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ABSTRACT
Objective The Scleroderma: Cyclophosphamide or 
Transplantation (SCOT) trial demonstrated clinical 
benefit of haematopoietic stem cell transplant 
(HSCT) compared with cyclophosphamide (CYC). 
We mapped PBC (peripheral blood cell) samples 
from the SCOT clinical trial to scleroderma intrinsic 
subsets and tested the hypothesis that they predict 
long- term response to HSCT.
Methods We analysed gene expression from PBCs 
of SCOT participants to identify differential treatment 
response. PBC gene expression data were generated 
from 63 SCOT participants at baseline and follow- up 
timepoints. Participants who completed treatment 
protocol were stratified by intrinsic gene expression 
subsets at baseline, evaluated for event- free survival 
(EFS) and analysed for differentially expressed genes 
(DEGs).
Results Participants from the fibroproliferative subset 
on HSCT experienced significant improvement in EFS 
compared with fibroproliferative participants on CYC 
(p=0.0091). In contrast, EFS did not significantly differ 
between CYC and HSCT arms for the participants from 
the normal- like subset (p=0.77) or the inflammatory 
subset (p=0.1). At each timepoint, we observed 
considerably more DEGs in HSCT arm compared with 
CYC arm with HSCT arm showing significant changes in 
immune response pathways.
Conclusions Participants from the fibroproliferative 
subset showed the most significant long- term benefit 
from HSCT compared with CYC. This study suggests that 
intrinsic subset stratification of patients may be used to 
identify patients with SSc who receive significant benefit 
from HSCT.

INTRODUCTION
Systemic sclerosis (SSc; scleroderma) is a rare 
autoimmune disease with heterogeneous clin-
ical presentation. Despite modest advances in 
disease management, such as the approval of 
nintedanib for the treatment of SSc- associated 
interstitial lung disease,1 overall prognosis for 
SSc is worse than for other rheumatic diseases, 
and it continues to exhibit high mortality rates, 
primarily due to cardio- pulmonary involve-
ment.2 3 Patients are classified clinically into two 
subgroups, limited (lcSSc) and diffuse cutaneous 
SSc (dcSSc), based on the extent of skin involve-
ment.4 Patients with dcSSc typically suffer from 

severe scleroderma and increased internal organ 
involvement.5 In SSc, reproducible ‘intrinsic’ 
gene expression subsets (inflammatory, fibrop-
roliferative, limited and normal- like) have been 
identified in skin6–8 and subsequently recapitu-
lated in other affected organs from patients with 
SSc.9 10 The limited intrinsic subset is composed 
primarily of lcSSc patients, but the inflamma-
tory, fibroproliferative and normal- like subsets 
include both dcSSc and lcSSc.6 Patients with 
morphea can fall into the inflammatory subset 
or cluster adjacent to this group. Some clinical 
covariates, such as modified Rodnan skin score 
(MRSS), incidence of lung disease and disease 
duration, have been associated with SSc intrinsic 
subsets,6 7 11 but they alone cannot predict 
intrinsic subset assignment.6 The pervasiveness 
and reproducibility of the SSc intrinsic subsets 

Key messages

What is already known about this subject?
 ► Haematopoietic stem cell transplant (HSCT) 
has demonstrated clinical benefit and 
normalises gene expression compared with 
cyclophosphamide (CYC) in patients with 
systemic sclerosis (SSc).

 ► The intrinsic gene expression subsets have been 
shown to be a reproducible feature of SSc that 
are observed across multiple tissues and distinct 
patient cohorts.

What does this study add?
 ► This study shows that molecular subsets can be 
identified in PBC samples.

 ► Participants from the fibroproliferative intrinsic 
subset on HSCT experienced significant 
improvement in event- free survival (EFS) 
compared with fibroproliferative participants 
on CYC. EFS did not significantly differ between 
CYC and HSCT arms for the participants from 
the normal- like intrinsic subset.

How might this impact on clinical practice or 
future developments?

 ► This study suggests that intrinsic subset patient 
stratification may be used to identify patients 
with SSc who receive significant benefit from 
HSCT.

 on M
ay 19, 2023 by guest. P

rotected by copyright.
http://ard.bm

j.com
/

A
nn R

heum
 D

is: first published as 10.1136/annrheum
dis-2020-217033 on 15 S

eptem
ber 2020. D

ow
nloaded from

 

http://www.eular.org/
http://ard.bmj.com/
http://orcid.org/0000-0003-2400-5431
http://orcid.org/0000-0002-1379-9216
http://crossmark.crossref.org/dialog/?doi=10.1136/annrheumdis-2020-217033&domain=pdf&date_stamp=2020-10-11
http://ard.bmj.com/


1609Franks JM, et al. Ann Rheum Dis 2020;79:1608–1615. doi:10.1136/annrheumdis-2020-217033

Systemic sclerosis

across tissues highlight the systemic nature of the disease 
and identify distinct groups of patients that may respond 
differently to therapy.

