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Abstract
Background Radiomic features calculated from routine medical images show great potential for
personalised medicine in cancer. Patients with systemic sclerosis (SSc), a rare, multiorgan autoimmune
disorder, have a similarly poor prognosis due to interstitial lung disease (ILD). Here, our objectives were to
explore computed tomography (CT)-based high-dimensional image analysis (“radiomics”) for disease
characterisation, risk stratification and relaying information on lung pathophysiology in SSc-ILD.
Methods We investigated two independent, prospectively followed SSc-ILD cohorts (Zurich, derivation
cohort, n=90; Oslo, validation cohort, n=66). For every subject, we defined 1355 robust radiomic features
from standard-of-care CT images. We performed unsupervised clustering to identify and characterise
imaging-based patient clusters. A clinically applicable prognostic quantitative radiomic risk score (qRISSc)
for progression-free survival (PFS) was derived from radiomic profiles using supervised analysis. The
biological basis of qRISSc was assessed in a cross-species approach by correlation with lung proteomic,
histological and gene expression data derived from mice with bleomycin-induced lung fibrosis.
Results Radiomic profiling identified two clinically and prognostically distinct SSc-ILD patient clusters.
To evaluate the clinical applicability, we derived and externally validated a binary, quantitative radiomic
risk score (qRISSc) composed of 26 features that accurately predicted PFS and significantly improved
upon clinical risk stratification parameters in multivariable Cox regression analyses in the pooled cohorts.
A high qRISSc score, which identifies patients at risk for progression, was reverse translatable from human
to experimental ILD and correlated with fibrotic pathway activation.
Conclusions Radiomics-based risk stratification using routine CT images provides complementary
phenotypic, clinical and prognostic information significantly impacting clinical decision making in SSc-ILD.

Introduction
Despite the emergence of targeted therapies, interstitial lung disease (ILD), the leading cause of death in
systemic sclerosis (SSc), remains a key challenge due to the high variability in patient-specific disease
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trajectories and progression rates [1]. This high interindividual variability warrants valid prognostic
biomarkers for individual risk stratification and personalised management, which so far are lacking [2].
Traditionally, molecular data from tissue biopsies have been explored for precision medicine strategies.
However, the invasiveness of tissue biopsies, the unsuitability for longitudinal assessments, the high risk
of nonrepresentative sampling due to spatial disease heterogeneity and the high costs associated with
molecular profiling have mostly limited clinical implementation. This applies even more to SSc-ILD,
where lung biopsies are only exceptionally performed since they are not required for diagnosis [3].
Medical imaging, particularly high-resolution computed tomography (HRCT), is an integral part of the
standard of care of SSc-ILD, as it allows both diagnosis and longitudinal monitoring of the entire lung
pathology with high sensitivity [4–6].

Recently, high-dimensional image analysis, termed “radiomics”, has opened novel avenues for
imaging-based disease subtyping and outcome prediction [7–10]. Radiomic features are computationally
retrieved, quantitative data derived from medical images which describe the tissue in terms of its intensity,
texture and advanced statistical properties [11]. Their unique and added value compared with visual or other
quantitative imaging methodologies [12–14] lies in the ability to capture tissue phenotypes on different
spatial scales ranging from the radiological/macroscopic to the molecular/microscopic level [8, 10, 15],
which adds another dimension. Thereby, they provide novel and complementary information compared
with clinical reports, laboratory and functional tests.

To address the high, unmet need for validated risk parameters, here we explored the potential of
HRCT-based radiomics for disease characterisation and outcome prediction in SSc-ILD.

Methods
A detailed description of the methods is provided in the supplementary material.

Study design and datasets
We retrospectively investigated two independent prospectively followed cohorts of SSc-ILD including 90
patients (76.7% female, median age 57.5 years) from University Hospital Zurich, Zurich, Switzerland
(derivation cohort) and 66 patients (75.8% female, median age 61.0 years) from Oslo University Hospital,
Oslo, Norway (validation cohort). All included patients met the following criteria: diagnosis of SSc
according to the Very Early Diagnosis of Systemic Sclerosis (VEDOSS) study [16] or the 2013 American
College of Rheumatology/European League against Rheumatism classification criteria [17], presence of
ILD on HRCT and availability of a HRCT scan fulfilling the predefined quality criteria (supplementary
material). A summary of patient demographics and clinical characteristics at baseline for both study
cohorts is given in table 1.

