatous Graft-Versus Host Disease (sclGVHD) mouse including 
detailed characterization of cell types.   

We established the sclGVHD model in the laboratory.   We have performed initial cell isolations and 
phenotyping of these samples.  

Task 4 (Months 6-18) Identify the secreted mediators of fibrosis / inflammation being produced (Whitfield / 
Pioli).  Once cells are isolated, we will screen for secreted pro-fibrotic mediators.  

We have demonstrated that co-culture of human SSc macrophages with fibroblasts results in fibrotic 
activation.  Please see discussion below for details.  



Principal Investigator Michael L. Whitfield, Ph.D

6 

Task 5 (Months 12-36) Apply protocols to characterize the inflammatory infiltrate in the skin of SSc patients 
(Whitfield / Pioli).  After cell isolation procedures have been optimized in the sclGVHD mouse, we will examine 
the infiltrate and profibrotic mediators in SSc skin biopsies.  

Protocols for isolating these cells from mouse and human skin have been optimized. 

Milestone 3 Determine if SSc patients have a specific immune response against R. glutinis that is different 
from healthy controls and if this response can drive fibrosis. 
Task 1 (Months 1-24) Test patient sera for cross-reactivity against R. glutinis antigens (Whitfield/Lafyatis). 

We have performed western blots using whole cell lysates and probed with sera collected from both 
healthy controls and SSc patients.   

Task 2 (Months 1-24) Identify the cross-reacting proteins by mass spectrometry (Whitfield). 
Serum-immunoprecipitation of R. glutinis and human HeLa cell whole cell lysates followed by mass 
spectrometry was performed to identify immunoreactive proteins associated with R. glutinis.  We have 
written a manuscript on the human cross-reactivity.  We are having difficulty with the annotation state of 
the R. glutinis genome for annotating those spectra.  

Task 3 (Months 12-36) Use isolated PBMCs and isolated monocytes to examine the cytokines secreted and 
changes in gene expression when cells are exposed to R. glutinis or other putative micro / mycobiome triggers 
(Whitfield/Pioli).  

Despite attempts to carry out this task, we encountered technical problems and were unable to complete 
this as planned.  We were able to analyze the response of these cells to LPS (See Figure 11) as surrogate 
for microbiome exposure.    

Task 4 (Months 12-24) Determine if chronic exposure to R. glutinis or other micro / mycobiome components 
stimulate a fibrotic response in a mouse model of SSc. (Whitfield).   

Despite attempts to carry out this task, we encountered technical problems and were unable to complete 
this as planned.   

PRELIMINARY	RESULTS	BY	MILESTONE	

Milestone 1:  Determine the identity and distribution of microbiome components across SSc skin 

Task 1:  RNA-Seq analysis of SSc skin.  Lesional forearm skin biopsies were collected from 23 SSc patients; 
seven patients also provided biopsies of non-lesional back skin.  Forearm skin biopsies were also obtained 
from 6 age- and gender-matched healthy controls.  Samples included both clinically limited (lSSc) and diffuse 
(dSSc) disease, with disease duration ranging from 0 – 35 years.  The patient population consisted primarily of 
early stage patients (disease duration ≤ 2 years), though a handful of very late-stage patients (disease duration 
> 10 years) were also included to assess microbiome changes over time.  (Table 1)
Table 1.  Summary clinical information

Control Subjects SSc Patients 

(N = 6) (N = 23) 

Age, median (range) years 53 (25 - 67) 53 (27 - 77) 

Sex, N (%) female 4 (67%) 19 (83%) 

Race, N (%) Caucasian 5 (83%) 20 (87%) 

SSc subtype, N (%) diffuse NA 15 (65%) 

MRSS, median (range) NA 16 (0 - 44) 

Disease duration from first non-Raynaud's, median 
(range) years NA 1.0 (0 - 35) 

ILD/PAH, N (%) NA 8 (35%) 
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ANA primary pattern, N (%) patients 

     Homogenous NA 1 (4%) 

     Nucleolar NA 5 (22%) 

     Speckled NA 6 (26%) 

     Centromere NA 2 (9%) 

SSc-specific antibodies, N (%) 

     Anti-centromere NA 3 (13%) 

     Scl-70 NA 3 (13%) 

     RNA Polymerase III NA 5 (22%) 

Current Therapies, N (%) NA 17 (74%) 

Prior Therapies, N (%) 

     Amlodipine NA 4 (17%) 

     Methotrexate NA 4 (17%) 

     Prednisone NA 3 (13%) 

Abbreviations: SSc, systemic sclerosis; ANA, anti-nuclear antibodies; MRSS, modified Rodnan skin score; 

ILD, interstitial lung disease; PAH, pulmonary arterial hypertension; NA, not applicable 

Current and prior therapies include all treatments observed in 3 or more patients 

Task 2 RNA-seq analysis for differentially expressed mRNAs. 

Sample ID
Disease 

Type Total Reads
Uniquely 
Mapped

Mapped 
length

% multi-
mapped

% 
Unmapped

MK01-FA SSc 79642964 0.6 148 0.37 0.03
MK01-B SSc 87465540 0.45 148 0.53 0.02

AM02-FA SSc 82459754 0.7 148.1 0.28 0.02
AM02-B SSc 89078313 0.64 148.1 0.34 0.02
KB03-FA SSc 110881994 0.8 148.1 0.17 0.03
KB03-B SSc 80684936 0.76 148 0.14 0.1
JP04-FA SSc 86911206 0.73 148 0.15 0.12
JP04-B SSc 87609067 0.54 148 0.36 0.1

KB05-FA SSc 78252845 0.72 148 0.16 0.12
KB05-B SSc 105842068 0.67 147.7 0.27 0.06
KL06-FA SSc 103150299 0.81 148 0.15 0.04
KL06-B SSc 75717290 0.64 148.2 0.34 0.02

SH07-FA SSc 85776797 0.67 145.7 0.13 0.2
SH07-B SSc 113066228 0.75 148 0.2 0.04

N01_Base SSc 82992452 0.67 148 0.31 0.03
N05_Base SSc 77151907 0.74 148.1 0.23 0.02
N07-Base SSc 87025838 0.8 148.1 0.18 0.02
N09_Base SSc 86468461 0.73 148.1 0.25 0.02
N10_Base SSc 100362240 0.62 147.7 0.31 0.07
N11_Base SSc 105056505 0.47 147.9 0.47 0.05
N15_Base SSc 81209030 0.81 147.8 0.12 0.07
N18_Base SSc 72275968 0.8 147.6 0.13 0.07

N13-2 Control 80255529 0.64 148.1 0.34 0.02
N15-3 Control 92668648 0.67 147.4 0.31 0.02
N15-5 Control 84968648 0.59 147.9 0.38 0.04
N15-15 Control 92222389 0.32 148 0.61 0.06
N15-21 Control 103634414 0.32 147.6 0.58 0.06
N15-24 Control 75379182 0.78 148 0.14 0.08

Table 2. Statistics of alignment 
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RNA-seq was performed on 36 skin biopsies, from 29 unique patients, resulting in an average of 83 million 
reads per sample (range: 51,278,817 – 112,643,430).  Raw sequencing reads were aligned to the human 
genome (hg19) using STAR aligner [7], and the expression level of each gene was expressed as fragments 
per million mapped reads (FPKM).  Batch biases generated by the inclusion of previously sequenced samples 
from a separate study (N_Base samples) was performed with ComBat (see prior progress reports).   
As an initial analysis of these data, we examined the consensus genes from Mahoney et al. [4]. These are 
genes that were consistently and reproducibly associated with individual SSc intrinsic gene expression subsets 
across three independent patient cohorts. Expression of these genes in our RNA-seq data reveals increased 
expression in the inflammatory and fibroproliferative subsets of patients (Figure 1). Expression of these genes 
is shown both before and after batch correction. Intermixing of samples is clearly evident after ComBat 
correction, indicating that batch correction was successful. 

                         
                                   

 
Intrinsic gene expression subset designations were determined based on support vector machine classification 
using normalized FPKM values [8].  Hierarchical clustering using the gene list from Johnson, et al. [9], resulting 
in a total of 1010 overlapping genes, revealed distinct molecular subsets of disease, characterized by strong 
immune activation, lipid signaling, and proliferation signals, consistent with previous publications [2-4] (Figure 
2).  Together, these data suggest our patient cohort is representative of the four major intrinsic gene 

Figure 1.  Heatmap of 
Mahoney_267modules before 
and after correction.  (Left) no 
ComBat correction; (Right) with 
ComBat correction. 

 

Figure 2.  Intrinsic Subset Analysis of RNA-seq 
Reads from SSc Skin. Assignment of intrinsic 
molecular subsets for SSc patients was performed 
using a Support Vector Machine (SVM) developed 
for the purpose.  Displayed are the 1010 genes from 
Johnson, et al. collapsed on gene ID and extracted 
from the normalized FPKM values for all 36 RNA-
seq samples.  Hierarchical clustering revealed distinct 
molecular subsets of disease, consistent with previous 
publications.  The sample dendrogram is colored to 
indicate intrinsic subset designations: normal-like 
(green), limited (yellow), inflammatory (purple), 
proliferative (red).  Hash marks indicate SSc clinical 
diagnosis associated with each sample.  Black bars 
indicate genes that clustered together hierarchically; 
the most significantly overrepresented GO terms are 
listed. 
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Figure 3. Differential Abundance of Major 

Skin Taxa.  SSc lesional skin exhibits 
significant changes in microbiome 
composition, relative to controls.  Differential 
abundance of select genera, relative to 
controls, based on A. clinical subtype, B. 
disease duration (early, < 5 years; late, > 5 
years), and C. intrinsic molecular subset 

expression subsets of SSc. Additionally, we find that forearm and back samples largely tend to cluster 
together, consistent with previous analyses [1]. 
Task 3: IMSA analysis to identity microbiome components.  Filtering of human sequence reads and 
microbiome annotation was performed using Integrated Metagenomic Sequence Analysis (IMSA) [11], yielding 
an average of 18,794 informative hits, defined as sequences mapping to five or fewer species, per skin biopsy 
(range: 3,098 – 74,429) across 1870 genera.  To adjust for library-specific effects, all data were rarefied to the 
level of the lowest sample, followed by median centering of each genus by library preparation batch.  This 
approach substantially reduced batch effects associated with library preparation, enabling direct comparisons 
of sample outputs across patients. 
Antimicrobial gene expression is suppressed in SSc lesional skin 

Antimicrobial peptides (AMPs), including cathelicidin (CAMP/LL-37), α-defensins, and β-defensins, are an 
essential component of epithelial barrier defenses.  To assess the role of AMPs in SSc, we compared gene 
expression levels between SSc and controls, as well as between lesional forearm and non-lesional back skin.  
Among the major AMPs, dermcidin (DCD) is highly expressed across samples, regardless of disease type, 
while other major AMPs, including cathelicidin (CAMP) and the α-defensins, were virtually undetected, with no 
difference in expression between SSc and controls.  In contrast, β-defensin 1 (DEFB1), an AMP produced by 
epithelial cells, is expressed across all samples; however, these levels are significantly lower is SSc lesional 
skin compared to healthy controls (p < 0.001 by unpaired t-test), as well as in lesional forearm compared to 
non-lesional back skin (p = 0.007 by paired t-test).  Similar results were also seen between SSC lesional skin 
and healthy controls in in a previous SSc skin RNA-seq dataset, suggesting a potential mechanism underlying 
microbiome differences in SSc patients. 

Microbiome genus level differences are correlated with SSc 

clinical phenotypes 

We used a process called rarefaction to account for the variable read 
depth of different samples.  We used Quantitative Insights Into 
Microbial Ecology (QIIME) to perform rarefaction of outputs, a 
process by which taxa are randomly sampled without replacement; 
this process is necessary to ensure even sampling depth across 
patients.  Alpha and beta diversity measures are calculated from 
these data. 

SSc patients exhibited large changes in microbiome composition 
relative to controls, characterized by decreases in lipophilic taxa, 
such as Propionibacterium and Staphylococcus, combined with 
increases in a wide range of Gram-negative bacteria, including 
Burkholderia, Citrobacter, and Vibrio (p < 0.05 for all; Figure 3A).  
These differences were not associated with clinical subtype, with 
limited and diffuse disease exhibiting broadly similar abundances of 
major taxa (Figure 3A).  Decreases were also observed in the 
fungus Malassezia relative to controls, with the greatest decrease 
occurring in dSSc patients.   

Associations between disease duration and genus-level 
abundance were also evident, with significant (p < 0.05) or near-
significant (p < 0.10) differences in 6 of the top 21 genera, including 
Propionibacterium, Salmonella, and Enterobacter (Figure 3B).  
Relative decreases in Propionibacterium were evident for both early 
and late stage patients, relative to controls. We observed differential 
directions for the relative abundance of Salmonella including 
significant increases for early stage patients and reduced abundance 
in late stage patients. Comparisons between the four intrinsic 
molecular subsets of disease revealed modest differences associated 
with the normal-like and inflammatory subsets, with normal-like 
patients broadly mimicking differences seen between SSc and 
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Figure 4. Distribution of the SSc Skin Core 

Microbiome.  The distribution and relative 
abundance of the SSc skin core microbiome was 
calculated by rarefaction to the depth of the lowest 
sample, and filtering to retain the fewest taxa 
necessary to account for 90% of all reads, resulting 
in a total of 103 unique genera.  Data were then 
log2-transformed and median centered by library 
preparation. A. Hierarchical clustering of the core 
microbiome.  Hash marks below the dendrogram 
indicate intrinsic subset designations and SSc 
clinical diagnosis for each sample.  Principal 
component analysis of the core microbiome was 
performed to identify associations between 
microbiome composition and B. biopsy location, C. 

clinical diagnosis, and D. intrinsic subset. 

controls, while the inflammatory group was characterized by decreased Staphylococcus and increased 
Roseolovirus, relative to other subsets (Figure 3C).  The absence of more acute genus-level distinctions 
between subsets is likely the result of high levels of some genera in both inflammatory and proliferative 
patients (Figure 3C), thereby limiting the diagnostic value of any single genus.  Other clinical cofactors, 
including sex and autoantibody status, were not statistically different between groups. 
Core microbiome by patient is predictive of clinical involvement 

To identify changes in microbiome composition associated with clinical covariates, we calculated the 
number of taxa that accounted for 90% of the annotated reads across our entire dataset, which we collectively 
refer to as the SSc skin core microbiome.  The SSc skin core microbiome was composed of 103 genera, and 
included representatives from bacteria, fungi, and viruses.  Organisms not included in the core microbiome 
were exclusively low abundance taxa found in only a small number of samples.  Hierarchical clustering of the 
SSc skin core microbiome revealed patterns of microbial abundance closely mimicking that seen within an 
individual, characterized by clear differences between SSc and controls (Figure 4A).  Organisms of the SSc 
skin microbiome formed distinct branches within the dendrogram.  Lipophilic commensals (Malassezia, 
Propionibacterium, and Cutibacterium) were the predominant genera in normal-like patients, Gram-negative 
bacteria (Veillonella, Prevotella, Neisseria, and Actinomycetes) were abundant in the limited and proliferative 
subsets, and viruses (Roseolovirus and Cyprinivirus) were highest in inflammatory patients (Figure 4A).  
These patterns are consistent with the various environmental niches associated with each class of organisms 
and are suggestive of changes in skin morphology and immune activation associated with each subset. 
SSc skin microbiome profiles were analyzed using principal component analysis (PCA) to identify the broad, 
population-based changes associated with clinical covariates.  Lesional forearm and non-lesional back skin 
were not significantly different among SSc patients (p = 0.097; Figure 4B).  Similarly, no significant differences 
were evident based on SSc clinical subtype (p = 0.156; Figure 4C).  In contrast, microbiome profiles were 
strongly correlated with intrinsic subset, with the strongest differences seen in normal-like and inflammatory 
patients, indicative of a link between disease activity of microbial abundance (p = 0.014; Figure 4A, D). 

Microbiome composition is correlated with inflammatory pathway activation in SSc skin biopsies 

Given the close association seen between clinical subtype and microbiome composition, we next sought to 
identify relationships between relevant molecular pathways and taxonomic abundance using single sample 
gene set enrichment analysis (ssGSEA).  ssGSEA analysis generates a single value quantifying the extent to 
which a given gene set is coordinately up- or down-regulated in a sample.  This analysis was repeated for all 
available KEGG pathways, generating a table of pathway activation scores for each patient sample.  Using this 
data, we then used Pearson’s correlations to compare each of these individual pathways against all genera in 
the SSc skin core microbiome, the resulting correlation matrix allows for a direct comparison of gene 
expression and microbiome composition (Figure 5A). 
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Hierarchical clustering of this dataset revealed strong associations between human gene expression and 
microbial abundance.  Processes such as T-cell, B-cell, chemokine, and TGFβ-signaling in the absence of fatty 
acid signaling are strongly indicative of the inflammatory subset (Figure 5A, cluster 1).  Lower immune 
activation signals in combination with major fatty acid metabolism processes are commonly seen in the 
proliferative subset (Figure 5A, cluster 2), while fatty acid signaling in the absence of immune activation is 
most commonly seen in normal-like patients (Figure 5A, cluster 3). 

Taxonomic abundance was strongly associated with the molecular processes of immune activation, lipid 
metabolism, cell proliferation, and Notch/Wnt signaling (Figure 5A).  Clustering of these processes was 
strongly correlated with differences in microbial abundance between SSc and controls, with statistically 
significant differences evident in 5 of 7 clusters (paired t-test, p < 0.05 for all; Figure 5A and B).  Among the 
most significant clusters were cluster 1, dominated by major lipophilic taxa, such as Malassezia and 
Propionibacterium, along with numerous Gram-positive Actinobacteria species.  These organisms were 
significantly more abundant in healthy controls (p < 0.001 for Actinobacteria and Propionibacterium by paired t-
test) and exhibited strong positive correlations to lipid metabolism and cell proliferation KEGG pathways 
(Figure 5A and B).  In contrast, cluster 5 exhibits substantial increases in a wide range of Proteobacteria and 
other Gram-negative taxa in SSc patients (p < 0.001 by paired t-test), and is strongly correlated with KEGG 
immune activation pathways, including Toll-like receptor (TLR) and transforming growth factor beta (TGF-β) 
signaling (Figure 5A and D).  Cluster 3 shows strong, positive correlations with immune activation, lipid 
metabolism, and Notch/Wnt signaling, and is associated with statistically significant decreases in Bacteroidetes 
levels in SSc patients (p = 0.028 by paired t-test), combined with modest increases in Proteobacteria, relative 
to controls (p = 0.085 by paired t-test; Figure 5A and E).  These data demonstrate a strong association 
between underlying gene expression and the composition of the skin microbiome in SSc. 

Figure 5. Microbiome Composition is Associated with Pathway Activation in SSc Skin.  Single sample gene set 
enrichment analysis (ssGSEA) was run against normalized FPKM values for all 36 patient samples, using curated 
KEGG pathways as the probe gene sets.  A correlation matrix was then generated by calculating Pearson’s correlations 
for all combinations of ssGSEA values and genus-level abundance across all patients.  A. Hierarchical clustering of the 
correlation matrix revealed strong associations between SSc-associated gene expression pathways and microbial 
composition.  B. Taxonomic clustering based on gene expression.  Hash marks indicate phylum/group associated with 
each sample.  Relative abundance indicates the degree to which each genus is differentially present in SSc patients, 
relative to controls with yellow indicating abundance is higher in SSc, while blue indicates abundance is higher in 
controls.  Black bars indicate KEGG pathways that clustered together hierarchically, with representative pathways listed 
alongside each cluster (*p < 0.05; ** p < 0.01; *** p < 0.001 by paired t-test). Clinically relevant genera are highlighted in 
red.  C. Relative abundance of all genera by taxonomic cluster. D and E. Distribution of taxa for cluster 5 (D) and cluster 
3 (E). 
 



Principal Investigator Michael L. Whitfield, Ph.D

12 

Tasks 4 and 5.  Develop a nested PCR-based assay followed by targeted multiplexed sequencing as a 
cost-effective method for screening archived skin biopsy RNA to determine the prevalence of 
microbiome components across the SSc population.  Improvements in our sample-processing pipeline 
now allow for simultaneous extraction of DNA, RNA, and miRNA from all patient biopsies. DNA is being used 
as a template for targeted sequencing of the intergenic transcribed spacer regions (ITS), a region widely 
regarded as the gold standard for fungal species identification. To date, targeted ITS sequencing libraries have 
been analyzed from 48 archived samples (39 SSc and 9 controls), which includes both paired lesional and 
non-lesional skin as well as multiple time points from a single patient (Figure 5). Sequencing outputs are being 
analyzed by IMSA to identify differences in microbial diversity and species abundance between patients and 
controls, between lesional and non-lesion skin, as well as how these populations change over time. 
Our preliminary findings from our RNA-seq data suggest significant bacterial dysbiosis in affected skin, with 
only modest changes in fungal abundance.  Validation of these findings will therefore be run using targeted 
16S sequencing to identify changes in bacterial composition.  DNA has been collected for 116 skin samples 
(SSc and healthy controls) to date, with an additional 178 samples awaiting DNA purification.  Targeted 
sequencing of the V2-4-8 and V3-6,7-9 hypervariable regions of 16S rRNA from these samples will be 
performed using the Ion 16S Metagenomics Kit (ThermoFisher) and sequenced on the Ion Torrent. 