The Scleroderma: Cyclophosphamide or Transplantation 
(SCOT) clinical trial12 demonstrated long- term benefit of 
myeloablative autologous haematopoietic stem cell trans-
plantation (HSCT) compared with cyclophosphamide (CYC) 
for treatment of severe scleroderma with organ involvement, 
corroborating results from the Autologous Stem Cell Trans-
plantation International Scleroderma trial.13 Significant 
long- term improvements in MRSS have also been reported 
in patients with SSc after transplantation in the American 
Scleroderma Stem Cell versus Immune Suppression Trial.14 
However, HSCT is an intensive procedure with significant 
side effects,14 15 potentially severe complications13 16 and 
considerable economic burden.17 Identifying the patients 
with SSc who are most and least likely to benefit from this 
treatment regimen is critically important.

In order to do this, we applied a machine learning classifier we 
developed earlier to predict the SSc intrinsic subsets and allow 
precision medicine in SSc.18 Previously, assignment of intrinsic 
subsets required large sets of samples to be accumulated allowing 
only retrospective analyses. The machine learning classifier uses 
a multinomial elastic net classification (GLMnet) to assign a 
sample to an intrinsic subset according to the relative expres-
sion levels of a large set of genes. The genes included in the 
model have been shown to represent the hallmark signatures of 
intrinsic subsets and identify these patterns in new datasets with 
high (~85%) accuracy.18

Herein, we demonstrate, for the first time, the existence of SSc 
intrinsic subsets using peripheral blood and test the hypothesis 
that the intrinsic gene expression subsets in SSc predict long- term 
response to HSCT. We show that our machine learning classifier 
may hold utility as a prognostic tool for precision medicine in SSc. 
In a subset of SCOT participants, we investigate the longitudinal 
molecular changes associated with HSCT or CYC treatment.

Figure 1 CONSORT diagram1 2 22 (1) One baseline sample failed quality control thresholds in analysis. The 8- month timepoint was initially used as 
a proxy for intrinsic subset assignment for this patient but was not used in the final survival analysis in presented in Figure 3. (2) A subset of subjects 
with available follow- up specimens was selected with preference given to those with the most available specimens at the desired timepoints. (3) 
The last available timepoint for subject 63 was at month 44 and was grouped with the month 48/54 samples. CONSORT, Consolidated Standards of 
Reporting Trials; CYC, cyclophosphamide; HSCT, haematopoietic stem cell transplant.
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METHODS
Participants
The SCOT trial enrolled participants with severe SSc for 5 
years or less with pulmonary or renal involvement as defined 
in Sullivan et al.12 This study analysed samples from all patients 
who provided whole blood samples at baseline (93% of the 
participants), as well as longitudinal follow- up at 8, 14, 20/26, 
38 and 48/54 months for a subset of participants (online supple-
mental table S4).

Sample collection and processing
Peripheral blood was collected at baseline and longitudinally 
from SCOT trial participants. We restricted our genomic analyses 
to the per- protocol (PP) group, defined as the participants who 
received at least nine doses of CYC or received a transplant12 
(online supplemental table S4). Of note, because samples were 
not collected after individuals died or experienced organ failure 
(respiratory, renal or cardiac failure), missing post- baseline 
specimens are not missing- at- random, which impacts interpre-
tations of the longitudinal analyses. A Consolidated Standards 
of Reporting Trials diagram details the samples analysed in this 
study (figure 1).

RNA was purified from PBC samples. cRNA was hybri-
dised to Agilent (Santa Clara, California, USA) 8×60 k Sure-
Print G3 Human Gene Expression Microarrays.8 Probes were 
filtered to include only those with <20% missing values across 
samples. Gene expression data were imputed for missing values 
and collapsed to unique genes using GenePattern.19 Data were 

median- centred across genes using Cluster V.3.0,20 and visual-
ised using Java TreeView.21 Data are available from the National 
Center for Biotechnology Information Gene Expression 
Omnibus (NCBI GEO) (GSE134310).