A third dataset derived from an experimental cohort of 30 mice with bleomycin-induced lung fibrosis, a
widely acknowledged pre-clinical model for ILD [19], was used for correlation studies with biological
features, including proteomic, histological and gene expression data. For every subject, we defined and
extracted 1386 radiomic features (Excel file in the supplementary material) from semiautomated segmented
HRCT images, including 17 intensity, 137 texture and 1232 wavelet features, using our
in-house-developed radiomics software Z-Rad. A detailed description of the study workflow is available in
figure 1. The local ethics committees approved the study (approvals pre-BASEC-EK-839 (KEK
2016-01515), KEK-ZH 2010-158/5, BASEC 2018-02165 and BASEC 2018-01873) and written informed
consent was obtained from every patient.

Statistical analyses
Robustness of radiomic features against semiautomated lung delineation was assessed by intra- and
inter-reader intraclass correlation (ICC) analysis, and unstable features (ICC <0.75) were excluded from
further analyses, resulting in a final set of 1355 robust radiomic features (supplementary figure S1).
Unsupervised k-means clustering was performed to identify homogeneous imaging-based patient clusters
without a priori assumptions in the derivation cohort (Zurich; n=90). Next, a quantitative composite
radiomic risk score (qRISSc) for progression-free survival (PFS) was built to evaluate the clinical
applicability. PFS was defined as the time from the date of the HRCT to the date of the first occurrence of
ILD progression (relative decline in forced vital capacity (FVC) % pred ⩾15%). qRISSc, composed of 26
features, was derived by two-step feature selection, including univariable Cox regression and
cross-validated LASSO (least absolute shrinkage and selection operator) penalised regression, and was
further developed into a binary score with an optimal cut-off value of 0.21. Associations with clinical
characteristics and PFS among the obtained patient clusters and qRISSc-based risk groups were assessed
by Fisher’s exact test and the Mann–Whitney U-test or univariable Cox regression, respectively.
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TABLE 1 Summary of patient demographics and clinical characteristics for the two patient cohorts included in
this study

Zurich cohort (n=90) Oslo cohort (n=66) p-value

Age (years) 57.5±17.8 61.0±18.8 0.641
Sex
Male 21 (23.3) 16 (24.2) 1.000
Female 69 (76.7) 50 (75.8)

SSc disease duration (years)# 5.0±8.2 5.3±9.2 0.874
SSc subset [18]
Limited cutaneous SSc 41 (45.6) 37 (56.1) 0.041*
Diffuse cutaneous SSc 42 (46.7) 29 (43.9)
No skin involvement 7 (7.8) 0 (0.0)

Skin involvement
Limited cutaneous 31 (34.4) 37 (56.1) <0.001*
Diffuse cutaneous 43 (47.8) 29 (43.9)
No skin involvement 9 (10.0) 0 (0.0)
Only sclerodactyly 7 (7.8) 0 (0.0)

Autoantibodies
Anti-centromere positive 13 (14.4) 7 (10.6) 1.000
Anti-topoisomerase 1 positive 41 (45.6) 24 (36.4) 0.614
Anti-RNA polymerase III positive 7 (7.8) 8 (12.1) 0.261
Anti-PM/Scl positive 18 (20.0) 4 (6.1) 0.032*

FVC (% pred) 87.5±33.9 85.0±36.0 0.605
⩾70% pred 64 (71.1) 44 (66.7) 0.851
<70% pred 24 (26.7) 15 (22.7)

DLCO (% pred) 66.5±29.4 61.0±29.0 0.078
FEV1 (% pred) 88.7±31.2 77.0±26.5 0.088
Pulmonary hypertension¶ 20 (22.2) 6 (9.1) 0.048*
PAPsys (mmHg)+ 26.0±10.0 21.0±20.0 0.028*
CRP (mg·L−1) 3.1±5.6 3.6±8.0 0.259
6-min walk distance (m) 511.0±161.0 NA NA
SpO2

before 6MWT (%) 96.0±2.0 NA NA
SpO2

after 6MWT (%) 95.0±7.0 NA NA
Borg scale (range 0–10) 3.0±2.0 NA NA
Extent of lung fibrosis on HRCT
<20% 50 (55.6) 30 (45.5) 0.257
⩾20% 40 (44.4) 36 (54.5)