Figure 6.  Targeted ITS sequencing of normal and SSc skin biopsies.  Below is a preliminary analysis of targeted fungal 
ITS sequencing which shows a subset of patients have increased R. glutinis sequences (red).  The most prominent fungal 
species detected on skin were Malassezia spp. (blue), the most common genus of skin commensal fungi. 

Task 6:  Culture microbiome components from the skin of SSc patients. As mentioned above, swabbing 
of affected skin of SSc patients has unfortunately yet to result in recovery of clinically relevant fungi or other 
organisms.  Swabbing and other culture-based methods of microbial detection will be revisited following 
completion of our RNA-seq analyses, enabling targeted isolation of organisms associated with SSc lesional 
skin.  This may be due to the use of antiseptics prior to biopsy collection as a means of preventing infection of 
the biopsy site. 
Milestone 2:  Identify the inflammatory infiltrates in SSc skin and their response to microbiome components 
Task 1:  Computational prediction of inflammatory cell infiltrates from genomic expression data. We 
have used single sample Gene Set Enrichment Analysis (ssGSEA) to identify the cellular subsets in SSc skin 
at different stages of disease. We first benchmarked the ssGSEA method in my laboratory using publicly 
available gene expression data from pools of cell lines that had a known composition (data not shown). These 
data demonstrated that ssGSEA accurately predicted cell type enrichment. We then analyzed a set of patients 
for whom we had whole genome expression data and that had strong expression of the inflammatory 
signature. We find the inflammatory signature is most strongly correlated with gene expression signatures from 
activated Dendritic Cells (DCs) and macrophages (MØs) (Figure 6).  These methods are being applied in 
conjunction with the samples being analyzed in milestone 1.  
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Figure 7. Correlation of cell type signatures with a patient’s inflammatory signature normalized enrichment 
score (NES).  The inflammatory signature in SSc skin is most highly correlated with activated DCs and MØs.   

Task 2: Perform immunohistochemistry to validate the computational predictions of task 1 above.  We 
have optimized markers for different cell types in SSc skin.  
We have optimized markers for different cell types in SSc skin.  We have used CD163 for macrophages, CD1c 
for myeloid dendritic cells (mDCs) and CD3 for T cells in a separate study.  We can now use these markers to 
look at innate and adaptive immune cells in the patients of this study. We have optimized these stains in a set 
of SSc samples and will now be performing these stains in samples for this study. T cell subsets will be 
identified using antibodies against CD4 and CD8, and CD19 and CD20 will be used to determine B cell 
localization.   
Task 3: Develop protocols for the isolation and characterization of immune cells from skin using the 
sclerodermatous Graft-Versus Host Disease (sclGVHD) mouse including detailed characterization of 
cell types.   

We established the sclGVHD model in the laboratory and can recapitulate both skin thickening (Figure 8) and 
the aberrant gene expression profiles observed in our prior studies (Figure 9).  We have performed initial cell 
isolations and phenotyping of these samples (Figure 10).  
A. Allogeneic Transfer (sclGVHD) B. Syngeneic Transfer (control)

Figure 8.  Immunohistochemistry was performed to show increased fibrosis at 2 weeks after 
disease initiation. As expected we observe skin thickening in the sclGVHD mouse that is not 
observed in controls.  

Gene expression analyses were performed on skin biopsies from the sclGVHD 
mouse and compared to our prior study of this model [12].  We find gene 
expression changes were produced and consistent with those observed when 
the model was generated at Harvard (Figure 9).  Therefore, we can clearly 
reproduce this model faithfully, including the molecular SSc phenotype. 

Figure 9:  Gene expression analysis of the sclGVHD mouse.  We performed gene expression 
microarray analyses of the skin of the sclGVHD mouse generated in Dr. Whitfield’s lab for this 
study with data from the sclGVHD taken from Greenblatt et al. 2012 [12].  We find that 
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samples from mice generated in this project (highlighted boxes) faithfully recapitulate the aberrant gene expression observed in our 
original study.  These gene expression data are consistent with what we observe in the inflammatory subset of SSc.  

Skin tissue was minced and digested with Collagenase D and DNase I and filtered through 70- and 40-micron 
mesh to facilitate cell dispersion.  Single cell suspensions were stained with antibodies directed against the 
pan-leukocyte marker CD45, myeloid cell markers CD11b and CD11c, and CD115, CD206, and murine MHC-
Class II (IA/IE) for flow cytometric analysis (Figure 10).  Gating of positively stained cells was determined using 
fluorescence-minus-one (FMO) controls. CD45 positive live cells were gated and surface expression of CD11c, 
which is a murine dendritic cell marker, and CD11b, which is highly expressed on mouse macrophages, was 
analyzed on the CD45+ cell population (Figures 10A and 10B).  Consistent with previous reports [12, 13], there 
is an increase in skin macrophages (CD11b+CD11c-) in sclGVHD mice compared with syngeneic transplant 
controls. As demonstrated in Figure 10C, the macrophage cell population is characterized by significantly 
increased expression of the CSF-1R CD115 and murine MHC Class II (IA/IE).  Surface levels of the mannose 
receptor CD206 were also elevated, although they did not reach statistical significance.  These findings are 
consistent with results obtained by Greenblatt et al., indicating that we have established this model for our 
future analysis.  Furthermore, these results suggest that the activation profile of SSc macrophages is unlikely 
to conform to a uniformly pro- or anti-inflammatory polarization state, as CD115 and CD206 are typically 
expressed by alternatively activated macrophages and enhanced IA/IE surface levels are characteristic of pro-
inflammatory macrophages.   

Figure 10.  Characterization of the Myeloid 
Cell Population in skin of the 2-week-old 
sclGVHD mouse.  Flow cytometric analysis of 
CD45+ cells derived from back skin of BALB/c 
Rag2-/- hosts that received either syngeneic 
BALB/c or allogeneic B10.D2 splenocytes two 
weeks prior to cell harvest (n=3 per group):  A. 
Gating strategy for selection of CD11b vs. 
CD11c positive cells.  B.  Percentage of 
CD11b/CD11c cell populations in syngeneic 
(control) vs. allogeneic (experimental) 
recipients measured in panel A. and C. 
Percentages and mean fluorescence intensity 
(MFI) of three characteristic macrophage 
markers (CD115, CD206, and IA/IE) on gated 
macrophage population (CD11b+/CD11c-) in 
syngeneic (black bars) vs. allogeneic (red bars) 
recipients.   

Task 4:  Identify the secreted mediators of fibrosis / inflammation being produced (Whitfield / Pioli). 
Once cells are isolated, we will screen for secreted pro-fibrotic mediators. In related studies, we have 
demonstrated that co-culture of human SSc macrophages with fibroblasts results in fibrotic activation.  To 
identify candidate factors released by macrophages that potentially mediate this activation, RNA and 
supernatants were collected from differentiated SSc macrophages and analyzed by qRT-PCR and ELISA.  As 
demonstrated in Figure 11, both mRNA and secreted protein levels of TGF-beta, IL-6, and CCL2 were 
elevated under basal conditions in SSc macrophages compared with healthy control macrophages.  Notably, 
each of these factors has been implicated in the regulation of fibrosis.  Multiplex analysis of SSc macrophage 
supernatants suggests additional factors may underlie fibrotic activation, including PDGF.  Current studies are 
focused on the use of blocking antibodies to determine the relative contribution of these (and potentially other 
regulators) to the induction and maintenance of fibrotic activation.   We find that LPS exposure does not 
increase the activation of SSc derived macrophages.  
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Figure 11.  SSc macrophages produce elevated levels of pro-fibrotic mediators.  SSc patient or control 
monocytes were differentiated in autologous plasma for 5 days and stimulated or not with 10 ng/ml LPS.  RNA 
was extracted and sups were collected from cell cultures.  Cytokine levels were analyzed by qRT-PCR 
for analysis of mRNA expression (A) or by ELISA for secreted protein production (2B). n=7 controls and 8 SSc 
patients, p<0.05 

Task 5:  Apply protocols to characterize the inflammatory infiltrate in the skin of SSc patients.   We 
have optimized a protocol for the digestion of human skin that consists of Collagenase IV and DNAse I.  

Milestone 3:  Determine if SSc patients have a specific immune response against R. glutinis that is different 
from healthy controls and if this response can drive fibrosis. 
Task 1: Test patient sera for cross-reactivity against R. glutinis antigens.   In these experiments, we set 
out to test the hypothesis that autoantibody reactivity observed in SSc could recognize the same proteins in 
fungi, indicating that autoantibodies may have originated in response to fungal infection. Western blots were 
performed using R. glutinis, Malassezia furfur, Saccharomyces cerevisiae, and HeLa whole cell lysates (to test 
cross-reactivity with humans) and probed with sera collected from both healthy controls and SSc patients 
representing the three major autoantibody groups (Controls, CENP, TOP1, and RNAP3). Clear differences in 
cross-reactivity were evident between patient subsets. SSc patients showed a pattern of cross reactivity 
against R. glutinis lysates that was distinct from that observed in healthy controls. Among clinical autoantibody 
groups, a band consistent with the presence of TOP1 was seen in 3 of 4 TOP1 patients against R. glutinis and 
HeLa cells (Figure 7) this band was not observed in either M. furfur or S. cerevisiae, suggesting the possibility 
of cross-reactivity between R. glutinis and human TOP1 (Figure 7). Specific cross reactivity was also observed 
in CENP and RNAP3 patients; the identity of these proteins is being investigated.   

  Figure 11.  Western blots using SSc and control Sera 
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Task 2. Identify the cross-reacting proteins by mass spectrometry.  Serum-immunoprecipitation of R. 
glutinis and HeLa cell whole cell lysates followed by mass spectrometry was performed to identify 
immunoreactive proteins associated with R. glutinis. As part of this investigation, we performed a high-
throughput analysis of all autoantibodies present in SSc sera, revealing novel targets and associated 
processes associated with SSc, which is now in press (Johnson, et al. Arthritis Research and Therapy, 2016). 
Serum-immunoprecipitation of R. glutinis whole cell lysates followed by mass spectrometry revealed 
considerable reactivity in both SSc patients and healthy controls; however, identification of target peptides was 
not possible due to the absence of a sufficiently well-annotated R. glutinis proteome. Cross reactivity of 
autoantibodies against human and fungal proteins has been confirmed in S. cerevisiae, with autoantibodies 
against human TOP1 strongly cross-reactive to the equivalent protein in S. cerevisiae. 
Task 3: Use isolated PBMCs and isolated monocytes to examine the cytokines secreted and changes 
in gene expression when cells are exposed to R. glutinis or other putative micro / mycobiome triggers.  
We have shown that PBMCs and macrophages from SSc patients (monocytes isolated from peripheral blood 
of SSc patients that are differentiated in autologous sera) are activated under basal conditions, as these cells 
secrete pro-and anti-inflammatory mediators in the absence of exogenous activation (Figure 11).  Therefore, 
additional stimulation with LPS does not appear to further activate the cells.  These activated cells produce a 
wide range of pro-fibrotic molecules that have been implicated in SSc, including IL-6 and TGFbeta.  We believe 
these are the major drivers of fibrosis in SSc.   

Task 4:  Determine if chronic exposure to R. glutinis or other micro / mycobiome components stimulate 
a fibrotic response in a mouse model of SSc.   

Despite attempts to carry out this task, we encountered technical problems and were unable to complete 
this as planned.   

CONCLUSION:	
We completed the majority of tasks associated with each milestone during the course of our grant.  This has 
resulted in several publications, including one that is in the final stages of review (Johnson et al. see appendix).  
Analyses of the data have revealed widespread dysbiosis in SSc skin.  We have identified activated DCs and 
MØs as the key cell types driving the inflammatory signature, a phenotype consistent with the presence of a 
mycobiome trigger.  We have generated the sclGVHD mouse model, optimized our cell isolation procedures 
and methods for isolating macrophages from these mice and experiments are underway to demonstrate the 
key role of MØs as fibrotic drivers.  We have analyzed the cross-reactivity of autoantibodies with human and 
fungal components.  A paper reporting the autoantibody cross-reactivity to human proteins in HeLa cells has 
been published [14].   



Principal Investigator Michael L. Whitfield, Ph.D

17 

KEY	RESEARCH	ACCOMPLISHMENTS		
• RNA-seq followed by metagenomic analyses for microbiome components reveals dysbiosis as a

common feature of SSc skin, which increases with disease duration.
• Our work has shown that the innate immune system (macrophages and DCs) are likely drivers of SSc

and that these cells respond to microbiome components.
• We have successfully established the sclGVHD model in the laboratory and are examining the immune

drivers and their response to microbiome components.
• Cross reactivity with microbiome component is observed and there are data to suggest basal activation

of immune cells in SSc.

The	next	reporting	period:	
N/A 

4. IMPACT
What was the impact on the development of the principal discipline(s) of the project? 
The major impact of this project is that we are demonstrating a novel paradigm for the initiation of SSc.  This 
has the potential to dramatically change the way we think about SSc and the role of the innate immune system 
in driving disease.   
What was the impact on other disciplines? 
This study impacts areas of genomics, metagenomics, microbiology, innate immunity, and autoimmunity.  The 
methods we demonstrate and develop here will affect all of these fields.  In particular, this study begins to 
develop methods for both systems biology and metagenomic sequencing analyses that can be used in other 
rare diseases.   
What was the impact on technology transfer? 
Technical demands associated with this project necessitated the development of a novel method to isolate 
DNA, RNA, and miRNAs from a single skin biopsy.  This method has been submitted as a disclosure to our 
technology transfer office (TTO).  We pursued this with our TTO office and it was determined the method was 
too similar to an existing protocol and therefore could not be patented.   
What was the impact on society beyond science and technology? 
Systemic sclerosis (SSc) is a disease that has no FDA approved therapies and often has a very poor 
prognosis. If our metagenomic results are confirmed, this will provide not only a better understanding of the 
molecular processes driving disease pathogenesis, but also identify alternative strategies, such as anti-fungal 
treatment, as a possible treatment for SSc. 

5. CHANGES/PROBLEMS
None to report.

6. PRODUCTS:
None at this time.

Oral	Presentations:	(Chronological	Order)	
Presentations for Michael L. Whitfield, PhD 
11/18 “Systems biology, machine learning and bioinformatics approaches to understand pathogenesis 

and direct treatment of systemic sclerosis”  Boehringer Ingelheim, Ridgefield CT 

11/18 “An update on molecular subsets, the microbiome, and clinical trials in systemic sclerosis” 
Dartmouth-Hitchcock Medical Center, Division of Rheumatology, Lebanon NH 



Principal Investigator Michael L. Whitfield, Ph.D

18 

10/18 “Machine Learning Classification of Peripheral Blood Gene Expression Identifies a Subset of 
Patients with Systemic Sclerosis Most Likely to Show Clinical Improvement in Response to 
Hematopoietic Stem Cell Transplant”  American College of Rheumatology Annual Meeting, 
Chicago, IL 

10/18 “Translation Genomics and Bioinformatics Core:  Applications of Machine Learning, Epigenetics 
and Intrinsic Molecular Subsets in Systemic Sclerosis”  P50 Advisory Board Meeting, Pittsburgh, 
PA 

9/18 “Molecular response to abatacept in SSc skin biopsies from the ASSET trial”  Bristol Myers 
Squib, Princeton NJ. 

5/18 “Molecular patient stratification and quantitative measurement of therapeutic responses in SSc 
clinical trials”  Scleroderma Clinical Trials Consortium Meeting, Philadelphia, PA 

5/18 “Distribution of African American Patients in the SSc Molecular Subsets”  GRASP Consortium 
Meeting, NIH, Bethesday MD 

3/18 “Immune-fibrotic interactions in SSc: lessons from data integration, multi-tissue genomics, and 
3D tissue models” Scleroderma Research Foundation Annual Workshop, San Francisco CA 

2/18 “Multi-Organ RNA-Sequencing Of Patients With Systemic Sclerosis (SSc) Finds That Intrinsic 
Subsets Are Conserved Across Organ Systems”  Scleroderma World Congress, Bordeaux, 
France 

----- 

12/17 “Understanding pathogenesis of systemic sclerosis and related fibrotic conditions through 
functional genomic networks”  Rheumatology Grand Rounds, Hospital for Special Surgery, New 
York, NY 

12/17 “Systemic Sclerosis Phase 2 Study:  Gene Expression Patterns effect of Lenabasum on gene in 
skin biopsies from systemic sclerosis patients in the JBT101-SSC-001 study”  Corbus 
Pharmaceuticals Anabasum phase 3 Investigator Meeting, Chicago, IL 

10/17 “Systems Biology of scaring and fibrosis”  ScarFree Foundation, London UK 

9/17 “Molecular stratification and pathway evaluation in systemic sclerosis”  Third Rock Ventures, 
Boston MA 

5/17 Organizer and Chair, “Big Data in the Life Sciences Symposium”.  Burroughs Wellcome Training 
Grant, Dartmouth College Hanover NH   

5/17 “RNA-sequencing to assess the molecular response to abatacept in SSc skin biopsies from the 
ASSET trial” NIH ACE Investigators meeting, Bethesda MD 

3/17 “Molecular Characterization of Multi-Organ System Involvement in Patients with Systemic 
Sclerosis” Scleroderma Research Foundation Annual Workshop, San Francisco, CA 

3/17 “Systemic Sclerosis Phase 2 Study:  Gene Expression Patterns EFFECT OF ANABASUM ON 
GENE EXPRESSION IN SKIN BIOPSIES FROM SYSTEMIC SCLEROSIS PATIENTS IN THE 
JBT101-SSc-001 STUDY” Corbus Research Day, NY, NY 

2/17 “Systems Biology in SSc”, UCB Fibrosis Summit, London, UK 

----- 
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12/16 “Systems biology and bioinformatics approaches to understand complex autoimmune diseases” 
University of Michigan, Computational Medicine and Bioinformatics Seminar Series. 

8/16 “Personalized medicine in SSc”. Scleroderma Foundation New Hampshire Patient Support 
Group, Dartmouth-Hitchcock Medical Center, Hanover NH 

6/16 “Systems biology and bioinformatics approaches to evaluating disease mechanisms and 
therapeutic trials in autoimmunity and fibrosis” University of North Carolina at Chapel Hill, 
Chapel Hill, NC 

6/16 “Burroughs Wellcome Training Program: Big Data in the Life Sciences”  Burroughs Wellcome 
Fund, Durham NC 

5/16 “Systems biology and bioinformatics approaches to evaluating disease mechanisms and 
therapeutic trials in autoimmunity and fibrosis” University of Michigan, Rheumatology Grand 
Rounds, Ann Arbor MI 

4/16 “The genome and scleroderma’s social network” Scleroderma Foundation New England, Patient 
Education Seminar, Boston MA 

3/16 “Multi-organ systems biology reveals a common immune-fibrotic axis in systemic sclerosis, 
pulmonary fibrosis and pulmonary arterial hypertension”  Scleroderma Research Foundation 
Annual Workshop, San Francisco, CA 

2/16 “Systems biology and bioinformatics approaches to understand complex autoimmune diseases” 
University College London, London UK 

2/16 “Integrative, multi-organ systems biology of systemic sclerosis reveals a macrophage signature 
associated with disease severity in multiple end-target tissues” Scleroderma World Congress,  
Lisbon Portugal 

2/16 “Systems biology and bioinformatics approaches to understand complex autoimmune diseases” 
Pittsburgh School of Medicine, Pittsburgh, PA 

2/16 “Advances in understanding pathogenesis and treatment in systemic sclerosis” Rheumatology 
Grand Rounds, Dartmouth-Hitchcock Medical Center.   

----- 

12/15 “Big Data in the Life Sciences” North Carolina Central University, Durham, NC 
12/15 “Big Data in the Life Sciences” North Carolina State University, Raleigh, NC 
12/15 “Big Data in the Life Sciences” University of North Carolina, Chapel Hill, NC 
11/15  “Multi-tissue genomic networks and systems biology in systemic sclerosis”.  Scleroderma 

Foundation Workshop, ACR Annual meeting, San Francisco CA 

8/15 “Systems Biology in Systemic Sclerosis.”  Session Chair and topic introduction. Scleroderma 
Basic Science Workshop, Cambridge UK.   