Gene expression analyses
Participants who completed treatment protocol12 (PP) were 
assigned to intrinsic gene expression subsets at baseline using a 
machine learning classifier based on multinomial elastic net clas-
sification previously trained and tested on six independent SSc 
cohorts.18 Significant differentially expressed gene (DEGs) (False 
discovery rate (FDR) <5%) were identified between baseline and 
each follow- up timepoint using significance analysis of microar-
rays.22 Significant DEGs were annotated with gene ontology 
(GO) functional terms via g:Profiler23 and GO terms with 
p<0.05 corrected for multiple testing via default g:SCS method 
were treated as significant. For the visualisation of representative 
functional terms, ‘enrichment logs’ were calculated from g:Pro-
filer p values as follows: for DEGs with increased expression at 
follow- up, -log10(p value); for DEGs with decreased expression 
at follow- up, log10(p value). This way, functional terms signifi-
cantly enriched in downregulated DEGs were assigned negative 
‘enrichment logs’ and terms enriched in upregulated DEGs were 
assigned positive ‘enrichment logs.’ Weighted gene coexpression 
network analysis (WGCNA) was used to identify modules of 
genes by constructing a signed network using default power of 
12.

Statistics
Wilcoxon rank sum test was used for continuous variables 
and Fisher’s exact test for categorical variables. Kaplan- Meier 
survival curves were compared using Mantel- Haenszel (log- 
rank) χ2 test. All statistical tests were two sided and p values less 
than 0.05 were considered significant. Analyses were performed 
using R V.3.3.2.24

Patient and public involvement
Patients participated in the clinical trial and the study was in part 
funded by the Scleroderma Research Foundation, which includes 
scleroderma patients and advocates.

RESULTS
Overview of cohort
Gene expression data were generated for 33 participants from 
CYC group and for 30 participants from HSCT group (online 
supplemental table S1). Overall, subjects included in this 
analysis had an average age of 45.0 years and were primarily 
female (60.3%), white (76.2%), and never- smokers (73.0%) 
(table 1). There were no notable differences in sex, age, race 
or clinical parameters between treatment arms for our analyses 
(online supplemental table S2). Importantly, the participants 
included in this analysis at baseline were representative of all 
SCOT trial participants (online supplemental table S3). There 
were no notable differences between participants with (n=63) 
and without (n=4 baseline gene expression data in terms of 
sex, age, race and most clinical parameters (MRSS, forced vital 
capacity (FVC) and Scleroderma Health Assessment Question-
naire (SHAQ)). Participants included in our study had slightly 
lower diffusing lung capacity for carbon monoxide (DLCO) 
compared with those not included (mean: 51.9 with gene 
expression data, 59.1 without, p=0.0287; online supplemental 
table S3). Although samples were collected from multiple sites, 
there was no strong evidence of site- collection bias in a principle 

Table 1 Clinical characteristics of the cohort includes subjects 
who completed the SCOT trial per- protocol (PP) and for which gene 
expression was available at baseline
Gene expression dataset—PP

Characteristic

Cyclophosphamide Transplantation

P valuen=33 n=30

Age- mean (SD) 46.1 (10.7) 43.8 (10.1) 0.379

Female sex- no (%) 23 (69.7) 15 (50.0) 0.129

Race

  White- no (%) 25 (75.8) 23 (76.7) 0.805

  Black/African- American- no (%) 4 (12.1) 2 (6.7)

  Asian- no (%) 1 (3.0) 2 (6.7)

  Multiple- no (%) 3 (9.1) 2 (6.7)

  Other/unknown- no (%) 0 (0.0) 1 (3.3)

Ethnicity Hispanic or Latino- no (%) 4 (12.1) 3 (10.0) >0.999

Smoking history

  Current- no (%) 2 (6.1) 1 (3.3) 0.410

  Ever- no (%) 5 (15.2) 9 (30.0)

  Never- no (%) 26 (78.8) 20 (66.7)

Duration of disease- months since 
onset of first non- Raynaud’s Sign 
or symptom of scleroderma- mean 
(SD)

30.8 (16.4) 24.9 (12.8) 0.117

Disease- modifying antirheumatic 
drug use within 6 months of 
randomisation- no (%)

21 (63.6) 23 (76.7) 0.287

Lung involvement- no (%) 32 (97.0) 30 (100.0) >0.999

modified Rodnan Skin Score- 
mean (SD)

30.4 (10.7) 27.5 (7.7) 0.225

Mean FVC-% of predicted value 73.6 (17.9) 76.2 (13.4) 0.525

Mean DLCO-% of predicted value 51.8 (7.9) 54.1 (6.7) 0.207

Failures prior to month 54- no (%) 16 (48.4) 5 (16.7) 0.0088

Fisher’s exact test was used for categorical variables and Student’s t- test was used for 
continuous measures.
DLCO, diffusing lung capacity for carbon monoxide; FVC, forced vital capacity; SCOT, 
Scleroderma: Cyclophosphamide or Transplantation.
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components analysis of the gene expression data (online supple-
mental figure S1).