Ground-glass opacification 45 (50.0) 42 (63.6) 0.104
Reticular changes 87 (96.7) 51 (77.3) <0.001*
Traction bronchiectasis 50 (55.6) 27 (40.9) 0.077
Honeycombing 22 (24.4) 16 (24.2) 1.000
Bullae 3 (3.3) 4 (6.1) 0.457
Radiological subtype
NSIP 49 (54.4) 34 (51.5) 0.602
UIP§ 37 (41.1) 27 (40.9)
DIP 1 (1.1) 0 (0.0)
Unclassifiable 3 (3.3) 5 (7.6)

Immunomodulatory therapyƒ 51 (56.7) 28 (42.4) 0.105
Smoking status
Never-smoker 55 (61.1) 24 (36.4) 0.025*
Ex-smoker 21 (23.3) 25 (37.9)
Current smoker 12 (13.3) 5 (7.6)

Died during follow-up## 20 (22.2) 22 (33.3) 0.009*
Relative FVC decline ⩾15% during follow-up 27 (30.0) 11 (16.7) 0.113
Visual HRCT progression during follow-up 21 (23.3) 18 (27.3) 0.316

Data are presented as median±interquartile range or n (%), unless otherwise stated. SSc: systemic sclerosis;
FVC: forced vital capacity; DLCO: diffusing capacity of the lung for carbon monoxide; FEV1: forced expiratory volume
in 1 s; PAPsys: systolic pulmonary arterial pressure; CRP: C-reactive protein; NA: not available; SpO2

: peripheral
oxygen saturation; 6MWT: 6-min walk test; HRCT: high-resolution computed tomography; NSIP: nonspecific
interstitial pneumonia; UIP: usual interstitial pneumonia; DIP: diffuse interstitial pneumonia. #: disease duration of
SSc was calculated as the difference between the date of baseline CT and the date of manifestation of the first
non-Raynaud’s symptom; ¶: pulmonary hypertension was assessed by echocardiography or right heart
catheterisation; +: PAPsys was determined by right heart catheterisation; §: UIP includes the radiological diagnosis
of both “definite” and “probable” UIP; ƒ: immunomodulatory therapy included prednisone, methotrexate,
rituximab, cyclophosphamide, mycophenolate mofetil, hydroxychloroquine, tocilizumab, imatinib, azathioprine,
adalimumab, leflunomide and cyclosporine; ##: cause of death included SSc-associated interstitial lung disease,
pulmonary arterial hypertension, viral pneumonia, pulmonary embolism, septic shock, brain haemorrhage, caecal
cancer, pancreatic carcinoma and lung cancer. p-values of univariate comparisons of baseline characteristics
between the two cohorts are shown. Fisher’s exact test was used to compare categorical variables and the
Mann–Whitney U-test was used to compare continuous variables. *: p<0.05.
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Multivariable Cox regression analyses with hazards ratio (HR) and 95% confidence interval and C-index
were applied to analyse the predictive ability of conventional clinical risk factors and qRISSc for
progressive ILD in the pooled cohorts (n=156). The C-index is equivalent to the area under the curve in
receiver operating characteristic curve analysis and can be used in Cox regression analysis [20]. Spearman
correlation analysis with histological, gene expression and whole-lung proteomic data obtained from mice
with bleomycin-induced lung fibrosis and pathway enrichment analysis was performed to define the
biological basis of qRISSc.

Results
Radiomic profiling captures clinical and prognostic differences among SSc-ILD patients
In a first discovery approach, we explored the radiomic phenotypes of the 90 SSc-ILD patients from the
Zurich cohort with unsupervised clustering and examined their associations with clinical characteristics and
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patient outcome among the obtained clusters. Clustering of the 1355 robust radiomic features revealed two
distinct and stable patient clusters based on their radiomic profiles ( Jaccard coefficients of 0.90 and 0.82
for clusters 1 and 2, respectively, where 1 indicates perfect stability) (figure 2a and b). The differences in
clinical characteristics were substantial (figure 2 and supplementary table S1), with patients in cluster 2
(n=31) having a significantly more impaired lung function (p<0.001) (figure 2c), worse performance in
the 6-min walk test (figure 2c) and a higher frequency of pulmonary hypertension (p=0.001) (figure 2a
and c) than patients in cluster 1 (n=59). Cluster 2 was also significantly enriched for honeycombing
(p=0.009) as a radiological sign of more severe fibrotic lung remodelling.