6/15 “Defining overlapping pathology between SSc patients and commonly used  
mouse models of disease”  Actelion, Basel Switzerland.  (cancelled due to illness) 

6/15 “Genomic and Proteomic Quantification of the Heterogeneity of SSc: Implications for 
Pathogenesis and Treatment”.   EULAR.  Rome, Italy.  (cancelled due to illness) 
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6/15 “Genomics, Bioinformatics and Systems Biology for Precision Medicine in Systemic Sclerosis”.  
NIH CORT (P50) Advisory Committee meeting.  Boston University Medical Center, Boston MA 

4/15 “Genomics, Bioinformatics and Systems Biology for Precision Medicine in Systemic Sclerosis”.  
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Abstract

Previous studies have suggested a role for pathogens as a trigger of systemic sclerosis (SSc), 

though neither a pathogen nor a mechanism of pathogenesis is known. Here we show enrichment 

of Rhodotorula sequences in the skin of patients with early, diffuse SSc compared to normal 

controls. RNA-seq was performed on four SSc and four controls, to a depth of 200 million reads 

per patient. Data were analyzed to quantify the non-human sequence reads in each sample. We 

found little difference between bacterial microbiome and viral read counts, but found a significant 

difference between the read counts for a mycobiome component, R. glutinis. Normal samples 

contained almost no detected R. glutinis or other Rhodotorula sequence reads (mean score 0.021 

for R. glutinis, 0.024 for all Rhodotorula). In contrast, SSc samples had a mean score of 5.039 for 

R. glutinis (5.232 for Rhodotorula). We were able to assemble the D1–D2 hypervariable region of

the 28S rRNA of R. glutinis from each of the SSc samples. Taken together, these results suggest R.

glutinis may be present in the skin of early SSc patients at higher levels than normal skin, raising

the possibility that it may be triggering the inflammatory response found in SSc.

Introduction

Systemic Sclerosis (SSc) is a rare and poorly understood systemic autoimmune disease that 

results in skin fibrosis and severe internal organ involvement. There is a limited 

understanding of its pathophysiology and there is little data to indicate what may trigger the 

disease. One in three patients dies within 10 years of diagnosis (Steen and Medsger 2007); 

there are no validated diagnostic markers and no curative treatments.

Users may view, print, copy, and download text and data-mine the content in such documents, for the purposes of academic research, 
subject always to the full Conditions of use:http://www.nature.com/authors/editorial_policies/license.html#terms
‡To whom correspondence should be addressed: Sarah T. Arron, Department of Dermatology, University of California, San Francisco, 
1701 Divisadero Street, Box 0316, San Francisco, CA 94143-0316, tel: (415) 353-7839, fax: (415) 353-7838, arrons@derm.ucsf.edu 
and Michael L. Whitfield, Ph.D., Department of Genetics, Geisel School of Medicine at Dartmouth, 7400 Remsen, Hanover, NH 
03755, phone 603.650.1109, fax 603.650.1188, michael.L.whitfield@dartmouth.edu. 

Conflict of Interest
Dr. Whitfield has filed patents for gene expression biomarkers in systemic sclerosis and is a scientific founder of Celdara Medical 
LLC. The remaining authors declare no conflict of interest.

HHS Public Access
Author manuscript
J Invest Dermatol. Author manuscript; available in PMC 2015 February 01.

Published in final edited form as:
J Invest Dermatol. 2014 August ; 134(8): 2138–2145. doi:10.1038/jid.2014.127.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

http://www.nature.com/authors/editorial_policies/license.html#terms


We have demonstrated gene expression based subsets within SSc patients (Whitfield et al. 

2003; Milano et al. 2008; Chung et al. 2009; Sargent et al. 2009; Pendergrass et al. 2012) by 

analysis of skin biopsies in three independent cohorts (Milano et al. 2008; Pendergrass et al. 

2012; Hinchcliff et al. 2013). Using genome-wide and bioinformatic-driven strategies 

(Sargent et al. 2009; Greenblatt et al. 2012), SSc patients may now be divided into pathway-

centric subsets. These are the inflammatory, fibroproliferative, limited and normal-like 

subsets (Milano et al. 2008; Pendergrass et al. 2012; Hinchcliff et al. 2013). The 

inflammatory subset of patients is characterized by infiltrating immune cells that include T 

and B lymphocytes and macrophages (Milano et al. 2008; Greenblatt et al. 2012; 

Pendergrass et al. 2012; Hinchcliff et al. 2013). We have recently shown that two major 

pathways driving fibrosis in the inflammatory subset of patients are the profibrotic IL-13 

and IL-4 pathways, which signal through a shared receptor IL-4RA (Greenblatt et al. 2012). 

We have also demonstrated that SSc patients that map to the inflammatory subset show 

improvement while taking a commonly used SSc therapeutic agent, mycophenolate mofetile 

(MMF), while the patients in the fibroproliferative subset do not show any clinical 

improvement (Hinchcliff et al. 2013). We have shown that the gene expression subsets are 

stable over periods of 6 – 12 months (Pendergrass et al. 2012) although recent meta-analysis 

of all published datasets suggest the groups may be long lived, but interconnected 

(Mahoney, Johnson, Whitfield, Submitted). In such a longitudinal model, the inflammatory 

group may be a key point in the initiation of disease since most genetic changes that have 

been associated with SSc risk occur in the immune system, suggesting that genetics along 

with some environmental trigger is an initiating event in SSc.

Identification of such environment triggers for most systemic autoimmune diseases has been 

elusive despite the significant health burden these diseases impose worldwide. Links have 

been suggested between SSc and cytomegalovirus, parvovirus B19, Epstein-Barr virus, 

endogenous retroviruses, and Chlamydia (Hamamdzic et al. 2002; Grossman et al. 2011), 

but these reports have not been substantiated. Hypotheses include molecular mimicry, in 

which homology between pathogen and self-peptides results in cross-activation of 

autoreactive lymphocytes; chronic inflammation and endothelial cell damage; and microbial 

superantigens activating immune response in the absence of cognate antigen (Grossman et 

al. 2011).

High-throughput sequencing technologies allow analysis of both host and pathogen-

expressed sequences and genomes to identify exogenous viral, bacterial or fungal triggers of 

disease (the metagenome). Metagenomic analyses allow an unbiased assessment of all 

microorganisms in a complex disease sample. Here we present a comprehensive 

characterization of the metagenome in the skin of early, active SSc patients that show an 

inflammatory gene expression signature. Analysis of the full metagenome (including the 

microbiome, fungal mycobiome, and viral sequences) in patients with these earliest signs of 

disease, and mapping host and metagenomic sequences has identified a common 

environmental fungus, Rhodotorula glutinis as over-represented in SSc skin. Our 

preliminary studies suggest that disease pathogenesis may include a common environmental 

trigger that we hypothesize elicits immune activation in a permissive host genetic 

background.
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Results

Patient characteristics

Lesional skin was obtained from the forearm of four patients with early, diffuse SSc within 

6 months of first onset of non-Raynaud’s symptoms (Table 1). All patients were in the 

inflammatory intrinsic subset. Two patients were untreated and two had received low-dose 

immunosuppression. Control skin was obtained from the forearm of healthy patients.

Initial metagenomic analysis shows fungal reads in SSc samples

We performed quality filtering and human sequence filtering using the human genome 

(hg19). Over 99% of the total readset was derived from human or nonhuman primate in both 

SSc and control samples. On average, 4×105 reads remained per sample after host filtering 

(Table 2). IMSA mapped reads to the NCBI non-redundant nucleotide (nt) database and 

generated taxonomy reports. In this analysis, each taxonomic level is given a score based on 

the number of reads aligning to sequences in that taxonomic category, where reads with 

multiple best alignments generate partial scores for each category with an alignment. Figure 

1 demonstrates the breakdown of read scores in the dataset by taxonomic division. The 

microbial reads had a significantly different distribution between SSc and normal samples, 

with significantly more reads in SSc samples mapping to the plant and fungal division. At 

the top level, IMSA uses the GenBank divisions for an overview of metagenomic results. In 

this organization, plant and fungal sequences are combined (Ouellette and Boguski 1997). 

There were no significant differences in the scores derived from bacteria or viruses between 

SSc and control.

Figure 2 shows a heat map of taxonomy scores for bacterial, viral and fungal genera. For 

this analysis and all subsequent analyses, only reads with a single best alignment were 

retained to prevent noise from reads aligning across multiple species. Unsupervised 

clustering discriminated between normal and SSc samples, with the cluster driven by fungal 

genera in the Basidiomycota phylum (Figure 2). Common skin colonizers Streptococcus, 

Propionibacterium and Malassezia were represented across all samples, while SSc samples 

were enriched in genera of order Sporidiobolales, including Rhodotorula, Rhodosporidium, 

and Sporobolomyces.

SSc samples contain significantly more reads derived from Rhodotorula species

To determine the source of these differences between SSc and normal samples, TaxMaps 

were generated to visualize the scores of the taxonomic categories inside the plant and 

fungal division (Figure 3). Average TaxMaps for the normal samples showed Malassezia 

globosa and Trimorphomyces papilionaceus as the only species with an average normalized 

score above 0.05 (Figure 3A). By contrast, the SSc samples had more diverse fungal 

sequences, with M. globosa, T. papilionaceus but also Bullera sakaeratica, Leucosporidium 

sp AY30, Rhodotorula hordea, Rhodotorula glutinis and Rhodotorula mucilaginosa all 

showing average scores above 0.05 (supplemental information contains each individual 

TaxMap with all scores above 0.01). The most striking difference between SSc and normal 

TaxMaps is the large number of R. glutinis and R. mucilaginosa reads (Figure 3B). Normal 

samples averaged a total score of 0.55 for the entire plant and fungal division with no 
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species having an average score over 0.11. In the SSc samples, R. glutinis had an average 

score of 5.04, while the closely related R. mucilaginosa had an average score of 0.20.

SSc samples had a 252-fold increase in R. glutinis score per million total reads (normal 

mean score= 0.021, 95% CI −0.01–0.05, SSc mean score 5.039, 95% CI 2.97–7.11, 

Wilcoxon rank-sum p=0.01) (Figure 3C).

Assembly of Rhodotorula contigs indicates a species closest to Rhodotorula glutinis

Next we assembled longer Rhodotorula contigs from each SSc sample individually. We 

used PRICE for the assembly as it is designed to assemble paired-end reads in a complex 

metagenomic dataset into contigs (Ruby et al. 2013). We seeded contig assembly with 

Rhodotorula reads. The four normal skin samples had insufficient numbers of Rhodotorula 

reads for contig assembly. Each SSc sample generated at least one contig which aligned to 

R. glutinis 28S rRNA. The D1–D2 hypervariable region at the 5′ end of 28S rRNA of R.

glutinis was covered in each sample. As sequence for this region is available for a wide

variety of Rhodotorula fungal species, we used this area for further phylogenetic analysis. A

multiple sequence alignment was performed using this region of 28S from our four SSc

samples as well as selected sequences from NCBI for Rhodotorula and related fungal

species. This alignment was used to create a phylogentic tree (Figure 4). The general

structure of this tree is quite similar to other published phylogenetic trees for Rhodotorula

(Biswas et al. 2001). The four sequences from the SSc samples cluster together, with

sequences from R. mucilaginosa, R. glutinis, and R. graminis.

In addition, we aligned the original read sets against R. glutinis 28S rRNA (NCBI record 

FJ345357) and viewed the resulting alignment in IGV (Thorvaldsdóttir et al. 2013) (Figure 

5). The alignment shows many more Rhodotorula reads in the SSc samples. In addition, the 

reads aligning in the SSc samples have fewer sequence differences from the NCBI record, 

suggesting their source is more similar to R. glutinis than the reads aligning from the normal 

samples. In addition, the normal samples have six bases in the region from 900–1050 bp that 

show variability within each normal sample, suggesting multiple Rhodotorula species may 

present.

PRICE was able to assemble additional contigs whose best alignment was to Rhodotorula 

genes, though the longest contig in each sample was a sequence whose best alignment in the 

nt database was to R. glutinis 28S rRNA (FJ345357). Given that rRNA is present at much 

higher quantities than other transcripts, this is not unsurprising. Other genes assembled were 

likewise genes expected to be present at high levels, such as R. glutinis 18S rRNA 

(HQ420261.1), R. mucilaginosa 18S rRNA (X84326.1) and R. taiwanensis RS1 complete 

mitochondrial genome (HF558455.1) as identified by best hit in the nt database. R. 

taiwanensis is a recently identified, novel Rhodotorula species closely related to R. 

mucilaginosa and R. glutinis var dairenensis whose entire mitochondrial genome was 

recently sequenced (Huang et al. 2011) (Zhao et al. 2013). It is one of the few Rhodotorula 

mitochondrial genomes in the database and likely indicative R. glutinis mitochondrial 

sequences, which are absent from the database.
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Discussion

Previous studies have suggested a role for pathogens as a trigger of SSc, though neither the 

pathogen nor the mechanism of pathogenesis is known (Grossman et al. 2011). Here we 

present RNA-seq data on the microbial species present in skin samples from four patients 

presenting with early, diffuse SSc and four normal patients. Human reads were filtered from 

the read sets and the resulting reads were aligned to the NCBI nt database to quantify the 

non-human species present as inferred by the number of reads aligning to each species. 

While the quantity of most microbial species showed no difference between normal and SSc 

samples, R. glutinis levels were significantly higher in SSc samples. While normal patients 

had almost no detectable R. glutinis sequences (mean score 0.02 per million reads), patients 

with SSc had a mean R. glutinis score of 5.04 per million reads. Further, we demonstrate 

that a 28S rRNA sequence most similar to R. glutinis can be assembled from each of the SSc 

samples. Additional studies are needed to definitively determine which species of 

Rhodotorula are present in these samples, although at the level of sequence available from 

our RNA-seq assemblies, the species appears to be most similar to R. glutinis (NCBI record 

FJ345357) though there appears to also be similarity to R. mucilaginosa. This is not 

surprising since these two species are closely related.

Rhodotorula are environmental yeast found in soil, air, lake and seawater as well as peanuts, 

fruit juices, crustaceans and mollusks (reviewed in (Wirth and Goldani 2012)). Rhodotorula 

can also be found on plastic shower curtains, toothbrushes, humidifiers and dishwashers 

(Alvarez-Fernández et al. 1998) (Zalar et al. 2011). Rhodotorula are an opportunistic 

pathogen, particularly as a cause of central venous catheter and peritoneal dialysis-

associated fungemia (Tuon and Costa 2008). Disseminated fungemia can occur in 

immunocompetent and immunocompromised hosts (Tuon and Costa 2008). Rhodotorula has 

also been reported in localized infection of the skin and lung of humans and animals 

(Alvarez-Fernández et al. 1998), (Kayman et al. 2013) (Monga and Garg 1980). R. glutinis 

cell wall preparations can stimulate macrophage activation in vitro, suggesting that this yeast 

might drive pulmonary inflammation (Sorenson et al. 1998), and hypersensitivity 

pneumonitis has been reported with inhaled Rhodotorula (Alvarez-Fernández et al. 1998). A 

recent rat model of disseminated R. mucilaginosa infection revealed involvement of the 

lungs, liver and spleen with a granulomatous inflammatory reaction (Wirth and Goldani 

2012). Rhodotorula-associated peritoneal fibrosis has been reported in patients with dialysis-

associated fungemia (Eisenberg et al. 1983), suggesting that inflammation-driven fibrosis in 

the skin or lung is a potential consequence of infection by this fungal species.

These data also raise the hypothesis that Rhodotorula colonization is a consequence of skin 

disease, rather than a trigger of systemic sclerosis. This cross-sectional study will inform 

future longitudinal studies of the mycobiome of patients with systemic sclerosis. Latrogenic 

immunosuppression may also predispose patients to fungal infections regardless of the 

underlying disease; however two of the SSc patients in this study had not been treated with 

immunosuppressive agents. Future studies may examine the mycobiome in other fibrotic 

skin diseases and in latrogenic immunodeficiency.
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All biopsies in this study were taken from the forearm. We used control biopsies from 

healthy patients rather than clinically unaffected skin from SSc patients as previous studies 

have demonstrated molecular changes in the unaffected skin of SSc (Whitfield et al. 2003; 

Milano et al. 2008). Recent studies have shown that the mycobiome of the skin varies by site 

(Findley et al. 2013); future research in this area will require a survey of lesional and 

clinically unaffected skin from a variety of body sites. Future studies will also be needed to 

determine which layer of the skin is colonized by Rhodotorula.

One possible explanation of these results is lab contamination in the RNA-seq, however we 

believe this is unlikely. The four SSc samples were collected on different dates. In at least 

one case, a normal was collected at the same time, under the same conditions as the SSc 

sample (the normal was the spouse of the SSc patient). Samples were treated identically 

from the point of collection onwards. It is difficult to imagine a scenario where the SSc 

samples could have become contaminated in the lab without the normal samples being 

similarly affected.

Future research will be required to test this hypothesis and fulfill Hill’s epidemiologic 

criteria for causal association. It is crucial to demonstrate that pathogen exposure precedes 

development of SSc, which will require prospective studies. The modern genomics view of 

Koch’s postulates stipulates that fewer copies of pathogen nucleic acid exist in normal 

tissue, consistent with our data. Longitudinal studies will be needed to demonstrate that 

pathogen load correlates with disease severity and resolution or relapse. Finally, molecular 

and cellular research is needed to determine how this pathogen triggers inflammation and 

fibrosis in SSc. Preclinical animal models will allow in vivo research on the effect of 

pathogen on disease.

Materials & Methods

Sample collection

All study participants gave written, informed consent under a Boston University Medical 

Center Institutional Review Board approved protocol. The study conformed to the 

Declaration of Helsinki Principals. Single 4 mm punch biopsies were obtained from lesional 

forearm skin of four patients with early, diffuse SSc within 6 months of first onset of non-

Raynaud’s symptoms, and normal forearm skin of four controls without disease in a design 

similar to our original microarray studies (Whitfield et al. 2003). Tissue was stored in 

RNAlater at −80° C until processed. Samples were processed at Dartmouth Geisel School of 

Medicine under a protocol approved by the Committee for the Protection of Human Subjects 

(CPHS) at the Geisel School of Medicine.

RNA-seq sample preparation and sequence alignment

Total RNA was extracted from skin biopsies using QIAgen RNeasy Plus Mini kit. A 

modified protocol was used to isolate both large (>200 nt) and small (<200 nt) RNA 

fraction. Only the large RNA fraction was used for this study. Ribosomal RNA was depleted 

from the large RNA fraction using Invitrogen Ribominus kit. RNA-Seq library was 

synthesized by NuGen Ovation RNA-Seq System v2 using cDNA prepared by random 
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hexamer priming. Libraries were multiplexed and sequenced on an Illumina HiSeq 2000 

platform and 187–242 million 50 bp paired-end reads were obtained per sample.

Metagenomic analysis was performed with the Integrated Metagenomic Sequence Analysis 

(IMSA) package (Dimon et al. 2013). The samples were also analyzed by DNA microarray 

and assigned to the intrinsic gene expression subset (Milano et al. 2008). All four of the SSc 

patients were assigned to the inflammatory intrinsic subset defined by correlation to 

centroids. RNA-seq data from these eight patients are available at NCBI GEO at accession 

number GSEXXXXX (In process, number will be added in proof).

Filtering low quality and human reads

Human reads were filtered from the RNA-seq read sets using IMSA (Dimon et al. 2013). 

Reads were quality filtered to remove any reads with more than 3 bases with a quality score 

below 15. Next, human reads were removed by progressively more stringent alignments to 

the human genome (hg19), first with bowtie, then with blat, followed by blast. The final 

blast alignment removed all reads aligning to the human genome with an E-value of 1xe-8 or 

better.

Initial Taxonomic Analysis

Once the human reads had been filtered from the dataset, the reads were aligned to NCBI’s 

nt database using blast (E-value <= 1e-15). Scores were generated at every level of NCBI’s 

taxonomy to classify the resulting sequences. Reads aligning to a single classification would 

add a score of one to that classification. For reads that aligned to multiple species with equal 

scores, each species was given a partial score (i.e. if a read aligned to two species equally, 

each would get a score of 0.5 from the read; if the read aligned to three species equally, each 

would receive 0.33 from the read).

For further analysis, only reads with a single best alignment were retained to avoid spurious 

hits. In addition, scores were normalized to the millions of reads in the initial read set. 