The intrinsic subset signatures are present in blood
We assigned SSc participants from the SCOT trial to intrinsic 
subsets according to gene expression at baseline using a classifier 
previously trained and tested in skin.18 In order to validate the 
intrinsic molecular subsets in blood, we applied WGCNA25 to 
identify gene modules, which are large groups of co- expressed 
genes. Gene modules are defined solely by the gene expression 
values that are co- expressed across samples and are determined 
with no prior knowledge of intrinsic subset assignment. We iden-
tified three primary modules significantly (p<0.05) associated 
with three intrinsic subsets (figure 2A; online supplemental figure 
S2 and table S4). Module 15 was significantly associated with the 
inflammatory subset and the genes in this module are upregu-
lated in biological processes including inflammatory response, 
immune system process, and leukocyte activation (figure 2B). 
Module 3 was significantly associated with the fibroprolifera-
tive subset; cell cycle, mitotic cell cycle, and RNA processing are 
upregulated (figure 2C). Module 24 was significantly associated 
with the normal- like subset, although less strongly correlated 
than the inflammatory- and fibroproliferative- associated modules 
(figure 2D). Tissue development and epithelium development are 

upregulated in the normal- like subset, consistent with the lack of 
immune activation in this subset.

Comparison of intrinsic subsets to 28 age- matched and 
gender- matched controls (online supplemental table S6) iden-
tified differentially expression genes with similarly deregulated 
biological processes (online supplemental figure S2 and table S7). 
There were 362 genes differentially expressed between normal- 
like SSc samples and healthy controls (<2.4% of measured 
genome); comparison of normal- like to healthy controls did 
not identify any enriched biological processes among the DEGs. 
This is in contrast to the comparisons of the inflammatory subset 
(2162 genes; 14.3% of measured genome) and fibroprolifera-
tive subset (3712 genes; 24.6% of measured genome) to healthy 
controls. Thus, the normal- like subset represents a disease status 
that, from a gene expression perspective, is much closer to 
healthy controls than to other SSc patients. Consistent with this 
result, we find that 83% of healthy controls were assigned to the 
normal- like subset. These findings in peripheral blood replicate 
our earlier characterisation of the intrinsic subsets in skin. While 
fibrotic gene expression signatures were not identified in the 
fibroproliferative blood samples, we have retained the original 
naming convention for consistency.

We examined demographics and baseline characteristics 
between the intrinsic subsets for the PP population (online 

Figure 2 Intrinsic subsets in blood. (A) Gene expression values are displayed in a heatmap where each row is a gene in a WGCNA module and each 
column is a participant, ordered and labelled by intrinsic subset at the top. The eigenvalues for each sample, stratified by intrinsic subset, are plotted 
for the (B) inflammatory module, (C) fibroproliferative module and (D) normal- like module. P values are for Wilcoxon rank sum test. For B–D, n=20, 
23 and 20 for inflammatory, normal- like and fibroproliferative intrinsic subsets. GO, gene ontology; WGCNA, weighted gene coexpression network 
analysis.
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supplemental table S5). There were no significant differences 
in age, sex, race, ethnicity, smoking history, MRSS, disease- 
modifying antirheumatic drug (DMARD) use, SHAQ, FVC or 
DLCO between the intrinsic subsets. There was a significant 
difference in the duration of SSc at baseline. In this cohort, 
the inflammatory subset had average disease duration of 34.7 
months and the fibroproliferative subset had an average of 
21.6 months (p=0.039). The average disease duration for the 
normal- like subset was 27.8 months. Thus, there are no defini-
tive clinical markers that can be used to assign patients with SSc 
to an intrinsic subset and the classifications must be made using 
gene expression data.