Most notably, radiomic clusters did not stratify patients according to classical definitions of ILD severity,
including limited and extensive disease extent as defined by HRCT analysis (HRCT threshold <20% or
⩾20%) or pulmonary function tests (FVC ⩾70% or <70%) [21], respectively. However, significant
associations with both disease classifiers were detected (p=0.002 and p<0.001, respectively).

Furthermore, the clusters did not differ in common SSc clinical, demographic and serological
characteristics, including age, sex, SSc disease duration, active immunomodulatory therapy, extent of skin
involvement, autoantibody profiles or C-reactive protein (CRP) levels [17, 22] (figure 2a and c and
supplementary table S1).

We next assessed whether the patients of the two clusters also differed in their outcome by survival
analysis with the Kaplan–Meier estimator. Consistent with their worse disease phenotype, patients in
cluster 2 showed a higher probability of faster disease progression and a decrease in PFS defined by either
the time to relative decline of ⩾15% in FVC % pred (p=0.001; HR 3.52, 95% CI 1.66–7.45) (figure 2d) or
the time to decline assessed by a recently proposed FVC–diffusing capacity of the lung for carbon
monoxide (DLCO) composite index [22] (p=0.005; HR 2.73, 95% CI 1.36–5.50) (figure 2e). In addition, a
marginal association with time to visual disease progression on HRCT (p=0.102) and overall survival
(p=0.104) was detected, suggesting a higher risk for visual ILD progression and all-cause death for
patients in cluster 2 (figure 2f and g).

Collectively, this exploratory analysis demonstrated that HRCT-based radiomic profiling captured clinical
and prognostic differences in SSc-ILD that were complementary to the information provided by routine
clinical, functional and imaging tests.

A clinically applicable radiomic risk score predicts PFS in SSc-ILD and improves upon existing
stratification parameters
Having found that radiomic features identified prognostically distinct SSc-ILD patient clusters, we next
assessed the clinical applicability of radiomics for outcome prediction.

To that end, we derived a prognostic composite radiomic signature as recently proposed by Lu et al. [10]
for risk stratification in ovarian cancer using the Zurich cohort as a derivation cohort. The resulting
quantitative radiomic risk score for PFS, qRISSc, comprising 26 radiomic features (n=4 intensity, n=9
texture and n=13 wavelet features) (supplementary table S2), accurately stratified patients according to their
risk for future lung decline with an optimal cut-off value of 0.21. In the derivation cohort (Zurich),
high-risk patients had a higher probability of earlier lung function decline than low-risk patients (median
PFS time 48.0 versus 82.30 months) (figure 3a). Most importantly, the final, binary version of qRISSc for
risk stratification was independently confirmed. In the external validation cohort from Oslo,
qRISSc-identified high-risk patients were at significant risk for progression (HR 5.14, 95% CI 14–23.20),
with a median PFS time of 41.7 months compared with 88 months in the low-risk group (p=0.03) (figure 3b).

Similarly to what was previously shown for the two distinct radiomic patient clusters, qRISSc-stratified
high- and low-risk patient groups differed in their clinical characteristics (figure 3c and supplementary
tables S3 and S4). High-risk patients consistently presented with worse lung function parameters and
showed an association with the presence of pulmonary hypertension, the extent of fibrosis on HRCT and
specific visual ILD HRCT patterns, including honeycombing and traction bronchiectasis (figure 3c).