Cluster analysis was done using only bacterial, fungal and viral genera with a score above 

0.01 in at least one sample. Unsupervised clustering was performed using Cluster 3.0 (Eisen 

et al. 1998) and visualized using TreeView (Saldanha 2004).

The TaxMap bubble diagrams were created by IMSA, visualized using GraphViz (Gansner 

and North 2000). TaxMaps show the score at each taxonomic level, in this case for the 

unique reads only. An average TaxMap was created for Normal and SSc samples by 

considering only the nodes present in all four samples of the given type, calculating the 

mean value across the four samples, then only displaying nodes with a score above 0.05 to 

make the graphs more readable. Individual unfiltered TaxMaps for each sample can be 

found in the supplemental info for both Plant/Fungal reads and for Bacterial reads.

To align reads to R. glutinis 28S rRNA (NCBI FJ345357), we used Bowtie (Langmead et al. 

2009) to align the full RNA-seq dataset against the NCBI record. Results were converted to 

a sorted BAM file and visualized in IGV (Thorvaldsdóttir et al. 2013).
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Assembled sequences

For each SSc sample, longer Rhodotorula sequences were assembled using PRICE (Ruby et 

al. 2013). Normal samples did not contain enough Rhodotorula reads for assembly. The 

assembly was run for each sample individually, seeded with all the reads aligning uniquely 

to Rhodotorula (NCBI tax id 5533) (specific flags: -nc 40 -mol 40 -tol 20 -mpi 90 -target 90 

1 1 1).

To determine the source of contigs assembled by PRICE, a BLAST alignment to NCBI’s nt 

database was performed using the online BLAST website. Every SSc sample contained a 

sequence aligning to the 5′ end of the 28S transcript of Rhodotorula glutinis. In specific, 

every sequence covered bases 786–1147 of NCBI record FJ345357 (Khot et al. 2009), 

spanning the D1–D2 hypervariable region of the 28S rRNA. Multiple sequence alignment 

was performed in MUSCLE (Edgar 2004). A phylogenetic tree was created using 

Phylogeny.fr, which uses MUSCLE for the sequence alignment then constructs a maximum 

likelihood tree using PhyML (Dereeper et al. 2008).
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Figure 1. IMSA analysis reveals plant/fungal sequences in SSc samples
Division-level breakdown of the reads remaining after filtering human reads. NCBI 

divisions group plants and fungal sequences together. Normal samples begin with “N” while 

SSc samples begin with “SSc”. Numbers shown in the table below are the IMSA score for 

each division per million input reads, indicating the relative abundance as a proportion of 

total reads. The most striking difference between normal and SSc samples is the abundance 

of plant/fungal reads in SSc samples, with an associated reduction in other divisions. 

Vertebrate reads (primarily human reads not filtered by IMSA due to mismatches to the 

human genome) are about a quarter of the non-plant/fungal reads. The other three-quarters 

of the non-plant/fungal reads are bacteria, the amount of which varies by sample but does 

not have a clear difference in abundance between normal and SSc samples.
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Figure 2. Unsupervised clustering of genera scores
All bacterial, fungal and virual genera with a score above 0.01 in at least 1 sample were 

clustered by IMSA score, normalized per million reads in the original read set. The tree 

shows normal samples cluster together on the left while SSc samples cluster together on the 

right. The top and bottom call-outs show normal skin flora expressed in both normal and 

SSc samples. The center call-out shows fungal genera expressed predominantly in SSc 

samples.
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Figure 3. Rhodotorula glutinis in Normal and SSc skin samples
a. TaxMap visualization of plant/fungal reads shows few fungal species in normal skin. 

TaxMaps show the IMSA score for each level of the taxonomic hierarchy, allowing quick 

visualization of the metagenome of a sample. The score shown is the average score for the 

normal samples counting only reads with a single best alignment, normalized per million 

input reads. Only nodes with a value above 0.05 are shown to make the figure easier to read. 

b. TaxMap visualization demonstrates R. glutinis as the dominant species in SSc skin. c. 

Reads with a single best alignment to R glutinis are present at 252-fold higher frequency in 

SSc skin than normal skin.
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Figure 4. Phylogenetic tree of assembled 28S rRNA sequences
Phylogenetic tree of 28S rRNA sequences from selected NCBI Rhodotorula sequences. The 

maximum likelihood tree was constructed with PhyML and rendered with TreeDyn. Species 

names and accession numbers are given for sequences downloaded from GenBank. The four 

SSc samples are grouped with R. mucilaginosa, close to sequences from R. glutinis and R. 

graminis.
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Figure 5. IGV visualization of original read set to R. glutinis 28S rRNA
Aligning raw reads to R. glutinis 28S rRNA sequence (FJ345357) shows many reads 

aligning in the SSc samples but much fewer reads in the normal samples. The position 

shown is from 750–1100 in the sequence, which is the end of ITS2 and the first 400 bases of 

28S rRNA. The gray histogram shows the depth of coverage at each base along the 

sequence; note that the axis is 10-fold higher for SSc samples. Colored bars show areas 

where the aligned reads differ from the reference sequence.
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Stress granules and RNA processing bodies
are novel autoantibody targets in systemic
sclerosis
Michael E. Johnson1, Andrew V. Grassetti1, Jaclyn N. Taroni1, Shawn M. Lyons2, Devin Schweppe1, Jessica K. Gordon3,
Robert F. Spiera3, Robert Lafyatis4, Paul J. Anderson2, Scott A. Gerber1 and Michael L. Whitfield1,5*

Abstract

Background: Autoantibody profiles represent important patient stratification markers in systemic sclerosis (SSc).
Here, we performed serum-immunoprecipitations with patient antibodies followed by mass spectrometry (LC-MS/MS)
to obtain an unbiased view of all possible autoantibody targets and their associated molecular complexes recognized
by SSc.

Methods: HeLa whole cell lysates were immunoprecipitated (IP) using sera of patients with SSc clinically positive
for autoantibodies against RNA polymerase III (RNAP3), topoisomerase 1 (TOP1), and centromere proteins (CENP). IP
eluates were then analyzed by LC-MS/MS to identify novel proteins and complexes targeted in SSc. Target proteins
were examined using a functional interaction network to identify major macromolecular complexes, with direct targets
validated by IP-Western blots and immunofluorescence.

Results: A wide range of peptides were detected across patients in each clinical autoantibody group. Each group
contained peptides representing a broad spectrum of proteins in large macromolecular complexes, with significant
overlap between groups. Network analyses revealed significant enrichment for proteins in RNA processing bodies
(PB) and cytosolic stress granules (SG) across all SSc subtypes, which were confirmed by both Western blot and
immunofluorescence.

Conclusions: While strong reactivity was observed against major SSc autoantigens, such as RNAP3 and TOP1, there
was overlap between groups with widespread reactivity seen against multiple proteins. Identification of PB and SG as
major targets of the humoral immune response represents a novel SSc autoantigen and suggests a model in which a
combination of chronic and acute cellular stresses result in aberrant cell death, leading to autoantibody generation
directed against macromolecular nucleic acid-protein complexes.

Keywords: Systemic sclerosis, Scleroderma, Autoantibody, RNA processing bodies, Stress granules

Background
Systemic sclerosis (SSc) is a rare systemic autoimmune
disease of unknown etiology characterized by skin
fibrosis, internal organ involvement, vascular abnor-
malities, and autoantibody production. Patients are
broadly classified as having either limited (lSSc) or dif-
fuse (dSSc) disease based primarily upon the extent of

skin involvement and autoantibody profiles. While a
wide array of autoantibodies have been described for
SSc, only a small number of these targets are used for
clinical diagnosis and stratification. Autoantibodies
targeting RNA polymerase III (RNAP3), topoisomer-
ase 1 (TOP1; commonly referred to as Scl70), and
centromere proteins (CENP) represent the three the
most common, clinically measured autoantibodies ob-
served in SSc [1, 2]. Other autoantibodies, including
fibrillarin (U3RNP), Pm/Scl, Ku, U1RNP, U11/U12,
and Th/To have also been described [1, 3] but are not
routinely measured for clinical subtyping.
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While the processes underlying autoantibody produc-
tion in SSc remain poorly understood, the presence of
certain autoantibodies is strongly predictive of clinical
outcomes [1–3]. TOP1 and RNAP3 autoantibodies are
almost exclusively seen in dSSc, while CENP, Th/To, and
U1RNP antibodies are more commonly associated with
lSSc [1, 3]. U3RNP autoantibodies are not associated
with either clinical subset, and are often found in con-
junction with other autoantibodies, including both
TOP1 and CENP [3]. Certain antibodies, such as TOP1
and U11/12, have been shown to be predictive of poorer
overall prognosis, including increased likelihood of pul-
monary fibrosis [4] and cardiac involvement, while
RNAP3 autoantibodies have recently been linked to co-
occurrence of SSc with cancer [5].
Despite the importance of autoantibodies in SSc, the

vast majority of target identification and phenotypic
screening has been performed using methods targeting
only a single autoantibody, with little ability to detect
novel or low abundance autoantibodies. Furthermore,
these methods fail to address the possibility of co-
occurrence of multiple autoantibodies within a patient,
which may have important clinical implications. Autoan-
tigen microarrays have proven successful for screening
large numbers of autoantibodies in parallel, however tar-
get identification is limited to those antigens produced
and printed on the antigen microarrays [6]. To address
these limitations, we performed immunoprecipitations
(IP) of HeLa whole cell lysates using sera from RNAP3-,
CENP-, and TOP1-positive patients, as well as healthy
controls, followed by mass spectrometry (LC-MS/MS) to
provide an unbiased assessment of all autoantibodies
present in these SSc patients. This method provides a
better view of the full range of autoantibodies present in
SSc, including both novel and established targets, and
provides insights into the general processes underlying
autoantibody production.

Methods
Clinical samples
Patient serum was obtained from Boston University
Medical School, Boston (BUMC), MA, USA and the
Hospital for Special Surgery (HSS), New York, NY,
USA. All relevant study protocols were approved by
the Dartmouth College committee for the protection
of human subjects, and the internal review boards of
both BUMC and HSS. Informed consent was ob-
tained from all patients prior to sample collection.
Patients were diagnosed with either dSSc or limited
SSc, as determined using the 1980 American College
of Rheumatology classification criteria. Detection of
major autoantibody reactivities was performed using
standard clinical assays.

Human cell lysates
HeLa cells were cultured in DMEM supplemented with
10 % fetal bovine serum (FBS) (v/v) and 100 IU/mL
penicillin-streptomycin. Cells were grown to approxi-
mately 80 % confluence, harvested in IP lysis buffer
(150 mM NaCl, 50 mM Tris pH 7.5, 1 mM MgCl2, 1 mM
EDTA, 0.5 % Triton X-100, 2.5 mM β-mercaptoethanol,
1 mM sodium molybdate, 1 mM sodium fluoride, 1 mM
sodium tartrate, 1 mM dithiothreitol (DTT), and protease
inhibitors (Roche, Indianapolis, IN, USA)), lysed by pas-
sage through a pre-chilled high-gauge syringe, and centri-
fuged for 15 minutes to pellet debris. Lysates were then
clarified by incubating for 4 h at 4 °C on a rotating plat-
form. Protein concentrations were quantified using a
standard bicinchoninic acid (BCA) protein assay kit
(Thermo Scientific, Waltham, MA, USA).

Serum immunoprecipitation
Patient serum was cross-linked to Protein G Dynabeads
(Invitrogen, St. Louis, MO, USA) prior to IP. First,
100 μL serum (approximately 1 mg IgG) was added to
50 μL Protein G beads and incubated for 5 h at 4 °C.
Samples were then washed in PBS, equilibrated in cross-
linking buffer (50 mM HEPES, pH 8.2), and cross-linked
to Protein G beads by the addition of 20 mM dimethyl
pimelimidate and 300 mM HEPES (DMP) solution for
10 minutes at room temperature (repeated three times).
The crosslinking reaction was then terminated by the
addition of 50 mM ammonium bicarbonate, and the
resulting antibody bead mixture added to 500 μL cell
lysate (diluted to 4 mg/mL in IP lysis buffer). Samples
were incubated overnight at 4 °C on a rotating platform,
washed in cold IP lysis buffer, and eluted in a buffer con-
taining 2 % SDS, 75 mM NaCl, 50 mM Tris pH 8.1, and
20 % glycerol at 65 °C for 5 minutes. Eluates were re-
duced by the addition of 0.1 M dithiothreitol (DTT) (to
a final concentration 5 mM), and incubated at 80 °C for
5 minutes. Samples were then resolved by SDS-PAGE,
split into high (>60 kDa) and low (<60 kDa) molecular
weight fractions and analyzed by mass spectrometry.

Mass spectrometry
Proteins contained in Coomassie-stained gel regions
were digested overnight with trypsin (1:200 w/v) at 37 °
C. Following digestion, peptides were extracted from the
gels, dried, and analyzed by nanoscale LC-MS/MS. LC-
MS/MS analyses were performed on either LTQ Orbi-
trap Classic or Orbitrap Fusion LC-MS/MS platforms.
LTQ Orbitrap Classic analyses were conducted as de-
scribed previously [7].
For Orbitrap Fusion analyses, samples were loaded onto

an EASY-nLC 1000 Liquid Chromatograph (Thermo Sci-
entific, Waltham, MA, USA) and separated by reverse-
phase high pressure liquid chromatography (RP-HPLC)
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using an approximately 36-cm column with a 100-μM
inner diameter packed with 3 μm 120 Å C18 particles (Dr.
Maisch GmbH, Ammerbuch-Entringen, Germany). The
resultant peptide eluate was directed into an Orbitrap
Fusion Tribrid Mass Spectrometer operating in a data-
dependent sequencing acquisition mode across a 30-
minute reverse-phase gradient (6 % acetonitrile, 0.1 %
formic acid to 30 % acetonitrile, 0.1 % formic acid) at
350 nL/min flow rate. The Orbitrap Fusion was operated
with an Orbitrap MS1 scan at 120 K resolution, followed
by Orbitrap MS2 scans of higher energy collision-induced
dissociation (HCD) fragment ions (30 % HCD energy) at
15 K resolution using a maximum cycle type of 2 s,
precursor ion dynamic exclusion window of 15 s, +2, +3,
and +4 precursor ions selected for LC-MS/MS, and max-
imum ion injection times of 100 ms (MS1) and 50 ms
(MS2). The resulting tandem mass spectra were data-
searched using the COMET search engine [8] against a
Homo sapiens proteome database (source: Uniprot;
download date: 2 July 2013) with a precursor ion tol-
erance of +/- 1 Da [9] and a fragment ion tolerance
of 0.02 Th. Peptide spectra matches (PSMs) were fil-
tered to <1 % false discovery rate using the target
decoy strategy [10], and reported.

IP-western blots
Anti-UPF1 antibody was kindly provided by Dr. Lynne
Maquat (University of Rochester Medical Center, Roch-
ester, NY, USA). Antibodies to MOV10 and CAPRIN1
were purchased from Proteintech (Chicago, IL, USA);
antibodies to G3BP1 and USP10 were purchased from
Santa Cruz Biotechnology (Santa Cruz, CA, USA).
Serum immunoprecipitation of HeLa lysates was per-
formed as described above; 50 % of each eluate (15 μL)
was then run on a 10 % bis-tris precast gel (Life Tech-
nologies, Carlsbad, CA, USA). HeLa whole cell lysate
(100 μg) was used as a positive control; no loading con-
trol was performed due to the absence of viable targets
present in all IP eluates. Western blots were then run
following standard protocols, and visualized using West-
ern Lightning ECL Pro or Ultra substrate (Perkin Elmer
Inc., Waltham, MA, USA), as necessary.

Data analysis
Non-redundant peptide hits, defined as mass spectra
mapping exclusively to a given peptide fragment, were
used for all downstream analyses. Pairwise comparisons
between samples were performed by Fisher’s exact test
using the Bonferroni correction for multiple hypothesis
testing. Venn diagrams were generated using VENNY
[11]. Network analysis was performed using the Genome-
scale Integrated Analysis of gene Networks in Tissues
(GIANT; http://giant.princeton.edu/) global network [12]
and visualized using Cytoscape [13]. Communities in the

network were detected using fast-greedy modularity as
implemented in igraph. Functional annotation of individ-
ual communities was performed using g:Profiler [14].
Semiquantitative enrichment of SSc-associated autoanti-
bodies was determined using a binary assessment of auto-
antibody presence or absence in a sample. Preferential
enrichment in SSc was defined as all proteins de-
tected in >50 % of all patient samples at a frequency >1.5-
fold relative to controls. Enrichment of biological processes
and cellular components was determined using g:Profiler
using the g:SCS threshold correction for multiple hypoth-
esis testing and a functional category size ≤500 genes.
Hierarchical clustering was performed using Cluster 3.0
[15], and visualized using Java TreeView [16].

Immunofluorescence
The day prior to the experiment, 105 U2OS cells were
seeded onto 11 mm glass coverslips and allowed to at-
tach overnight at 37 °C/5 % CO2 in DMEM containing
10 % FBS (Gibco). Cells were treated with 100 μM so-
dium (meta)arsenite (Sigma Aldrich) for 1 h to induce
the formation of stress granules and then with 4 % para-
formaldehyde solution at room temperature for 15 -
minutes followed by blocking and permeabilization with
5 % normal horse serum, 0.1 % digitonin in Tris-
buffered saline. Staining was performed with anti-eIF3b
(Santa Cruz), anti-SK1-Hedls (Santa Cruz), and patient
sera for 1 h at room temperature. Secondary antibodies
(anti-goat-Cy3, anti-mouse-Cy2, and anti-human-Cy5)
were purchased from Jackson Laboratories and incubated
at room temperature for 1 h. Conventional fluorescence
microscopy was performed using a microscope (model
Elipse E800, Nikon, Tokyo, Japan) with epifluorescence
optics with a digital camera (model CCD-SPOT RT; Diag-
nostic Instruments, Sterling Heights, MI). Images were
compiled using Adobe Photoshop software (CS6; Adobe
Systems, San Jose, CA).

Results
Identification of proteins cross-reacting to serum antibodies
Immunoprecipitations (IP) of HeLa whole cell lysates
were performed using sera obtained from 13 SSc pa-
tients and 4 healthy controls. HeLa cells were chosen
based upon their consistent, high level of expression of a
broad range of proteins from the human genome [17].
SSc patients were divided into three groups, TOP1,

RNAP3, and CENP, as measured in a reference labora-
tory; clinical data for each patient are shown in Table 1.
These groups were chosen based upon their relative
frequency, and their importance in clinical diagnosis.
Immunoprecipitated proteins were analyzed by LC-MS/
MS, and the resulting spectra aligned to the reference
human proteome (UCSC version hg19). Data are pre-
sented in two ways; first to identify the total number of
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peptides that could be aligned to each protein (total
hits), and second to identify all non-redundant peptides
that mapped exclusively to a given protein (non-redun-
dant hits). A complete list of all data can be found in
Additional file 1: Table S1.