Event-free survival stratified by subset
In order to investigate the clinical outcomes for participants 
with SSc, the SCOT trial tracked the occurrence of major events 
(death; respiratory, renal or cardiac failure) following treat-
ment. The trial reported a statistically significant increase in the 
event- free survival (EFS) of SSc participants who received HSCT 
compared with CYC. For this analysis, we used the baseline 
intrinsic subset assignments from the GLMnet machine learning 
classifier. In the CYC arm, there were 12 participants assigned to 
the normal- like subset, 12 participants assigned to the inflamma-
tory subset and 9 participants assigned to the fibroproliferative 
subset. In the HSCT arm, there were 10 participants assigned to 
the normal- like subset, 8 participants assigned to the inflamma-
tory subset and 11 participants assigned to the fibroproliferative 
subset (figure 3A). There were no statistically significant differ-
ences in distribution of intrinsic subsets at baseline between the 
treatment arms (p=1, Fisher’s exact test).

We compared the EFS between treatment arms, stratified by 
intrinsic subset. Within the normal- like subset, there was no differ-
ence in EFS between participants in the HSCT and CYC arms 
(p=0.77, figure 3B). Participants assigned to the inflammatory subset 
trended towards improved EFS in HSCT arm, which did not reach 
significance (p=0.1, figure 3C). Strikingly, participants assigned to 
the fibroproliferative subset who received HSCT experienced signif-
icant improvement in EFS compared with fibroproliferative partici-
pants who received CYC (p=0.0091, figure 3D).

We performed the same EFS analysis stratified by treatment arm. 
Though there were no significant differences in EFS between intrinsic 
subsets in either treatment arm (online supplemental figure S4), there 
are evident trends. In the CYC arm, the normal- like participants tend 
to have the best long- term survival. The fibroproliferative subset has 
the lowest EFS in the CYC arm while the inflammatory subset shows 
intermediate EFS. Notably, this trend is exactly the opposite in the 
HSCT arm: fibroproliferative participants have the best long- term 
survival, followed by inflammatory, and the normal- like subset has 
the lowest EFS.

The results from both EFS analyses suggest that neither CYC nor 
HSCT changes the long- term disease trajectory for the normal- like 
subset. Though results did not reach statistical significance, it is 
evident that the inflammatory subset may still see some long- term 
benefit from HSCT. The fibroproliferative participants are the most 
likely to see increased long- term EFS with HSCT.

DEGs over time
We investigated longitudinal effects of HSCT and CYC on gene 
expression in PBC samples using baseline and follow- up time points 
up to 54 months in a subset of SCOT participants. At each timepoint, 
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Figure 3 Survival analysis stratified by intrinsic molecular subset. (A) The number of participants assigned to each intrinsic subset at baseline was 
not significantly different between treatment arms. EFS analysis by treatment arm (HSCT in red, CYC in blue) for participants assigned to the (B) 
normal- like, (C) inflammatory and (D) fibroproliferative intrinsic subsets. P values are for Fisher’s exact test (A) and Mantel- Haenszel (log- rank) χ2 test 
(B–D). CYC, cyclophosphamide; EFS, event- free survival; HSCT, haematopoietic stem cell transplant .
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numbers of PBC specimens evaluated in HSCT and CYC arms 
were similar (figure 4A). However, there was significant difference 
between HSCT and CYC arms in terms of number of significant 
DEGs (figure 4B; p<0.001, Fisher’s exact test at each time point). 
Principal component analysis of all genes between paired participant 
samples at baseline and 48/54 months showed little differentiation 
between pre- treatment and post- treatment with CYC (online supple-
mental figure S5A). However, we observed significant variability 
in the HSCT arm evidenced by distinct groups between the pre- 
treatment and post- treatment samples (online supplemental figure 
S5B).

The DEGs for each baseline/follow- up comparison in HSCT arm 
were analysed for significantly enriched pathways that changed with 
respect to participant baseline. For each sample term, we calcu-
lated an ‘enrichment log’ of its functional enrichment p value from 
g:Profiler (see the Methods section) and visualised those values for 
all follow- up timepoints (figure 4C). The genes that map to each 

pathway and are differentially expressed at each timepoint can be 
found in online supplemental table S8. Early timepoints (8, 14 and 
20/26 months) were characterised by increased expression of three 
distinct groups of pathways related to immune system signalling. The 
first group included adaptive immune system, B cell receptor signal-
ling pathway and lymphocyte activation while the second group 
included hemopoiesis, immune response and leukocyte activation, 
among others. Both groups generally displayed decreased expres-
sion in later (38 and especially 48/54 months) time points. A third 
group included granulocyte activation and response to interferon- 
alpha. Later time points were characterised by increased expression 
of pathways related to translation such as ribosome biogenesis, cyto-
solic ribosome and translational initiation.