Next, we evaluated whether qRISSc improved upon previously proposed clinical risk factors for SSc-ILD
progression, including age, sex, baseline FVC and DLCO, disease extent on HRCT, radiological subtype,
SSc subtype, autoantibody status and CRP [23–30] in both univariable and multivariable Cox regression
analysis.
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FIGURE 2 Unsupervised k-means clustering of radiomic data from systemic sclerosis-associated interstitial lung disease (SSc-ILD) patients.
a) Heatmap summarising the k-means clustering results (Zurich cohort, n=90). Before clustering, radiomic features were z-scored. Associations
between the two identified radiomic patient clusters with categorical clinical parameters (top) and visual ILD patterns depicted on high-resolution
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The univariable analysis only revealed baseline DLCO apart from qRISSc to be significantly and
consistently associated with PFS among the two study cohorts (figure 4a), yet with significantly weaker
hazard ratios (HR 0.95–0.97; p<0.05) than qRISSc (HR 4.07–5.14; p<0.05) (supplementary table S5).

In multivariable Cox regression analysis of the pooled cohorts, the integration of qRISSc into models
composed of different combinations of the clinically pertinent risk factors for SSc-ILD progression
significantly improved the power of outcome prediction as measured by the C-index (figure 4b and
supplementary figure S2b) compared with the models exclusively composed of the clinical risk factors
(supplementary tables S6–S8). In addition, in multivariable analysis, as in univariate analysis, qRISSc
remained the strongest (HR 3.07–4.23) and often the only significant predictor in the combined models
(figure 4c, supplementary figure S2a and supplementary tables S7 and S8).

Of note, in the pooled study cohorts, qRISSc was shown to be also associated with other clinically used
definitions of ILD progression, including different thresholds of FVC decline (i.e. absolute FVC decline of
⩾10% or ⩾15% or relative FVC decline of ⩾5% or ⩾10%; p<0.05) (supplementary figure S3b–e), the
FVC–DLCO composite index (p<0.001) (supplementary figure S3a–f ), visual ILD progression on HRCT
(p=0.031) (supplementary figure S3b–g) and overall survival (p<0.001) (supplementary figure S3c–h). No
significant association of qRISSc was found with an absolute FVC decline of 5% (p=0.16) (supplementary
figure S3a).

Furthermore, we compared the prognostic performance of qRISSc to a quantitative score only composed of
less complex, first-order densitometric (intensity) features that were used in the past to quantify disease
extent and progression in SSc-ILD [31–34]. While the intensity score was prognostic for future lung
function decline in the derivation cohort (p=0.004), it was not significant in the external validation cohort
(p=0.08), thus showing that the consideration of more abstract radiomic features provides additional
important prognostic information (supplementary figure S4).

The clinical applicability of qRISSc was further confirmed by demonstrating that radiomic features,
including qRISSc features, did not separate patients according to different imaging sites and settings
employed in Zurich versus Oslo (supplementary figure S5 and supplementary table S9) [35].

In summary, our newly derived binary radiomic risk score, qRISSc, accurately predicted PFS and
significantly improved upon conventional risk stratification tools in two independent cohorts of SSc-ILD.

The quantitative radiomic risk score is associated with fibrotic pathway activation on a molecular
level
The added and complementary value of radiomic profiling might ultimately arise from the integrated
in-depth analysis of tissue heterogeneity over the spatial spectrum from the radiological/macroscopic to the
molecular/microscopic level, covering pathological information of the whole organ [36]. Therefore, we
next assessed the association of qRISSc with specific pathophysiological processes to define the biological
underpinning for the stratification into high- and low-risk patients.

Since lung biopsies are only rarely performed in SSc-ILD [3] and consequently imaging-matched human
biosamples were not available, we used a cross-species correlation approach, employing the mouse model
of bleomycin-induced lung fibrosis as a model system for SSc-ILD. For this model, we have recently
confirmed that radiomic signatures largely translate between experimental ILD in bleomycin-treated mice
and ILD in SSc patients [37].

We first compared qRISSc values obtained in mice and our two patient cohorts to ensure that qRISSc
reverse translates from patients to mice. We found a very similar score distribution between all three

both clusters; bottom row: box plots indicating the Borg scale of perceived exertion (scale 0–10: 0=no exertion, 1=very weak, 2=weak, 3=moderate,
5=strong, 7=very strong, 10=extreme exertion) and peripheral oxygen saturation (SpO2