Exclusivity and co-occurrence of SSc autoantibodies
We observed a high degree of reproducibility between
patients within their respective autoantibody groups
(TOP1, RNAP3, and CENP; Fig. 1). The greatest degree of
overlap between peptides was observed among RNAP3
patients (Fig. 1a and c), with 420 proteins (54.1 %) de-
tected in all four patients (Fig. 1c). The remaining groups
exhibited significant overlap in three of four (TOP1) and
four of five (CENP) patients, respectively (Fig. 1a), along
with a single outlier that showed either higher (SSc 208;
TOP1) or lower (SSc 226; CENP) total peptide hits relative
to other samples in these groups. Within TOP1, 111 pro-
teins (14.2 %) were detected in all four patients (Fig. 1d),
while CENP exhibited 48 proteins (10.5 %) common to all
patients (Fig. 1c). The least overlap was seen in healthy
controls, with only 40 proteins (7.6 %; Fig. 1b) common
across individuals.
Across all samples, 283 proteins (25.0 %) were de-

tected in at least one patient in each of the four auto-
antibody groups (Fig. 1e, Additional file 2: Table S2).
Some of these proteins likely represent background
signals (serum albumin (ALB), β-tubulin (TUBB), and
ribosomal proteins), while others are considered specific

to SSc despite trace level detection in controls. For ex-
ample, multiple SSc autoantibody targets, including Ku
(XRCC5 and XRCC6), Ro52/TRIM21, and nucleophos-
min/B23 (NPM1) were present in this set of proteins. In
contrast, 87 proteins (7.7 %) were detected in all three
SSc groups, but were absent in controls (Fig. 1e;
Additional file 2: Table S2). Functional analyses of these
proteins revealed strong enrichment of proteins involved
in oxidative stress responses and nucleic acid processing
(Additional file 3: Table S3B).
Of the 1,130 non-redundant proteins identified, 473

(41.8 %) were unique to a given autoantibody group
(Fig. 1f ); however, the vast majority of these proteins
were exclusive to a single patient, with only 111 (23.5 %)
detected in two or more patients. These results suggest a
wide range of autoantibody responses within each of the
clinical autoantibody groups beyond what has already
been described.
Among the major autoantibody groups, immunopre-

cipitation of RNAP3 was exclusive to the RNAP3 group,
with no RNAP3 peptides detected in any of the other
samples (Table 2). In contrast, TOP1 peptides were
consistently highest among TOP1 patients, but were also
detected at low levels in all four RNAP3+ patients, and
in two controls (Table 2). As these patients were
negative for TOP1 autoantibodies by clinical testing,
these results indicate a higher degree of sensitivity for
our IP/MS protocol compared to standard ELISA-based
methods used clinically. In contrast, CENP was only

Table 1 Clinical information for patients involved in this study

Sample Group Age (years) Sex Race Disease type ILD/PAH Disease duration (years) ANA pattern ANA titer MRSS

SSc 1 TOP1 36 F White Diffuse mild ILD 2.5 1:320 43

SSc 132 TOP1 49 F White Diffuse No Homogeneous 1:640 27

SSc 218 TOP1 55 F White Diffuse ILD Homogeneous/nucleolar 1:2560 18

SSc 208 TOP1 64 M White Diffuse No Nucleolar 1:1280 37

SSc 5 RNAP3 53 M White Diffuse No 0.75 Speckled 1:80 36

SSc 7 RNAP3 45 F Black Diffuse No 0.5 Speckled 1:80 27

SSc 10 RNAP3 52 M White Diffuse No 0.5 0 22

SSc 18 RNAP3 69 F White Diffuse ILD 0.5 Nucleolar 1:160 44

SSc 159 CENP 54 F Mixed Limited No 7 Centromere 1:1280 2

SSc 177 CENP 64 F White Limited No 15 Discrete speckled 4+

SSc 194 CENP 66 F White Limited No 18 Discrete speckled 4+ 6

SSc 238 CENP 53 F White Limited No 6 Centromere 1:640 5

SSc 226 CENP 55 F Asian Diffuse No Centromere 1:1280 6

HC 162 Control 24 M White

HC 400 Control 21 M White

HC 117 Control M

HC 118 Control M

Blank cells indicate information not available at the time of sample collection. ILD interstitial lung disease, PAH pulmonary arterial hypertension, ANA anti-nuclear
antibody, MRSS modified Rodnan skin score, SSc systemic sclerosis, M male, F female
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detected at low levels in the CENP group, likely because
it remained bound to the tightly packed centromere
complex of chromatin.
Other known SSc autoantigens were also detected.

RuvBL [18] was strongly detected in all SSc samples, while
virtually absent in controls. Ku and Su, along with a wide
array of anti-tRNA synthetases [19] were routinely detected
in both the RNAP3 and TOP1 subsets, but were only
weakly present in the CENP and control groups (Table 2).
Several autoantigens previously implicated in SSc were

found at low, background levels in both SSc and control
samples. Ro52/TRIM21 [20] and nucleophosmin/B23
[21] were widely detected across all four groups, suggest-
ing widespread reactivity to these proteins in SSc and
controls. We did not find evidence in SSc of enrichment
of Pm/Scl autoantibodies, which target exosome compo-
nents EXOSC1-10 [22]. Peptides for these proteins were
absent in the CENP group, but were detected at low
levels in other subsets, including controls. Autoantigens
not detected here include many of the URNPs, PDGFR,
matrix metalloproteinases, tissue plasminogen activator,
and vascular receptor antibodies (Table 2).

Functional clustering of identified proteins
To identify functional interactions among autoantigens,
all 763 non-redundant protein hits were submitted as a
query to the GIANT global average network. This ap-
proach included both SSc-specific targets and those de-
tected at background levels in controls, to better
understand the full range of autoreactive proteins and
complexes. Nine distinct communities were identified
within the resulting network, in which each gene is rep-
resented by a node, and two genes share an edge if they
are predicted to functionally interact (Additional file 4:
Figure S1). Analysis of each of these communities by
g:Profiler revealed functional enrichment for a wide
range of biological processes associated with important
disease processes and components (Additional file 4:
Figure S1). Community 1 is dominated by ribosomal
proteins, eukaryotic initiation factor 3 (eIF3) subunits,
and includes the SSc autoantibody target nucleophos-
min/B23. Communities 2 and 8 show strong enrichment
for Gene Ontology (GO) terms mRNA processing, ribo-
nucleoprotein complex, and cytosolic stress granule.
Community 2 is dominated primarily by DEAD box
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Table 2 SSc-associated autoantibodies observed in this study

Alias Associated proteins Disease subset Clinical associations Prevalence in this dataset (avg/freq) Reference

Control (n = 4) RNAP3 (n = 4) TOP1 (n = 4) CENP (n = 5)

Major autoantibodies

RNA Pol III POLR3A dSSc Renal crisis, cancer - +++ (28/4) - - Graf, et al. 2012 [1]; Mehra,
et al. 2013 [3]

Scl70 TOP1 dSSc Poor prognosis, internal organ
involvement, and proteinuria

+ (3/2) + (4/4) +++ (19/4) - Mehra, et al. 2013 [3]

Centromere CENPB, CENPH lSSc/CREST PAH, ILD - - - + (1/2) Mehra, et al. 2013 [3]

Other SSc autoantibodies present in our dataset

Endothelial Cell TUBB, VCL, LMNA, RPLP0 SSc PAH + (1/1) ++ (6/4) + (4/2) + (0/1) Dib, et al. 2012 [34], Naniwa,
et al. 2007 [35]

Fibroblast ENO1, G6PD, HSPA1A,
HSPA1B, VIM

SSc PAH + (3/4) +++ (12/4) ++ (5/3) ++ (8/5) Terrier, et al. 2008 [36],
Terrier, et al. 2009 [37]

Histone H1FX, HIST1H1B, HIST1H4A SSc PF, internal organ involvement,
decreased survival

+ (1/1) + (3/3) + (1/1) - Mehra, et al. 2013 [3]

B23 NPM1 dSSc, CENP- lSSc PAH + (4/4) ++ (7/4) ++ (5/4) ++ (6/5) Mehra, et al. 2013 [3]

Ku XRCC5, XRCC6 lSSc Myositis + (3/3) +++ (12/4) ++ (8/4) + (2/3) Graf, et al. 2012 [1]; Mehra,
et al. 2013 [3]

Su AGO2 SSc, PM/Scl Unknown - + (1/2) + (3/1) - Satoh, et al. 2013 [38]

Mitochondrial (M2) DLD, PDHB lSSc Strong association with primary
biliary cirrhosis

+ (1/1) + (2/3) + (1/1) - Mehra, et al. 2013 [13]

Pm/Scl EXOSC1-10 SSc PF, digital ulcers; decreased risk
of PAH and GI symptoms

+ (2/2) ++ (5/3) + (2/2) - Mehra, et al. 2013 [13]

hnRNPs HNRNPA1-3, HNRNPL SSc Common in SARDs + (0/1) ++ (7/4) + (3/4) + (2/4) Siapka, et al. 2007 [39]

U1 SNRNPA, SPRNP70 SSc Co-occurrence with SS-A/SS-B,
PAH, overlap syndrome

- + (2/4) + (1/2) + (0/1) Graf, et al. 2012 [1]; Mehra,
et al. 2013 [3]

U5 SNRNP200 SSc, PM/Scl Unknown ++ (6/3) ++ (9/4) ++ (8/3) + (1/2) Kubo, et al. 2002 [40]

RO52/TRIM21 TRIM21 SSc ILD, other autoimmune diseases ++ (6/3) +++ (12/4) ++ (6/4) ++ (8/4) Mehra, et al. 2013 [3]

RuvB RUVBL1, RUVBL2 dSSc Common in SARDs, older age at
onset, male sex

+ (1/1) ++ (7/4) + (3/4) + (2/4) Kaji, et al. 2014 [18]

Annexin V ANXA5 dSSc, CENP- lSSc Digital ischemia + (2/2) ++ (7/4) + (4/3) + (3/4) Mehra, et al. 2013 [3]

SS-B/LA SS-A, SS-B SSc ILD, other autoimmune diseases - + (3/4) + (2/2) + (0/1) Mehra, et al. 2013 [3]

Peroxiredoxin PRDX1 SSc Disease duration, PF, cardiac
involvement, TOP1+ patients

+ (2/4) ++ (8/4) + (3/3) + (4/4) Mehra, et al. 2013 [3]

hUBF/NOP90 UBTF lSSc Mild organ involvement,
favorable prognosis

- + (1/2) - - Mehra, et al. 2013 [3]

Th/To POP1 lSSc PF, renal crisis, poor prognosis,
myositis, PAH

+ (1/2) + (1/1) + (3/3) - Graf, et al. 2012 [1]; Mehra,
et al. 2013 [3]
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Table 2 SSc-associated autoantibodies observed in this study (Continued)

PL-12 AARS SSc, PM/DM ILD without myositis - - + (1/1) + (1/1) Hamaguchi, et al. 2013 [19]

OJ IARS SSc, PM/DM ILD without myositis + (1/1) - + (3/3) - Hamaguchi, et al. 2013 [19]

EJ GARS SSc, PM/DM ILD, myositis - + (3/4) + (2/2) + (0/1) Hamaguchi, et al. 2013 [19]

Jo-1 HARS SSc, PM/DM ILD, myositis - + (1/4) - - Hamaguchi, et al. 2013 [19]

PL-7 TARS SSc, PM/DM ILD, myositis + (2/2) ++ (8/4) ++ (6/4) + (2/4) Hamaguchi, et al. 2013 [19]

Ha YARS SSc, PM/DM Interstitial pneumonia - + (0/1) - - Hashish, et al 2005 [41]

Zo FARSA, FARSB SSc, PM/Scl Anti-synthetase syndrome - + (2/4) - - Betteridge, et al. 2007 [42]

SSc autoantibodies not detected in our dataset

Fibrillarin U3RNP dSSc More frequent in blacks; severe
disease, poor prognosis

- - - - Mehra, et al. 2013 [3]

U11/U12 RNP SNRNP35 SSc Lung fibrosis, gastrointestinal
involvement

- - - - Mimori, 1999 [43]

PDGFR PDGFR SSc Unknown - - - - Svegliati Baroni, et al.
2006 [44]

MMP MMP family dSSc Skin, lung, and vascular fibrosis - - - - Mehra, et al. 2013 [3]

tPA PLAT lSSc PAH - - - - Mehra, et al. 2013 [3]

IFI16 IFI16 lSSc Common in SARDs - - - - Mehra, et al. 2013 [3]

Fibrillin 1 FBN1 dSSc Choctaw and Japanese patients;
absent in Caucasians

- - - - Mehra, et al. 2013 [3]

Vascular Receptors AGTR2, EDN1 SSc TOP1+ patients, renal crisis - - - - Mehra, et al. 2013 [3]

ATF2 ATF2 SSc Longer disease duration,
decreased lung function

- - - - Mehra, et al. 2013 [3]

Data are presented as the average of all peptide hits across each autoantibody group, followed by the frequency of peptide detection within the group. For autoantibodies known to target more than one protein or
subunit, data for a single representative protein are shown, with the specific protein highlighted in bold. Associated proteins indicate specific protein targets identified in this study; among autoantibodies not
identified here, the most common targets are listed. Symbols: -, +, ++, and +++ indicate an average of 0, 1–4, 5–9, and ≥10 peptide hits per group, respectively
SSc systemic sclerosis, lSSc limited cutaneous SSc, dSSc diffuse cutaneous SSc, PAH pulmonary arterial hypertension; ILD interstitial lung disease; CREST CREST syndrome (calcinosis, Raynaud phenomenon, esophageal
dysmotility, sclerodactyly, and telangiectasia); PM/Scl polymyositis/scleroderma, PM/DM polymyositis/dermatomyositis
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helicases proteins, while community 8 contains a diverse
array of proteins including multiple SSc autoantibodies,
including TOP1, SSB, Pm/Scl proteins, URNPs, and
HNRNPs, and numerous serine/arginine-rich splicing
factors. Community 3 consists primarily of aminoacyl
tRNA synthetases, a cluster often targeted in auto-
immune diseases [19, 23]. Communities 4, 5, and 9 are
strongly associated with a variety of GO processes
known to play a major role in SSc, including wound
healing, IFN signaling, and response to oxidative stress.
Major proteins include CD44, HLAs, myosins, and fila-
min proteins in community 4 and tricarboxylic acid
cycle proteins in community 5. Community 9 contains
multiple protein disulfide isomerases and peroxiredox-
ins, protein folding enzymes such as calnexin (CANX)
and calreticulin (CALR), and the major collagen process-
ing enzyme prolyl 4-hydroxylase beta (P4HB). Commu-
nity 6 contains multiple annexin and 14-3-3 proteins;
enriched GO processes include ribonucleoprotein com-
plex assembly, mitochondrial transport, RNA processing,
and anchoring junction. Community 7 associated with
GO terms include cell cycle, RNA polymerase III com-
plex, DNA-PK-Ku complex, and antigen processing and
presentation. Community 7 includes several SSc auto-
antibody targets including Ku proteins XRCC5 and 6,
RUVBL1 and 2, RNA polymerase I and II subunits, mul-
tiple proteasomal subunits, and T-complex proteins.

Preferential detection of autoantibodies in SSc
Subsequent comparisons between groups were performed
in a semiquantitative manner based on the presence or ab-
sence of a given protein in an immunoprecipitant, with
quantitative analyses limited to comparisons within an
individual sample. To identify biological processes and
cellular components differentially targeted in SSc, with
minimal to no background detection in controls, we ex-
amined all proteins detected in >50 % of SSc samples at a
frequency >1.5-fold relative to controls, resulting in a list
of 137 differentially detected proteins (Fig. 2; Additional
file 2: Table S2). Enriched biological processes included
ncRNA metabolic process, response to oxygen radical, and
triglyceride-rich lipoprotein particle remodeling. Preferen-
tially targeted cellular components include cytosolic stress
granule, lipid-protein complex, pigment granule, and an-
choring junction; molecular functions include antioxidant
activity and mRNA binding (Additional file 3: Table S3C).

RNA processing centers are major targets of SSc
autoantibodies
The strong enrichment for GO terms associated with
mRNA processing and stress response, as well as the
identification of cytosolic stress granule as an enriched
cellular component, led us to further investigate the role
of stress granules (SG) and RNA processing bodies (PB)

in the autoantibody response of SSc. SG and PB repre-
sent distinct, non-membranous cytoplasmic entities,
which arise in response to different cellular stresses
including oxidative stress, hypoxia, viral infection, un-
folded proteins, and amino acid deprivation [24].
These structures exist in constant flux, driven by the
availability of constituent mRNPs, regulating the fate
of untranslated mRNAs in response to translational
arrest [25]. While SG are generally absent under nor-
mal conditions, PB are constitutively present at low
levels due to their role as microRNA processing cen-
ters. Both structures have been shown to arise in re-
sponse to cellular stresses, including oxidative stress,
ischemia, and cancer [26], all of which are known to
be important in SSc pathogenesis [5, 27].
In addition to the 137 differentially detected proteins de-

scribed above, a wide range of PB/SG constituents were
readily detected across most SSc samples (Additional file 5:
Table S4). Substantial reactivity was seen against PB com-
ponents such as UPF1 and MOV10, and SG proteins FXR1
and FXR2, G3BP1 and G3BP2, and USP10. Only back-
ground levels of reactivity were seen in healthy controls.

Validation of PB/SG antibodies in SSc
In order to validate the differential abundance of PB/SG
proteins identified by LC-MS/MS, HeLa whole cell ly-
sates were immunoprecipitated using antibodies from
each patient as described in the LC-MS/MS analyses.
Western blots were performed by resolving equal vol-
umes of IP eluates by SDS-PAGE and transferring to
nitrocellulose. Blots were then probed with antibodies
targeting PB/SG proteins UPF1, MOV10, CAPRIN1,
G3BP1, and USP10. These targets were chosen based
upon their high level of detection across SSc groups, as
determined based on our LC-MS/MS data. Strong re-
activity was seen against all five proteins in SSc with
only trace levels detected in controls (Fig. 3a), indicating
widespread immune responses against these protein
complexes.
Further validation was performed using immunofluor-

escence (IF) staining of U2OS cells maintained under
conditions of oxidative stress to induce PB/SG forma-
tion. Cells were probed with patient sera in combination
with PB and SG markers SK1-Hedls and eIF3b, respect-
ively. Co-localization between patient sera and PB/SG
markers was observed in six of nine SSc patients, with at
least one positive sample in each of the three autoanti-
body groups; no staining was seen for any of the three
healthy controls (Fig. 3b). These results are consistent
with that seen on LC-MS/MS, particularly among
RNAP3 patients, who exhibited the strongest and most
consistent autoantibody responses across both methods.
Taken together, these data strongly implicate PB/SG as
novel targets of SSc autoantibody responses.
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Discussion
Autoantibodies have long been used in the diagnosis of
SSc, with different autoantibodies predictive of clinical
outcomes, including interstitial lung disease, pulmonary
arterial hypertension, and skin involvement. While a
wide array of SSc-associated autoantibodies have been
described, diagnoses are often performed based upon
the presence or absence of reactivity against three pro-
teins: RNAP3, TOP1, and CENP. The data presented
here suggest a much broader autoantibody response,
which is reflective of underlying disease pathologies.
Strong subset-specific reactivity was evident against both
RNAP3 and TOP1, with no RNAP3 peptides detected in
any of the other groups; however, all four RNAP3 pa-
tients exhibited modest reactivity against TOP1, indicat-
ing a degree of overlap between these two autoantibody
groups. When peptides recovered are extended beyond
the three major targets, we found substantial overlap

across the three major SSc groups. We found peptides
from the autoantigens of RuvBL1/2, which appear to act
as general markers of SSc, with consistent detection
across all SSc groups, with almost no reactivity seen in
controls. In contrast, some common SSc autoantigens
such as B23 and Ro52/TRIM21 were recovered in virtu-
ally all samples, and in controls, indicating an important
degree of baseline reactivity against some of the more
common autoantibody targets.
In this proof-of-concept study, we do not attempt to

address the clinical implications of the autoantibody re-
sponses described here due to the limited number of pa-
tients analyzed, nor are we able to speculate on the
presence or absence of these autoantibodies in other SSc
autoantibody groups. Our depth in this study comes from
the number of potential antigens analyzed, which cover
the full proteome. Future studies examining a much larger
cohort of SSc patients, along with representatives of other
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autoimmune diseases, will be necessary to determine the
clinical value of these potential autoantibodies.
This is not the first study to suggest the presence of

multiple autoantibodies in SSc. Immunoassays per-
formed by Op De Beeck, et al. revealed the presence of
multiple autoantibodies in a small subset of SSc patients
[28]. A similar analysis by Graf et al. using the EURO-
LINE immunoassay revealed the presence of multiple
autoantibodies in 11 % of patients [1].
Autoantibodies against extracellular immune signaling

receptors and extracellular matrix proteins were con-
spicuously absent in these data; this includes the absence
of numerous autoantibodies previously implicated in SSc
pathogenesis, such as anti-fibrillin 1, anti-MMP, and
anti-PDGFR [29]. Additional analyses in other cell types,
such as fibroblasts or endothelial cells, and cells main-
tained under physiologically relevant growth conditions,
such as immune activation or oxidative stress, may be

useful for identifying other proteins and complexes
which may play a role in disease pathogenesis.
In addition to identifying novel autoantibody targets,

the unbiased nature of mass spectrometry provides add-
itional insights into the processes potentially underlying
autoimmunity. The preferential detection of proteins as-
sociated with RNA processing and oxidative stress as a
general feature of SSc autoantibodies may be indicative
of their origins. Combined with the consistent targeting
of PB/SG described here spanning all SSc patients, these
data suggest a basic model in which disease-specific
pathologies give rise to specific autoantibodies. Strong
induction of SGs is observed in response to cellular
stresses, including oxidative stress and ischemia, two
well-established phenomena in SSc [27]. SG/PB are also
readily induced in response to the tumor microenviron-
ment, consistent with recent evidence linking RNAP3-
positive SSc and cancer [5, 30]. Combined with evidence
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linking transforming growth factor (TGF)-β signaling
with an increase in PB formation [31], many of the
major processes underlying SSc pathogenesis appear
broadly consistent with an immune response against
cells undergoing a stress response. PBs are also known
to associate with other cytoplasmic structures, such as U
bodies [32], which house an number of well-established
SSc autoantibody targets, including U1, U5, and U11/U12.
Taken together, these data suggest a model in which auto-
antibodies arise as a secondary phenotype in response to
SSc-related processes already underway.
Some evidence suggesting a link between PBs and

autoimmunity has been described previously. Bhanji, et
al. observed reactivity against a number of PB-associated
proteins, including GE1/Hedls, GW182, and Ago2 in a
range of autoimmune diseases, including SSc [33]. Among
these autoantigens, only Ago2 was also identified in this
analysis, suggesting a persistent, yet diverse response
against this complex. A similar analysis of SG-associated
proteins has not been performed; however given the re-
activity to PB proteins seen in other autoimmune diseases,
reactivity in other autoimmune diseases is possible. A de-
tailed analysis using both mass spectrometry and other
methods will be necessary to understand the degree to
which autoantibodies to SG/PBs are seen in other auto-
immune diseases, and the clinical implications of these
findings.
This work has several limitations. First, we cannot

eliminate the possibility that some proteins found in our
mass spectrometry data result from co-IP of multi-
protein complexes by a single autoantibody; however, we
were able to confirm the presence of multiple PB/SG
autoantibodies by other means (Fig. 3). We also cannot
rule out the possibility that some targets were missed
due to their being sequestered into tightly packed
molecular complexes associated with chromatin. For
example, the presence of CENP autoantibodies within
these samples had been established using clinical methods,
indicating its absence in our mass spectrometry data is
likely a result of its sequestration into large macromolecu-
lar complexes with limited solubility. A lack of age- and
gender-matched controls likely underestimates the degree
of baseline reactivity seen in unaffected controls. Finally,
the small number of patient samples used in this study
prevents any clinical interpretation, and the variability in
the number of peptides recovered between experiments
limits direct quantitative comparisons between autoanti-
body groups.