Samples at 38 months appeared to represent a switch from 
increased to decreased immune system signalling. While they still 
showed increased expression of B cell receptor signalling pathway 
and lymphocyte activation (similar to 8–20/26 months) they also 
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exhibited significant decrease in such processes as granulocyte acti-
vation, myeloid leukocyte activation and neutrophil activation. 
By 48/54 months of HSCT treatment, the switch appeared to be 
complete as the immune signalling pathways were now uniformly 
decreased.

We repeated this analysis for the participants who experienced 
EFS and had specimens available at all timepoints (13 HSCT, 7 
CYC). Similar to general trends across HSCT arm, participants 
with EFS showed robust expression changes in terms of increased 
immune signatures at 8–20/26 months, followed by their transition 
from increased to decreased at 38 months and significant overall 
decrease at 48/54 months. No changes were observed in CYC partic-
ipants with EFS (figure 4D; p<0.001, Fisher’s exact test at each time 
point).

The absence of DEGs in seven CYC participants with EFS and 
all timepoints could be attributed to the small sample size of this 
group. In order to rule this out, we added four more CYC partici-
pants who did not have specimens at all timepoints but had EFS and 
specimens at 48/54 months bringing the group size to 11. This set 
of CYC participants with EFS still resulted in only two significant 
DEGs at 48/54 mo. We also performed the analysis on 7 randomly 
selected HSCT participants with EFS and found 99 DEGs at 48/54 
mo, even with decreased sample size. Therefore, we observed major 
differences between HSCT and CYC arms in terms of differential 
expression particularly when comparing participants with EFS.

DISCUSSION
The SCOT trial reported improved long- term EFS for participants 
with severe scleroderma who received HSCT compared with partic-
ipants who received CYC. Our work represents a randomised study 
of immune reconstitution and builds on the results of the SCOT trial 
by providing genomic insight into the long- term molecular effects 
of CYC or HSCT. Importantly, our results exemplify that genomic 
and immune signatures are intertwined and impacted by stem cell 
transplantation (ie, differential expression is a function of treatment), 
similar to those observed by Assassi et al who observed a normalisa-
tion of gene expression after transplant.26 Participants treated with 
HSCT demonstrated changes in gene expression but not all attained 
EFS at 54 months. Conversely, participants treated with CYC who 
attained EFS did not exhibit significant DEGs.

In this analysis, we identified intrinsic molecular subsets in SCOT 
participants using machine learning classification of gene expression 
from peripheral blood. This is the first time that the SSc intrinsic 
molecular subsets have been identified in blood, and this represents 
an important advancement in clinical utility of a biospecimen that 
is more easily and readily accessible. It is important to note that the 
fibroproliferative, inflammatory and normal- like patients are not 
currently clinically distinguishable when analysing a cohort of dcSSc 
patients, and gene expression profiling must be performed to iden-
tify these individuals.

In small pilot clinical trials, the SSc intrinsic molecular subsets 
in skin identify participants most likely to benefit from treatment. 
SSc participants who improved with abatacept were classified in the 
inflammatory subset27 and mycophenolate mofetil has been linked 
to decreases in the inflammatory signature coincident with MRSS 
improvement.8 28 29 Until now, no DMARD treatments have been 
associated with clinical improvement for SSc participants in the 
fibroproliferative subset.

In this study, we demonstrated that HSCT is particularly effective 
for those with severe diffuse SSc who have a baseline fibroprolifera-
tive phenotype. Work from prior studies has suggested that normal- 
like patients have the longest disease duration6 30 and may represent 
late- stage disease. A change to normal- like over time in this setting 

could be influenced by the inherent design of the study, because the 
later time points for longitudinal samples come from participants 
with EFS. To determine if patients transition to normal- like with 
treatment requires further study with appropriate controls.

Limitations of this study are that these analyses were exploratory 
and not pre- specified in the SCOT study protocol, and there were 
a limited number of samples available for gene expression analysis. 
Therefore, these findings need to be independently confirmed in 
prospectively collected samples.

This body of work demonstrates that there may be significant 
prognostic value in assigning intrinsic subsets for patients with SSc. 
One may be able to predict clinical outcomes based on a patient’s 
gene expression subset at baseline. Identifying the treatments most 
likely to benefit an individual will ultimately lead to improved 
outcomes and faster time to clinical improvement for patients with 
SSc, setting the stage for personalised therapy and precision medicine 
in SSc and related conditions.
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