Conclusions
The data presented here provide evidence of diverse im-
mune reactivities in SSc targeting a wide array of protein
complexes. Among these complexes, autoantibodies tar-
geting PB/SG were consistently identified across both

clinical SSc subsets and major autoantibody groups, sug-
gesting a potential novel autoantibody target. Taken to-
gether, these data suggest immune responses to proteins
involved in cellular stress may be a common mechanism
for autoantibody generation.

Additional files

Additional file 1: Table S1. Complete list of peptides identified in this
analysis. TP number of total peptides mapping to a protein, UP number
of unique peptides mapping to a protein, UM number of non-redundant
peptides mapping exclusively to a protein, MW molecular weight, Length
protein length in amino acids. (XLS 639 kb)

Additional file 2: Table S2. Gene lists used in these analyses.
(XLSX 17 kb)

Additional file 3: Table S3. Systemic sclerosis (SSc)-specific enrichment
of processes and components. Proteins differentially detected in SSc
were analyzed using gProfiler. Statistically significant processes and
components are shown. A) Peptides detected at any level across all
four groups. B) Peptides identified in all SSc groups, but absent in
controls. C) Analysis of 137 proteins differentially detected in SSc. BP
biological process, CC cellular component, MF molecular function, ke
KEGG pathway, re REACTOME pathway. (ODS 70 kb)

Additional file 4: Figure S1. Network analysis of systemic sclerosis
(SSc) autoantigens. All 763 non-redundant peptide hits identified in two
or more patients were analyzed using the Genome-scale Integrated
Analysis of gene Networks in Tissues (GIANT) global network to identify
functionally associated protein networks. Analysis of community function
was performed using gProfiler. SSc-associated autoantibodies are highlighted
in yellow. (EPS 1902 kb)

Additional file 5: Table S4. Processing body and stress granule
proteins identified in this analysis. *Proteins with multiple subunits. Data
indicate non-redundant peptide hits. (ODS 20 kb)
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Abstract

Systemic sclerosis (SSc) is characterized by inflammation, vascular dysfunction, and ultimately 

fibrosis. Progress in understanding disease pathogenesis and developing effective disease 

treatments has been hampered by an incomplete understanding of SSc heterogeneity. To clarify 

this, we have used genomic approaches to identify distinct patient subsets based on gene 

expression patterns in SSc skin and other end-target organs. Here, we review what is known about 

the gene expression-based subsets in SSc, currently defined as the inflammatory, 

fibroproliferative, limited, and normal-like subsets. The inflammatory subset of patients is 

characterized by infiltrating immune cells that include T cells, macrophages, and possibly 

dendritic cells, although little is known about the mediators these cells secrete and the pathways 

that govern cell activation. Prior studies have suggested a role for pathogens as a trigger of 

immune responses in SSc, and recent data have identified viral and mycobiome components as 

potential environmental triggers. We present a model based on analyses of gene expression data 

and a review of the literature, which suggests that the gene expression subsets observed in patients 

possibly represent distinct, interconnected molecular states of disease, to which an innate immune 

response is central that results in the generation of clinical disease.

Introduction

Systemic sclerosis (SSc) is a clinically heterogeneous autoimmune disease characterized by 

fibrosis of the skin and internal organs, vascular abnormalities, and persistent immune 

activation. While the etiology of SSc remains poorly understood, the earliest clinical 

symptoms are primarily associated with the vascular system, characterized by vasospastic 

episodes, referred to as Raynaud’s phenomenon. However, despite similarities in early 

symptoms, substantial heterogeneity exists between patients with respect to disease 
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progression and the organs affected, hindering our understanding of pathophysiology and 

complicating the interpretation of clinical trials.

To overcome issues of clinical heterogeneity inherent in SSc, high-throughput gene 

expression has been used to better understand the pathways and processes that drive the 

disease. These analyses can be used to identify the major cell types driving pathogenesis in a 

complex tissue sample as well as to define reproducible gene expression profiles indicative 

of different forms of disease. Three independent skin biopsy datasets have been generated 

that identify reproducible gene expression subtypes characteristic of different forms or states 

of SSc [1–4]. Recent gene expression analyses of SSc lung biopsies provide an important 

addition to these efforts, expanding our understanding of disease-associated gene expression 

to a second end-target tissue [5, 6]. Here, we provide an update regarding insights into SSc 

pathogenesis using gene expression profiling, with an emphasis on the role of the innate 

immune system as a potential initiator and driver of disease pathology.

Identification of gene expression-based intrinsic subsets of disease

The initial gene expression studies in SSc skin biopsies focused on small cohorts and the 

identification of differences between SSc and healthy controls [7, 8]. These studies revealed 

both inflammatory and fibrotic gene expression signatures that characterized diseased tissue. 

One of these studies [7] showed a surprising result, which was the nearly identical disease-

specific patterns of gene expression in biopsies taken from lesional forearm and non-lesional 

back skin of an SSc patient. This suggested that aberrant gene expression could be found 

even in unaffected tissues, highlighting the truly systemic nature of the disease [7]. A second 

result from these studies was that fibroblasts grown in culture do not accurately recapitulate 

the aberrant gene expression observed in SSc skin, with similar results seen using paired 

skin biopsies and fibroblast cultures in Gardner et al. [8], as well as non-paired samples in 

Whitfield et al. [7].

Clinical heterogeneity is a major factor confounding our understanding of SSc. Early studies 

examining heterogeneity in tumors were able to demonstrate the existence of reproducible 

gene expression subsets within a given tumor type [9–13]. Using the same approach to 

understand the variability in end-target tissues affected by SSc was therefore logical; 

however, this type of analysis had not been previously used for autoimmune diseases. The 

first reported study of gene expression heterogeneity in SSc by Milano et al. [1] identified 

four “intrinsic” gene expression subsets among patients with SSc. These included a 

fibroproliferative subset, which exhibited strong induction of proliferation genes, an 

inflammatory subset characterized by robust upregulation of genes associated with both 

innate and adaptive immune responses, a limited subset centered on a cluster of clinically 

limited patients, and a normal-like subset, which consisted of both healthy controls and a 

subset of patients with both limited and diffuse SSc. This study provided a proof-of-concept 

that heterogeneity within SSc clinical groups could be measured using genome-wide 

molecular profiling.

An analysis of two subsequent cohorts of patients confirmed and expanded these 

observations. Pendergrass et al. [2] reproduced the fibroproliferative, inflammatory, and 
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normal-like subsets, driven by similar proliferation and immune-related signals; the limited 

SSc subset was not found due to the absence of lSSc patients in this cohort. Pendergrass et 

al. included serial biopsies from an investigator-initiated trial of rituximab, which showed no 

clinical efficacy [14] but demonstrated stable gene expression within patients over the time 

period analyzed (6–12 months).

In a third independent study, Hinchcliff et al. [3] examined the effects of mycophenylate 

mofetil (MMF), a potent immunosuppressant commonly used to treat SSc. Intrinsic subset 

assignments were again reproducible in patients for as long as 24 months, indicative of long-

term stability in terms of gene expression. Furthermore, four patients classified in the 

inflammatory gene expression subset demonstrated clear clinical improvement with MMF 

treatment. In contrast, three patients classified as either fibroproliferative or normal-like 

failed to improve, consistent with the use of intrinsic subset assignment as a predictor of 

treatment outcomes.

Two other recent investigator-initiated clinical trials for abatacept [15] and nilotinib [16] 

have also shown subset-specific responses to therapy. Chakravarty et al. [15] found that 

patients who improve while on abatacept therapy map to the inflammatory gene expression 

subset. Comparison of pre- and post-treatment biopsies revealed a decrease in CD28 co-

stimulatory signaling, which is the molecular target of abatacept. This pathway change was 

only observed in patients who improved during treatment, with no changes seen in non-

responders or placebo controls. These data suggest that patients in the inflammatory subset 

are the most likely to improve with abatacept therapy. Another study by Gordon et al. [16] 

showed that patients who improve with nilotinib, a tyrosine kinase inhibitor (TKI), have 

high expression of genes associated with increased transforming growth factor β (TGF-β) 

and platelet-derived growth factor (PDGF) signaling at baseline, suggesting a mechanistic 

link between pathway activation and clinical improvement. Those who failed to improve did 

not show high-level expression of these genes. This study argues for targeting patients with 

TGF-β/PDGF pathway activation with TKIs.

Most recently, the inflammatory and normal-like gene expression subsets have been 

reproduced in skin biopsies derived from an independent cohort and analyzed by an 

independent group of investigators; however, they were unable to reproduce the 

fibroproliferative subset identified in prior studies. An important result from this study that 

provides insight into the etiology of the subsets was the observation that normal-like patients 

have the longest disease duration and likely represent end-stage, inactive disease [17].

Meta-analyses of gene expression in skin and genetic polymorphisms

To better identify the genes and processes common across three published SSc datasets [1–

3], Mahoney et al. [4] developed a data mining procedure termed mutual information 

consensus clustering (MICC) to identify co-expression modules conserved across datasets. 

As co-expressed genes tend to be functionally related, this method permits identification of 

processes central to the pathology of SSc. Two groups of genes (consensus gene clusters) 

were consistently identified. A direct analysis of gene-gene interactions within and between 

the two consensus gene clusters was performed using the IMP gene-gene interaction 
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Bayesian network in association [18] with 41 SSc-associated polymorphic genes identified 

by genome-wide association studies (GWAS) [19]. Genes were shown to cluster into five 

distinct communities, each associated with a distinct biological process important to SSc 

pathogenesis. Three groups of genes that were strongly associated with the inflammatory 

subset showed enrichment for processes associated with response to interferon signaling, B 

cell receptor signaling, adaptive immune processes, monocyte chemotaxis, and M2 

macrophage activation. Another group, consisting of genes from both the inflammatory and 

fibroproliferative clusters, exhibited enrichment for genes associated with TGF-β and PDGF 

signaling as well as extracellular matrix (ECM) remodeling. These findings suggest that 

these processes, in part, connect the inflammatory response to ECM deposition. Finally, a 

set of genes with increased expression in fibroproliferative patients was strongly associated 

with cell proliferation. An important result from this study was that 30 of 41 SSc-associated 

polymorphic genes were associated with inflammatory genes and processes or formed 

bridges between inflammatory processes and the ECM. These results implicate a 

mechanistic link between genetic risk factors and important disease processes in the 

network. A second implication from this study is that the intrinsic gene expression subsets 

are likely mechanistically interconnected with the inflammatory signature, leading to 

activation of ECM deposition and TGF-β and PDGF signaling, which ultimately results in 

the proliferative response. These data suggest that the intrinsic subsets are long-lived but 

interconnected, although capturing the transition from one subset to another experimentally 

has been difficult.

Expansion of gene expression profiling beyond skin

Gene expression profiles have been shown to be broadly consistent between lesional and 

non-lesional skin within a given patient [7]; however, these phenotypes are quickly lost in 

culture, limiting the use of in vitro techniques for the study of SSc [8]. While this 

phenomenon suggests the disease is systemic, it begs the question of whether or not the 

subsets observed in the skin are found in other end-target tissues. In this regard, both fibrotic 

and immune processes have been observed in two separate studies of SSc lung disease. Gene 

expression has been analyzed in late-stage lung samples from SSc patients that included 

individuals with both pulmonary arterial hypertension (PAH) and interstitial lung disease 

(ILD) [5]. These studies revealed increased expression of genes involved in fibrosis in SSc-

associated ILD, including type I and type III collagen, IGFBPs, MMP-7, CTGF, 

osteopontin, and tissue inhibitors of metalloproteases 1 (TIMP-1). SSc-PAH lungs shared 

functional groups with idiopathic PAH lung samples, showing enrichment for interferon, 

IL-4, IL-17, and antigen presentation signaling. SSc-associated PAH also showed increased 

expression of inflammatory genes, including chemokines CCL2, CXCL10, and CX3CL1. A 

recent study by Christmann et al. used open lung biopsies of patients with SSc-related ILD 

and healthy controls to study early lung pathogenesis in SSc [6]. A total of 21 patients with 

either dSSc (n= 11) or lSSc (n=10) was included in this study, representing both early- and 

late-stage disease. Significantly, upregulated processes included collagen expression, TGF-β 

signaling, IFN signaling, and M2 macrophage activation, broadly consistent with gene 

activation clusters in Mahoney et al. Such widespread concordance between the skin and 

lung implicates major immune-related processes as drivers of pathology in SSc.
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Moreover, gene expression analysis of esophageal biopsies of patients with SSc has shown 

that the intrinsic subsets can be found in a tissue other than the skin [20]. Both the 

inflammatory and fibroproliferative subsets were identified in SSc esophageal biopsies, 

suggesting that intrinsic subset gene expression may be a consistent feature of SSc tissues 

and may represent pathophysiological states of disease. Efforts are currently underway to 

perform a multi-tissue network analysis for common gene expression found in all SSc end-

target tissues, which should provide insight into common mechanisms of pathogenesis 

(Taroni, Mahoney, Pioli, and Whitfield, In preparation).

Pathway activation events underlying the intrinsic gene expression 

subsets in skin

Given the success of MMF and abatacept as treatments for patients in the inflammatory 

subset [3, 15] and the suggestion that TKIs may benefit patients with TGF-β and PDGF 

activation [16, 21], a greater emphasis has been placed on understanding the pathways that 

underlie each of the four intrinsic subsets with the ultimate goal of identifying therapeutic 

targets. To this end, two studies comparing in vitro-derived fibroblast gene expression 

signatures for TGF-β and IL-4/IL-13 against the Milano et al. skin biopsy dataset revealed 

strong correlations with the fibroproliferative and inflammatory subsets, respectively, 

indicating a potential role for each of these pathways in disease pathology [22, 23].

A more expansive follow-up study compared 13 gene signatures experimentally derived in 

dermal fibroblasts against the three skin biopsy datasets described above, along with 

additional 82 arrays associated with the existing Hinchcliff et al. dataset [24]. Hierarchical 

clustering of this expanded Milano-Pendergrass-Hinchcliff (MPH) dataset recreated all four 

intrinsic subsets and provided a sharper distinction between the limited and normal-like 

subsets, based on a strong expression of genes associated with lipid signaling and oxidative 

reduction found in the normal-like group that is absent in limited patients. Alignment of 

pathway-specific gene signatures showed enrichment in specific patient subsets. The 

strongest association was seen between genes activated by PDGF in fibroblasts and the 

fibroproliferative subset (Fig. 1). TGF-β showed a correlation with a subset of 

fibroproliferative patients and, interestingly, also showed a strong correlation with patients 

in the inflammatory subset (Fig. 1b). Consistent with the results of Sargent et al. [22], TGF-

β was strongly correlated with disease severity [24].

Several different pathways showed enrichment in the inflammatory patient subset, including 

genes induced by sphingosine-1-phosphate (S1P), IL-4, tumor necrosis factor α (TNF-α), 

lipopolysaccharide (LPS), and polyinosinic/ polycytidylic acid (poly(I-C); Fig. 1). Interferon 

α (IFN-α) signaling was also elevated in this subset, although correlation with this pathway 

failed to reach statistical significance in the analysis. A common theme linking each of the 

immune activation pathways associated with the inflammatory subset is their convergence 

on NF-κB. Engagement of Toll-like receptors (TLRs) by their respective ligands initiates a 

cascade of signal transduction that culminates in activation of NF-κB, resulting in the 

production of acute phase cytokines, including TNF-α and IFN-α. TGF-β is also known to 

activate NF-κB via induction of TGF-β-associated kinase 1 (TAK1), suggesting a common 

theme linking these signals. Indeed, TLR signaling has been implicated directly in the 
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persistent activation of fibroblasts in SSc. In this model, tissue injury leads to the generation 

and release of damage-associated molecular patterns (DAMPs), which include matrix 

components (such as hyaluronic acid), nucleic acids, and immune complexes. Binding of 

DAMPs to TLRs signals fibroblasts to activate tissue repair processes and collagen 

production. Prolonged damage results in sustained fibroblast activation and unchecked 

fibrogenesis [25]. From these data and the literature, we have put forth hypotheses regarding 

the pathogenesis of SSc based on the assumption that the intrinsic gene expression subsets 

may be longitudinally connected (Fig. 2).

Potential innate immune triggers in SSc

In addition to mounting gene expression data, several additional lines of evidence point to a 

role for innate immune activation in the pathogenesis of SSc. Notably, aberrant responses to 

TLR stimulation have been noted in SSc patients [26, 27], and inflammasome activation has 

been implicated as a mediator of fibrosis in murine models of SSc [28]. Because these 

mechanisms also mediate immune defense against microbial invasion, it is possible that SSc 

is triggered by pathogenic encounter. In this regard, metagenomic analysis of skin biopsies 

from patients with early dSSc demonstrates significant overrepresentation of transcripts 

from the environmental fungus Rhodotorula glutinis compared with normal controls [29]. 

Notably, each of the patients identified in this study mapped to the inflammatory intrinsic 

gene expression subset, suggesting a TLR-mediated event may be responsible for the 

subsequent induction of NF-κB activation observed in this patient cohort. In further support 

of a potential role for a microbial trigger in SSc, Epstein-Barr viral nucleic acids and 

proteins have been detected in both lesional and non-lesional skin of dSSc patients, and 

EBV infection of SSc fibroblasts induced TLR activation [26].

Antigen-presenting cells as a driver of pathology in SSc

Evidence of macrophage activation in SSc skin [4, 23] and lung [6, 30], coupled with 

increased expression of genes associated with monocyte/macrophage recruitment and 

differentiation in SSc [4, 31], suggests a role for antigen-presenting cells (APCs) in disease 

pathogenesis. Because macrophages have significant plasticity and are subject to modulation 

by local microenvironmental factors, in vivo macrophage activation spans a broad spectrum 

of polarization states; classically activated (M1) and alternatively activated (M2) 

macrophages form the extreme ends of this activation spectrum [32]. Gene expression and 

molecular profiling studies suggest macrophages are skewed toward an M2 activation state 

in SSc, as demonstrated by enhanced expression of CCL18, CD163, and IL-10R [4, 6, 33]. 

As recent studies have shown, M2 polarization may be elicited with a variety of stimuli, 

including immune complexes, IL-4, IL-13, IL-10, and TGF-β [34]. Significantly, immune 

complexes have been detected in SSc patients [35, 36]; elevated expression of IL-4, IL-13, 

and IL-10 has been identified in SSc patient sera [37]; and numerous studies have implicated 

TGF-β in the pathogenesis of SSc [22, 38, 39]. Therefore, it is possible that these stimuli 

contribute to the phenotypic and functional activation state characteristic of SSc 

macrophages. M2 macrophages produce a number of pro-fibrotic factors including TGF-β, 

CCL2, and CCL18, which are known to play important roles in SSc pathogenesis [34]. 

These cells are also potent sources of TGF-β [40], which mediates T cell activation [41], and 
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IL-10 [40], which may further enhance M2 activation. As such, it is likely that these cells 

play a key role in the initiation of fibrosis in SSc and are responsible for the activation of 

inflammation and adaptive immune responses observed in SSc.

The importance of macrophages in the pathogenesis of SSc was demonstrated by a 

comparative gene expression profiling study that used the sclGVHD mouse as a model of 

human inflammatory intrinsic patient subset [23]. This work showed IL-13 pathway 

activation in both sclGVHD and the inflammatory intrinsic subset and identified CCL2 as a 

downstream target of the IL-13 signaling pathway. In addition to its pro-fibrotic properties, 

NF-κB-regulated CCL2 is a potent M2 macrophage activator and chemotactic factor. 

Significantly, blockade of CCL2 protected sclGVHD mice from clinical and pathological 

disease, suggesting that inhibition of macrophage recruitment and activation may be useful 

therapeutically.

In addition to macrophages, plasmacytoid dendritic cells (pDCs) have also been implicated 

as important mediators of SSc disease progression. As key regulators of innate and adaptive 

immunity, pDCs circulate in the peripheral blood, present antigen, and secrete copious type I 

interferons (mainly IFN-α and IFN-β) in response to stimulation [42]. Type I interferons 

modulate immune cell differentiation and proliferation as well as inflammatory cytokine 

production. Increased expression of type I interferon genes has been detected in the 

peripheral blood and sera of SSc patients [43, 44], and pDCs have been identified as the 

major source of type I interferons in these patients [44, 45]. Distinct from their role in 

interferon production, proteomic analysis of pDCs isolated from patients with SSc 

demonstrated that these cells secreted elevated levels of CXCL4 and other chemokines, 

which correlated directly with disease severity [46]. Furthermore, expression of CXCL4 was 

highest coincident with early disease and diminished over time, suggesting a role in the 

initiation of disease. Given the role of pDCs as the primary source of IFN-α, coupled with 

the strong IFN signaling responses seen in the skin and lung, these data implicate pDCs as 

early drivers of SSc pathogenesis.

Effects of APCs on adaptive immunity

Gene expression profiles of the skin and lung from SSc patients have shown increased 

expression of chemokines and chemokine receptor genes that are associated with 

recruitment of T helper type 2 (TH2) cells [4, 47]. Consistent with the potent induction of 

M2 macrophages and pDCs early in disease, the earliest adaptive immune responses in SSc 

appear dominantly TH2-skewed, driven by a combination of IL-4, IL-13, and TGF-β [34]. 

Indeed, these cytokines are present in the skin, sera, and bronchoalveolar fluid of SSc 

patients [22, 23, 37, 48, 49], as are both M2 macrophages [50, 51] and TH2 cells [52], 

highlighting the importance of these factors in SSc pathogenesis. Intriguingly, the 

spontaneous rate of CD8 T cell apoptosis is elevated in SSc compared with controls [53], 

which may account for the enhanced CD4:CD8 ratio in SSc.

However, despite the strong TH2-like immune response observed early in the disease, these 

signals diminish over time. The graft-versus-host disease model used to evaluate the effects 

of IL-13 on fibrosis examined mice at 2 and 5 weeks post-splenocyte transfer and revealed a 
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strong IL-13 signature at 2 weeks, which was attenuated at 5 weeks [23]. This suggests that 

initial activation of CCL2 and other fibrotic genes occurs through IL-13 signaling but is 

likely sustained through the activity of other signaling pathways and cell types. In this 

regard, mounting evidence suggests a role for TH17 cells in the pathogenesis of SSc, with 

clear differences between diffuse and limited disease [54–58]. This progression is observed 

in many other autoimmune diseases, including multiple sclerosis, systemic lupus 

erythematosus, psoriasis, neuromyelitis optica, Crohn’s disease, inflammatory bowel 

disease, and rheumatoid arthritis, all of which exhibit a strong TH17-like bias [59–62].

Under normal conditions, type I IFNs are potent inhibitors of TH17 activity [57]. However, 

the documented decrease in IFN-α-producing pDCs [46] and subsequent time-dependent 

attenuation in IFN-associated signaling [24] suggests a mechanism by which T cells may 

shift from a TH2- to TH17-dominant phenotype with increased disease progression. Such a 

shift is likely mediated by cytokines (especially IL-6) that are produced by myeloid and/or 

TH2 cells. In this model, myeloid-derived TGF-β, in combination with IL-6, suppresses Treg

production and promotes differentiation of TH17 cells [63]. The strong TGF-β and TNF-α

gene expression signatures observed in the inflammatory subset, in conjunction with 

pervasive inflammatory infiltrates, are consistent with a TH17-like immune response [64]. In 

support of this hypothesis, immunohistochemical analysis of SSc skin and gene expression 

profiling of PBMCs from SSc patients indicated expansion of circulating TH17 cells and 

increased infiltration of IL-17+ cells in SSc skin. Furthermore, increased frequencies of 

activated TH17 cells have been noted in all SSc subtypes, and intracellular expression of 

TGF-β, which induces TH17 differentiation, is specifically elevated in patients with late 

disease.

Cumulative data suggest a progressive model of SSc disease pathogenesis

Collectively, the analyses presented here suggest a progressive model of SSc pathogenesis 

(Fig. 2). Our experimental data have shown that a patient’s intrinsic subset assignment is 

relatively stable in serial biopsies taken over the course of 6, 12, and sometimes even 24 

months [2, 3], but our computational network analyses and meta-analyses of multiple patient 

cohorts have suggested that the intrinsic subsets are long-lived but likely mechanistically 

interconnected [4, 24]. Capturing patients transitioning between the inflammatory, 

fibroproliferative, or normal-like gene expression subsets in longitudinal studies is required 

to truly prove they are interconnected, and this has been hampered by the slow and variable 

disease progression, combined with the limited resolution one can obtain with serial biopsies 

from patients. A recent study by Assassi et al. [17] extends preliminary results shown by 

Pendergrass et al. [2] and confirms that patients in the normal-like subset have the longest 

disease duration, indicating it is likely the late, inactive form of the disease.

In the progressive model (Fig. 2), we propose that a disease trigger, in the presence of a 

permissive genetic background, initiates an innate immune response through the activation 

of TLRs, which culminates in NF-κB activation, marking the inflammatory subset as the 

likely initiation point for most SSc patients. We believe that the intensity and duration of 

patients’ active immune responses likely have some bearing on their prognosis and overall 

outcomes. These early responses are likely mediated in part through pDCs and 
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macrophages, which induce the expression of TH2-like cytokines, along with fibrotic 

mediators, such as TGF-β. This early TH2 bias results in persistent M2 macrophage 

activation, which further exacerbates the fibrotic phenotype. Over time, the gradual decrease 

in pDC involvement results in a loss of IFN-α signaling, causing a transition to a more 

TH17-like disease and the suppression of Treg function. This persistent inflammation further 

perpetuates the chronic fibrosis phenotype driven by TGF-β, which then stimulates the 

production of pro-fibrotic PDGF. Eventual resolution of inflammation allows for 

downregulation of innate immune responses and a transition into the fibroproliferative 

subset. Continued proliferation is supported through differentiation of resident adipocytes 

into fibroblasts, resulting in a persistent replicative phenotype, in combination with a 

decrease in lipid signaling [65]. Finally, exhaustion of the adipocyte layer may result in the 

loss of the proliferative signature, ultimately resulting in transition to a more quiescent form 

of the disease, consistent with the normal-like subset of patients.
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Fig. 1. 
Pathway activation signatures show differential expression across the intrinsic gene 

expression subsets. a Normal and SSc dermal fibroblasts were treated with different pro-

fibrotic and immune mediators that have been implicated in SSc. A subset of pathways and 

fibroblast time courses is shown. b Hierarchical clustering was performed on 329 microarray 

hybridizations from 287 unique biopsies representing 111 patients: 70 dSSc, 10 lSSc, 26 

healthy controls, 4 morphea, and 1 eosinophilic fasciitis from three independent data sets [1–

3], as published in [24]. The array tree is color coded to indicate intrinsic subset designations 

(yellow = limited, green = normal-like, purple = inflammatory, red = fibroproliferative, and 

black = unassigned). Pearson correlation coefficients were calculated between each pathway 

and a sample and plotted. Adapted from Johnson et al. PLoS One (2015) with permission 

[24]
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Fig. 2. 
Progressive model of SSc pathogenesis. 1 In this model, SSc pathogenesis is initiated by a 

disease trigger in a permissive genetic background, resulting in an innate immune response 

signaling through NF-κB. These early responses may be mediated in part through pDCs and 

macrophages, which induce the expression of TH2-like cytokines, along with fibrotic 

mediators, such as TGF-β. 2 This early TH2 bias results in persistent M2 macrophage 

activation, which further exacerbates the fibrotic phenotype. 3 Over time, the gradual 

decrease in pDC involvement results in a loss of IFN-α signaling, 4 resulting in transition to 

a more TH17-like disease and the suppression of Treg function. 5 This persistent 

inflammation further perpetuates the chronic fibrosis phenotype driven by TGF-β, which 

then stimulates production of pro-fibrotic PDGF. 6 Eventual resolution of inflammation 

allows for downregulation of innate immune responses. 7 Continued proliferation is 

supported through differentiation of resident adipocytes into fibroblasts, resulting in a 

persistent replicative phenotype, in combination with a decrease in lipid signaling. 8 

Exhaustion of the adipocyte layer results in the loss of proliferating cells, ultimately 

resulting in transition to a more quiescent form of the disease
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Microbiome dysbiosis is associated with
disease duration and increased
inflammatory gene expression in systemic
sclerosis skin
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Abstract

Background: Infectious agents have long been postulated to be disease triggers for systemic sclerosis (SSc), but
a definitive link has not been found. Metagenomic analyses of high-throughput data allows for the unbiased
identification of potential microbiome pathogens in skin biopsies of SSc patients and allows insight into the
relationship with host gene expression.

Methods: We examined skin biopsies from a diverse cohort of 23 SSc patients (including lesional forearm and
non-lesional back samples) by RNA-seq. Metagenomic filtering and annotation was performed using the Integrated
Metagenomic Sequencing Analysis (IMSA). Associations between microbiome composition and gene expression
were analyzed using single-sample gene set enrichment analysis (ssGSEA).

Results: We find the skin of SSc patients exhibits substantial changes in microbial composition relative to controls,
characterized by sharp decreases in lipophilic taxa, such as Propionibacterium, combined with increases in a wide
range of gram-negative taxa, including Burkholderia, Citrobacter, and Vibrio.

Conclusions: Microbiome dysbiosis is associated with disease duration and increased inflammatory gene
expression. These data provide a comprehensive portrait of the SSc skin microbiome and its association with
local gene expression, which mirrors the molecular changes in lesional skin.

Keywords: Microbiome, Systemic sclerosis, Scleroderma, Metagenomics, RNA-sequencing

Introduction
Systemic sclerosis (SSc) is a progressive autoimmune
disease that results in inflammation, fibrosis, and dys-
function of multiple organ systems including the skin,
lungs, gastrointestinal tract, and blood vessels. Recent
advances have provided significant insight into the mo-
lecular and immunologic changes characteristic of SSc
patients [1–5]; however, the underlying mechanisms that

initiate and perpetuate disease pathologies remain poorly
understood.
Evidence for dysbiosis as a source of disease pathology

is well-documented in inflammatory skin conditions,
such as psoriasis, where patients exhibit significant in-
creases in both Propionibacterium and Staphylococcus
on lesional skin [6]. In atopic dermatitis (AD), patients
exhibit temporal shifts in skin microbiome composition,
with microbiome diversity decreasing during disease
flares, characterized by significant increases in Staphylo-
coccus levels, followed by increased diversity thereafter
[7]. These patterns of dysbiosis suggest a mechanism by
which relative changes in the abundance of specific taxa
directly influence disease pathology [7].
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A wide array of potential etiologic agents have been
proposed for SSc, including viruses, bacteria, and fungi.
Viruses such as cytomegalovirus (CMV), parvovirus B19,
Epstein-Barr virus (EBV), and endogenous retroviruses
have all been postulated as potential triggers of SSc
[8–10]. EBV transcripts have been reported in lesional
skin of SSc patients [11]. Among bacteria, Helicobac-
ter pylori has been implicated in the etiology and pro-
gression of numerous autoimmune diseases, though
its role in SSc remains controversial with studies both
confirming and refuting such an association [10, 12, 13].
The most recent addition to the list of potential etiologic
agents is the fungus Rhodotorula glutinis, a ubiquitous en-
vironmental contaminant and occasional skin commensal,
which was found to be strongly associated with lesional
skin of early-stage, untreated diffuse SSc patients [14].
Here, we examined skin biopsies from a diverse cohort

of SSc patients and healthy controls by RNA-sequencing
(RNA-seq) to obtain an unbiased assessment of the SSc
microbiome and its relationship with patient gene ex-
pression. We show a reproducible shift in microbiome
composition characterized by decreases in lipophilic
taxa, along with increases in a variety of gram-negative
bacteria that mirror local changes in inflammatory gene
expression. These changes are closely tied to underlying
gene expression associated with lipid signaling and im-
mune activation. Genus-level taxonomic changes were
associated with disease duration and the inflammatory
intrinsic gene expression subset. Together, these data
demonstrate that the skin microbiome composition in
SSc mirrors molecular pathogenesis.

Methods
Patient selection
Study participants provided written, informed consent
prior to sample collection in accordance with the Declar-
ation of Helsinki Protocol and the Institutional Review
Boards of Boston University Medical Center, Boston, MA,
Dartmouth-Hitchcock Medical Center, Lebanon, NH, and
the Hospital for Special Surgery, New York, NY. All pa-
tients met the American College of Rheumatology classifi-
cation criteria for SSc [15], with further classification as
either diffuse [16] (dSSc) or limited [17] (lSSc) disease.
SSc patients with disease duration < 2.5 years were classi-
fied as “early stage” and patients with disease duration > 8
years were classified as “late stage” for this analysis.

Biopsy processing and RNA-seq
Lesional forearm and, for a subset of patients, non-lesional
back skin was collected by punch biopsy (4mm) from 15
SSc patients and 6 healthy volunteers. An additional 8 base-
line samples collected as part of a Nilotinib clinical trial
[18] were also included in this analysis. Following col-
lection, samples were immediately placed in RNALater

(Life Technologies, Carlsbad, CA) at 4 °C overnight,
followed by − 80 °C until needed. Tissue homogenization
was performed using the Qiagen TissueLyser II (Qiagen,
Gaithersburg, MD). RNA extraction was performed using
the Qiagen RNeasy Fibrous Tissue Mini Kit run on the
QIAcube (Qiagen). RNA concentration and RNA integrity
were assessed using the Agilent 4200 TapeStation (Agilent,
Santa Clara, CA). RNA-seq libraries were generated from
100 ng total RNA prepared using the Illumina TruSeq
Stranded Total RNA Library Prep Kit with Ribo-Gold
rRNA depletion (Illumina, San Diego, CA). Samples were
then multiplexed and sequenced on an Illumina NextSeq
500 sequencer, producing an average of 80–100 million
75-bp paired-end reads per sample.

Human gene expression analyses
Raw sequencing reads were aligned to the human gen-
ome (hg19) using STAR aligner [19] and expressed as
fragments per million mapped reads (FPKM). Designa-
tion of intrinsic molecular subsets for SSc patients was
performed using a gene-specific normalization method
to render RNA-seq values distributions similar to micro-
array so that supervised machine learning algorithms
can be applied regardless of the platform used to gener-
ate data, as described [20]. Normalized RNA-seq data
were classified using a support vector machine trained
using a merged and curated dataset composed of sam-
ples from GSE9285, GSE32413, and GSE45485. To
visualize results, the probe ID list from Johnson et al. [4]
was collapsed on gene ID. This gene list was compared
against normalized FPKM values for all 36 RNA-seq
samples, resulting in a total of 1010 overlapping genes; a
full list of all genes and normalized expression values is
shown in Additional file 1: Table S1. Data were then
hierarchically clustered using Cluster 3.0 [21] and visual-
ized using Java TreeView [22].

Metagenomic filtering and microbiome annotation
Metagenomic filtering and microbiome annotation was
run using the Integrated Metagenomic Sequencing Ana-
lysis (IMSA) software package [23] and compared
against the National Center for Biotechnology Informa-
tion (NCBI) non-redundant nucleotide database (mini-
mum significance = 1 × 10− 15), followed by a secondary
BLAST alignment against the NCBI viral genome reposi-
tory (minimum significance = 1 × 10− 5). To limit inclu-
sion of spurious hits, sample annotation was limited to
sequences mapping to five or fewer species, with ties
split equally across species. Outputs were then filtered
based on taxonomy to include only archaea, bacteria,
fungi, and viruses. Normalization of taxonomic outputs
was performed by rounding down to the nearest integer
and rarefying to the level of the depth of the lowest sam-
ple using the Quantitative Insights Into Molecular
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Ecology (QIIME) platform [24]. Batch effects associated
with library preparation were removed by median cen-
tering across taxa. Statistical analyses were performed
using Statistical Package for the Social Sciences (SPSS)
software (IBM, version 23); additional analyses, including
corrections for multiple hypothesis testing using the
method of Benjamini & Hochberg [25], were performed
in R.

Pathway activation and microbiome abundance
Single-sample gene set enrichment analysis (ssGSEA)
[26] was run as a module in GenePattern, using relevant
KEGG pathways as the query gene sets. A correlation
matrix was then generated by calculating Pearson’s cor-
relations for all combinations of ssGSEA values and
genus-level abundance across all patients. Data were
then hierarchically clustered using Cluster 3.0 and visu-
alized using Java TreeView.

Results
Patient characteristics
Lesional forearm skin biopsies were collected from 23
SSc patients; seven patients also provided biopsies of
non-lesional back skin. Forearm skin biopsies were also
obtained from 6 age- and gender-matched healthy con-
trols. Samples were collected from three independent
clinical centers and included both clinically limited
(lSSc) and diffuse (dSSc) disease, with disease duration
ranging from 0 to 35 years. The patient population con-
sisted primarily of early-stage patients (disease duration
≤ 2 years), though a handful of very late-stage patients
(disease duration > 10 years) were also included to assess
microbiome changes over time. Clinical information on
these patients is summarized in Table 1; a full break-
down of patient clinical information is presented in
Additional file 2: Table S2. Assessments of skin involve-
ment were determined based on overall modified Rodnan
skin score (mRSS), as local scores were not available for
all patients. No significant differences in age, sex, or race
were evident between SSc and controls (p > 0.05 for all).

Sequencing and annotation
RNA-seq was performed on 36 skin biopsies, from 29
unique patients, resulting in an average of 83 million
reads per sample (range 51,278,817–112,643,430). Raw
sequencing reads were aligned to the human genome
(hg19) using STAR aligner [19], and the expression level
of each gene was expressed as fragments per million
mapped reads (FPKM). Intrinsic gene expression subset
designations were determined based on support vector
machine classification using normalized FPKM values
[20]. Hierarchical clustering using the gene list from
Johnson et al. [4], resulting in a total of 1010 overlapping
genes, revealed distinct molecular subsets of disease,

characterized by strong immune activation, lipid signal-
ing, and proliferation signals, consistent with previous
publications [1–3] (Fig. 1a; Additional file 1: Table S1).
Together, these data suggest our patient cohort is repre-
sentative of the four major intrinsic gene expression sub-
sets of SSc. Additionally, we find that forearm and back
samples largely tend to cluster together, consistent with
previous analyses (Fig. 1b) [27].
Filtering of human sequence reads and microbiome

annotation was performed using Integrated Metage-
nomic Sequence Analysis (IMSA) [23], yielding an aver-
age of 18,794 informative hits, defined as sequences
mapping to five or fewer species, per skin biopsy (range
3098–74,429) across 1870 genera. To adjust for library-
specific effects, all data were rarefied to the level of the
lowest sample, followed by median centering of each
genus by library preparation batch. This approach sub-
stantially reduced batch effects associated with library
preparation, enabling direct comparisons of sample out-
puts across patients.

Table 1 Summary clinical information

Control subjects SSc patients

(N = 6) (N = 23)

Age, median (range) years 53 (25–67) 53 (27–77)

Sex, N (%) female 4 (67%) 19 (83%)

Race, N (%) Caucasian 5 (83%) 20 (87%)

SSc subtype, N (%) diffuse NA 15 (65%)

MRSS, median (range) NA 16 (0–44)

Disease duration from first
non-Raynaud’s, median (range) years

NA 1.0 (0–35)

ILD/PAH, N (%) NA 8 (35%)

ANA primary pattern, N (%) patients

Homogenous NA 1 (4%)

Nucleolar NA 5 (22%)

Speckled NA 6 (26%)

Centromere NA 2 (9%)

SSc-specific antibodies, N (%)

Anti-centromere NA 3 (13%)

Scl-70 NA 3 (13%)

RNA polymerase III NA 5 (22%)

Current therapies, N (%) NA 17 (74%)

Prior therapies, N (%)

Amlodipine NA 4 (17%)

Methotrexate NA 4 (17%)

Prednisone NA 3 (13%)

Abbreviations: SSc, systemic sclerosis; ANA, anti-nuclear antibodies; MRSS,
modified Rodnan skin score; ILD, interstitial lung disease; PAH, pulmonary
arterial hypertension; NA, not applicable
Current and prior therapies include all treatments observed in three or
more patients
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Antimicrobial gene expression is suppressed in SSc
lesional skin
Antimicrobial peptides (AMPs), including cathelicidin
(CAMP/LL-37), α-defensins, and β-defensins, are an es-
sential component of epithelial barrier defenses. To assess
the role of AMPs in SSc, we compared gene expression
levels between SSc and controls, as well as between
lesional forearm and non-lesional back skin. Among the
major AMPs, dermcidin (DCD) is highly expressed across
samples, regardless of disease type, while other major
AMPs, including cathecidin (CAMP) and the α-defensins,
were virtually undetected, with no difference in expression
between SSc and controls. In contrast, β-defensin 1
(DEFB1), an AMP produced by epithelial cells, is
expressed across all samples; however, these levels are sig-
nificantly lower is SSc lesional skin compared to healthy
controls (p < 0.001 by unpaired t-test), as well as in
lesional forearm compared to non-lesional back skin (p =
0.007 by paired t-test) (Additional file 3: Table S3). Similar
results were also seen between SSC lesional skin and
healthy controls in a previous SSc skin RNA-seq dataset
(Additional file 3: Table S3), suggesting a potential mech-
anism underlying microbiome differences in SSc patients.

Microbiome genus-level differences are correlated with
SSc clinical phenotypes
SSc patients exhibited large changes in microbiome com-
position relative to controls, characterized by decreases in
lipophilic taxa, such as Propionibacterium and Staphylo-
coccus, combined with increases in a wide range of
Gram-negative bacteria, including Burkholderia, Citrobac-
ter, and Vibrio (p < 0.05 for all; Fig. 2a; Additional file 4:
Table S4). These differences were not associated with clin-
ical subtype, with limited and diffuse disease exhibiting
broadly similar abundances of major taxa (Fig. 2a). De-
creases were also observed in the fungus Malassezia rela-
tive to controls, with the greatest decrease occurring in
dSSc patients.
Associations between disease duration and genus-level

abundance were also evident, with significant (p < 0.05)
or near-significant (p < 0.10) differences in 6 of the top
21 genera, including Propionibacterium, Salmonella, and
Enterobacter (Fig. 2b; Additional file 4: Table S4). Rela-
tive decreases in Propionibacterium were evident for
both early- and late-stage patients, relative to controls.
We observed differential directions for the relative abun-
dance of Salmonella including significant increases for

Immune Response
Inflammatory Response
Response to Wounding
Cell Adhesion
Antigen Processing
Collagen Binding

Negative Regulation of
   RNA Metabolism

Fatty Acid Metabolism
Lipid Biosynthesis
Oxidation Reduction
Steroid Biosynthesis

COL1A1
TNFRSF12A

CCL2
CTGF
JAK3
IL4R

COMP
IL27RA

IFI16
COL4A1

VEGFC
IFI44L

CDK2AP1
CCND2

FADS1
FADS2
SOAT1
ACAT2

RARRES1

Intrinsic Subset
Clinical Phenotype

In
trin

sic S
u

b
set

C
lin

ical P
h

en
o

typ
e

A B HC15-03
HC15-05
HC13-02
HC15-15
HC15-21

11-KL06-FA
12-KL06-B
08-JP04-B

BU-5
HC15-24

07-JP04-FA
01-MK01-FA

02-MK01-B
BU-6
BU-3

03-AM02-FA
04-AM02-B
06-KB03-B

BU-8
BU-7

05-KB03-FA
N07-Base
N09-Base
N01-Base
N05-Base
N11-Base
N15-Base
N18-Base
N10-Base

BU-1
10-KB05-B

09-KB05-FA
13-SH07-FA

14-SH07-B
BU-2
BU-4
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early-stage patients and reduced abundance in late-stage
patients. Comparisons between the four intrinsic mo-
lecular subsets of disease revealed modest differences as-
sociated with the normal-like and inflammatory subsets,
with normal-like patients broadly mimicking differences
seen between SSc and controls, while the inflammatory
group was characterized by decreased Staphylococcus
and increased Roseolovirus, relative to other subsets

(Fig. 2c). The absence of more acute genus-level distinc-
tions between subsets is likely the result of high levels of
some genera in both inflammatory and proliferative pa-
tients (Fig. 2c), thereby limiting the diagnostic value of
any single genus. Other clinical cofactors, including sex
and autoantibody status, were not statistically different
between groups. A full list of comparisons for each clin-
ical cofactor is shown in Additional file 4: Table S4.
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Core microbiome by patient is predictive of clinical
involvement
To identify changes in microbiome composition associ-
ated with clinical covariates, we calculated the number
of taxa that accounted for 90% of the annotated reads
across our entire dataset, which we collectively refer to
as the SSc skin core microbiome. The SSc skin core
microbiome was composed of 103 genera and included
representatives from bacteria, fungi, and viruses. Organ-
isms not included in the core microbiome were exclu-
sively low abundance taxa found in only a small number
of samples. Hierarchical clustering of the SSc skin core
microbiome revealed patterns of microbial abundance
closely mimicking that seen within an individual, charac-
terized by clear differences between SSc and controls
(Fig. 3a). Organisms of the SSc skin microbiome formed
distinct branches within the dendrogram. Lipophilic
commensals (Malassezia, Propionibacterium, and Cuti-
bacterium) were the predominant genera in normal-like
patients, Gram-negative bacteria (Veillonella, Prevotella,
Neisseria, and Actinomycetes) were abundant in the lim-
ited and proliferative subsets, and viruses (Roseolovirus
and Cyprinivirus) were highest in inflammatory patients
(Fig. 3a). These patterns are consistent with the various
environmental niches associated with each class of organ-
isms and are suggestive of changes in skin morphology
and immune activation associated with each subset.
SSc skin microbiome profiles were analyzed using prin-

cipal component analysis (PCA) to identify the broad,
population-based changes associated with clinical covari-
ates. Lesional forearm and non-lesional back skin were
not significantly different among SSc patients (p = 0.097;
Fig. 3b; Additional file 5: Figure S1). Similarly, no signifi-
cant differences were evident based on SSc clinical sub-
type (p = 0.156; Fig. 3c) or mRSS at the time of biopsy
(Additional file 6: Figure S2). In contrast, microbiome pro-
files were strongly correlated with intrinsic subset, with
the strongest differences seen in normal-like and inflam-
matory patients, indicative of a link between disease activ-
ity of microbial abundance (p = 0.014; Fig. 3a, d).

Microbiome composition is correlated with inflammatory
pathway activation in SSc skin biopsies
Given the close association seen between clinical sub-
type and microbiome composition, we next sought to
identify relationships between relevant molecular path-
ways and taxonomic abundance using single-sample
gene set enrichment analysis (ssGSEA). ssGSEA analysis
generates a single value quantifying the extent to which
a given gene set is coordinately up- or downregulated in
a sample. This analysis was repeated for all available
KEGG pathways, generating a table of pathway activa-
tion scores for each patient sample (Additional file 7:
Table S5). Using this data, we then used Pearson’s

correlations to compare each of these individual path-
ways against all genera in the SSc skin core microbiome
(Additional file 8: Figure S3). The resulting correlation
matrix allows for a direct comparison of gene expression
and microbiome composition (Fig. 4a).
Hierarchical clustering of this dataset revealed strong

associations between human gene expression and micro-
bial abundance. Processes such as T cell, B cell, chemo-
kine, and transforming growth factor beta (TGFβ)
signaling in the absence of fatty acid signaling are
strongly indicative of the inflammatory subset (Fig. 4a,
cluster 1). Lower immune activation signals in combin-
ation with major fatty acid metabolism processes are
commonly seen in the proliferative subset (Fig. 4a, clus-
ter 2), while fatty acid signaling in the absence of im-
mune activation is most commonly seen in normal-like
patients (Fig. 4a, cluster 3).
Taxonomic abundance was strongly associated with

the molecular processes of immune activation, lipid me-
tabolism, cell proliferation, and Notch/Wnt signaling
(Fig. 4a). Clustering of these processes was strongly cor-
related with differences in microbial abundance between
SSc and controls, with statistically significant differences
evident in 5 of 7 clusters (paired t-test, p < 0.05 for all;
Fig. 4a, b). Among the most significant clusters was clus-
ter 1, dominated by major lipophilic taxa, such as
Malassezia and Propionibacterium, along with numerous
Gram-positive Actinobacteria species (Additional file 9:
Figure S4). These organisms were significantly more abun-
dant in healthy controls (p < 0.001 for Actinobacteria and
Propionibacterium by paired t-test) and exhibited strong
positive correlations to lipid metabolism and cell prolifera-
tion KEGG pathways (Fig. 4a, b). In contrast, cluster 5
exhibits substantial increases in a wide range of Proteo-
bacteria and other Gram-negative taxa in SSc patients
(p < 0.001 by paired t-test) and is strongly correlated
with KEGG immune activation pathways, including
Toll-like receptor (TLR) and TGFβ signaling (Fig. 4a, d).
Cluster 3 shows strong, positive correlations with immune
activation, lipid metabolism, and Notch/Wnt signaling
and is associated with statistically significant decreases in
Bacteroidetes levels in SSc patients (p = 0.028 by paired
t-test), combined with modest increases in Proteobacteria,
relative to controls (p = 0.085 by paired t-test; Fig. 4a, e).
These data demonstrate a strong association between
underlying gene expression and the composition of the
skin microbiome in SSc.

Discussion
Recent studies have provided significant insight into the
immunologic and gene expression-based changes char-
acteristic of SSc patients; however, the underlying
mechanisms that initiate and perpetuate disease path-
ologies remain poorly understood. Analyses of the
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skin [14] and gut [28] of SSc patients have revealed
substantial changes in microbiome composition (dys-
biosis), though the role of these organisms in disease
pathology is not known. Here, we examined skin bi-
opsies from a diverse cohort of SSc patients by
RNA-seq, allowing for the unbiased metagenomic
analysis of all potential pathogens, including bacteria,
fungi, and viruses, as well as providing a platform
from which to investigate the relationship between
microbiome composition and underlying gene expres-
sion. Limitations of this study include the small num-
ber of samples and incomplete clinical data for some

patients including a lack of local skin scores. The bi-
modal distribution of disease duration in our cohort
is a confounding factor when assessing changes in
microbiome composition over time.
Previous studies examining the composition of the

bacterial microbiome in healthy individuals identified
three basic environments, dry, moist, and sebaceous,
which are reflected in the bacterial populations of these
regions [29]. Sebaceous regions, such as the face and
back, harbored large proportions of Propionibacterium
and Staphylococcus species, while dry regions, such as
the forearm, show a shift towards lower levels of

A B

C

D

Fig. 3 Distribution of the SSc skin core microbiome. The distribution and relative abundance of the SSc skin core microbiome was calculated by
rarefaction to the depth of the lowest sample, and filtering to retain the fewest taxa necessary to account for 90% of all reads, resulting in a total
of 103 unique genera. Data were then log2-transformed and median centered by library preparation. a Hierarchical clustering of the core microbiome.
Hash marks below the dendrogram indicate intrinsic subset designations and SSc clinical diagnosis for each sample. Principal component analysis of
the core microbiome was performed to identify associations between microbiome composition and b biopsy location, c clinical diagnosis, and d
intrinsic subset
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Propionibacterium in combination with higher percent-
ages of Proteobacteria, Corynebacteria, and Flavobacter-
iales [29]. When considered in this context, where the
bacterial microbiome changes as a function of local lipid
and moisture levels, the data presented here paint a pic-
ture of SSc as a more extreme version of this process,
with disease-specific anatomical changes playing a major
role in shaping microbiome composition. Lesional SSc
forearm skin exhibited significant decreases in Propioni-
bacterium and Staphylococcus levels relative to controls,
along with increases in a wide range of Proteobacteria
(Fig. 2), a continuation of the normal differences seen
between sebaceous and dry regions of healthy controls.
The underlying basis for these changes is also evident at
the molecular level, with abundance of lipophilic taxa,
such as Propionibacterium and Malassezia, strongly asso-
ciated with fatty acid metabolism and lipid signaling path-
ways, while Proteobacteria were more elevated in patients
with active immune signaling (Fig. 4). Microbiome profiles

were not significantly different between lesional forearm
and non-lesional back skin in this study, with paired sam-
ples clustering strongly based on patients, with minimal
effect seen in terms of the anatomical site (Additional file 5:
Figure S3). This observation further implicates the under-
lying gene expression as a major driver of microbiome
composition, as disease-related changes in gene expres-
sion are consistent between SSc lesional forearm and
non-lesional back, yet the microbiome profiles of these
sites are strongly divergent in healthy controls.
From a mechanistic standpoint, changes in the SSc

skin microbiome may be attributed to physical changes
associated with fibrotic skin. Atrophy of both hair folli-
cles and sebaceous glands is commonly seen in SSc pa-
tients [30], resulting in the loss of both an essential food
source, as well as the physical niche where many of
these species reside [31]. This loss of skin appendages
leads to a weakening of the acid mantle, and a loss of
skin barrier function [32].

A B C

D

E

Fig. 4 Microbiome composition is associated with pathway activation in SSc skin. Single-sample gene set enrichment analysis (ssGSEA) was run
against normalized FPKM values for all 36 patient samples, using curated KEGG pathways as the probe gene sets. A correlation matrix was then
generated by calculating Pearson’s correlations for all combinations of ssGSEA values and genus-level abundance across all patients. a Hierarchical
clustering of the correlation matrix revealed strong associations between SSc-associated gene expression pathways and microbial composition. b
Taxonomic clustering based on gene expression. Hash marks indicate phylum/group associated with each sample. Relative abundance indicates
the degree to which each genus is differentially present in SSc patients, relative to controls with yellow indicating abundance is higher in SSc,
while blue indicates abundance is higher in controls. Black bars indicate KEGG pathways that clustered together hierarchically, with representative
pathways listed alongside each cluster (*p < 0.05; ** p < 0.01; *** p < 0.001 by paired t-test). Clinically relevant genera are highlighted in red. c Relative
abundance of all genera by taxonomic cluster. d, e Distribution of taxa is shown for cluster 5 (d) and cluster 3 (e)
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The strong association between increased Gram-nega-
tive taxa, particularly Proteobacteria, and immune acti-
vation shown here suggests a potential link between the
skin microbiome and immune activation. Analysis of
host-microbiome interactions, particularly with the host
immune system, is necessary to determine the extent to
which these organisms are capable of exacerbating and
perpetuating the inflammatory responses in SSc skin.
In a preliminary study of the skin microbiome, in-

creased levels of R. glutinis were detected on lesional
skin of four untreated, early-stage patients, with only
background levels seen in controls, suggesting a poten-
tial link between disease etiology and the skin micro-
biome [14]. Unfortunately, a direct assessment regarding
the etiologic nature of this organism was not possible
here due to differences in the two patient cohorts, both
in terms of prior treatment and disease duration. The
majority of early-stage patients described here were not
receiving immunosuppressive therapy at the time of biopsy,
though all were receiving treatment for SSc-associated
symptoms, including vascular symptoms and gastrointes-
tinal reflux. In contrast, five of six late-stage patients (dis-
ease duration > 5 years) were untreated at the time of
biopsy, consistent with the more quiescent nature of the
disease in this population. Rhodotorula sequences were
consistently detected in both SSc and controls, though
these levels never rose above the background noise. Such
an observation indicates that while Rhodotorula may be in-
creased in very early disease, colonization does not persist
over time.
Few viral pathogens were detected in our cohort, with

no reads associated with EBV, parvovirus B19, or CMV
identified in lesional skin. In contrast, we did consist-
ently identify sequences associated with Roseolovirus, a
genus which contains both human Herpesviruses (HHV)
6 and 7, which exhibited modest increases in inflamma-
tory SSc patients. As EBV (HHV4), CMV (HHV5), and
Roseolovirus are all members of the Herpesvirus family,
detection of active viral transcription in inflammatory
lesional skin does suggest a potential link between
life-long latent viral infections and disease pathology,
though further studies will be necessary to prove such
an association.

Conclusions
The data presented here demonstrate a possible mech-
anistic link between SSc skin microbiome composition
and disease pathology, with a loss of skin appendages
and lipid signaling leading to decreases in lipophilic taxa,
and a shift to a largely Gram-negative environment.
Host-microbiome studies will be necessary to assess the
extent to which the microbiome shapes SSc-associated
gene expression and vice versa.

Additional files

Additional file 1: Table S1. Gene expression data. Normalized RNA-seq
data were classified using a support vector machine trained using a
merged and curated dataset composed of samples from GSE9285,
GSE32413, and GSE45485. To visual results, the probe ID list from Johnson
et al. [4] was collapsed on gene ID. This gene list was compared against
normalized FPKM values for all 36 RNA-seq samples, resulting in a total of
1010 overlapping genes. Intrinsic subset assignments for individual genes
are not possible based on the nature of gene expression in SSc patients.
Each patient’s intrinsic subset assignment was determined based on the
collective co-expression of all 1010 genes in this dataset, with both high
and low expression of individual genes important for determining subset
distinctions. Furthermore, both high and low expression of individual genes
often extends across multiple intrinsic subsets. This inherently prevents
providing subset-specific calls for individual genes. (XLSX 418 kb)

Additional file 2: Table S2. Full clinical data for all patients included in
this study. (XLSX 14 kb)

Additional file 3: Table S3. Antimicrobial gene expression in lesional
and control skin. (XLSX 36 kb)

Additional file 4: Table S4. Differences in genus-level abundance by
clinical covariate. Statistical analyses were performed comparing genus-level
abundance between groups, presented as p values. Data were compared
using the Mann-Whitney U test, corrected for multiple hypothesis testing
using the method of Benjamini & Hochberg. Statistically significant differences
(p< 0.05) are highlighted in yellow; differences significant to p< 0.10 are
shown in pink. (XLSX 24 kb)

Additional file 5: Figure S1. Principal component analysis of lesional
forearm samples based on mRSS. Principal component analysis of core
microbiome profiles based on mRSS. Data were limited to SSc lesional
forearm samples only. Patients were divided into quartiles based on
mRSS score at the time of biopsy (low, < 5; medium, 6–15; high, 16–30;
very high, > 30). (PPTX 77 kb)

Additional file 6: Figure S2. Principal component analysis of paired
lesional forearm samples. Core microbiome profiles from seven paired
forearm and back samples were analyzed by principal component
analysis to assess the relationship between anatomical sites. Samples
were color coded by A) anatomical site, and B) patient. (PPTX 91 kb)

Additional file 7: Table S5. Single-sample gene set enrichment analysis
in SSc patients. Single-sample gene set enrichment analysis (ssGSEA) [26]
was run as a module in GenePattern, using relevant KEGG pathways as
the query gene sets. Raw pathway enrichment scores are shown for each
sample in our dataset. (XLSX 102 kb)

Additional file 8: Figure S3. Comparing gene expression with taxonomic
abundance. Single-sample gene set enrichment analysis (ssGSEA) provides a
quantitative measurement, expressed as a single value, describing the extent
to which a given gene set is coordinately up- or downregulated in a sample.
A. To reduce the dimensionality of the data, the activation of a given KEGG
pathway was assessed using ssGSEA, reducing a large set of functionally
related genes to a single value for each patient. This process was repeated for
all available KEGG pathways, generating a table of pathway activation scores
for each patient sample (Additional file 2: Table S2). B. Pearson’s correlations
were then used to compare each set of pathway activation scores against the
relative abundance of each genus in the SSc skin core microbiome. C. This
process is repeated for each combination of KEGG pathway and genus,
producing a correlation matrix. D. Data are then clustered hierarchically and
visualized to identify patterns of gene expression, and its relationship to
microbial abundance. (PPTX 113 kb)

Additional file 9: Figure S4. Differences in kingdom- and phylum-level
abundance between groups. Kingdom- and phylum-level abundance is
shown for all major gene expression clusters (Fig. 4a, b). Data are presented
as log2 median-centered values for all forearm biopsies from SSc (blue) and
controls (gray). (TIF 7050 kb)
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