) at the beginning and end of the test per patient cluster.
d–f ) Kaplan–Meier curves for progression-free survival (PFS) defined as either d) time to relative FVC decline ⩾15%, e) time to FVC–DLCO composite
index (relative decrease in FVC % pred of ⩾15%, or a relative decline in FVC % pred of ⩾10% combined with DLCO % pred of ⩾15% according to
[22]) or f ) time to visual ILD progression on HRCT. g) Kaplan–Meier plot for overall survival (OS) defined as time to all-cause death. Hazard ratio
(95% CI) and p-value of the univariate Cox regression are shown. P(A)H: pulmonary (arterial) hypertension; F: female; M: male; NA: not available;
DIP: diffuse interstitial pneumonia; NSIP: nonspecific interstitial pneumonia; UIP: usual interstitial pneumonia; GGO: ground-glass opacification;
TB: traction bronchiectasis.
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datasets, confirming the suitability of this animal model as a pre-clinical “radiomic surrogate” for human
ILD (figure 5a).

We then performed pathway enrichment analysis for significantly qRISSc-correlated proteins (634 out of
5311 identified proteins (11.94%) with ρ⩾|0.3|, p<0.05) derived from whole-lung tissue proteomics to
reveal associations of qRISSc with molecular pathways and processes related to ILD (figure 5d). We
observed that pathways related to fibrosis development, particularly pathways associated with extracellular
matrix (ECM) organisation and formation, were most significantly associated with qRISSc (figure 5f and g).
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FIGURE 3 Quantitative radiomic risk score (qRISSc)-based risk stratification for future lung function decline and associations of qRISSc with clinical
parameters in the derivation and validation cohorts. a, b) Kaplan–Meier curves of the constructed quantitative radiomic interstitial lung disease risk
score (qRISSc) for progression-free survival (PFS) defined as time to relative forced vital capacity (FVC) decline ⩾15% in the a) derivation cohort
from Zurich and b) external validation cohort from Oslo. Hazard ratio (95% CI) and p-value of the univariate Cox regression are shown.
c) Significant associations of qRISSc with clinical parameters in both the derivation (Zurich) cohort and validation (Oslo) cohort. Fisher’s exact test
was used to compare categorical variables and the Mann–Whitney U-test was used to compare numerical variables. DLCO: diffusing capacity of the
lung for carbon monoxide; FEV1: forced expiratory volume in 1 s; PAPsys: systolic pulmonary arterial pressure; CRP: C-reactive protein; P(A)H:
pulmonary (arterial) hypertension; HRCT: high-resolution computed tomography.
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Consistently, the enriched biological processes that significantly correlated with qRISSc were also linked
mainly to pro-fibrotic remodelling processes underlying ILD, including processes related to protein
polymerisation and ECM assembly (figure 5e).
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qRISSc compared with previously proposed clinical risk factors of SSc-ILD progression. b) Bar plot comparing the predictive power (C-index) of the
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for multiple testing using the FDR. Covariates for univariable and multivariable Cox regression were selected based on literature evidence [2] and
expert opinion.
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FIGURE 5 Correlation analysis of the quantitative radiomic risk score (qRISSc) with molecular data in experimental interstitial lung disease (ILD).
a) Score distribution across the three datasets, demonstrating a similar qRISSc distribution between mice of the bleomycin-induced lung fibrosis
model (n=30) and systemic sclerosis-associated ILD (SSc-ILD) patients (Zurich, n=75; Oslo, n=66). b) Representative histological images of
bleomycin-treated mice with low and high qRISSc that were stained for the myofibroblast marker α-smooth muscle actin (α-SMA), the
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1 mm) with higher magnification views (×100 magnification; scale bar: 100 μm) are shown. c) Correlation matrix for qRISSc with histological
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Among the highly and significantly qRISSc-correlated proteins were multiple ECM proteins, such as
collagen 5α1 (CO5A1; ρ=0.48), collagen 7α1 (CO7A1; ρ=0.55), collagen 12α1 (COCA1; ρ=0.46),
collagen 15α1 (COFA1; ρ=0.48), collagen 18α1 (COIA1; ρ=0.47), filamin-C (FLNC; ρ=0.66) and elastin
(ELN; ρ=0.63), as well as proteins required for ECM assembly and cross-linking, including members of
the lysyl oxidase family, such as LOXL1 (ρ=0.56) and LOXL2 (ρ=0.68), or peroxidasin (PXDN; ρ=0.64).
In addition, proteins involved in transforming growth factor (TGF)-β activation, including
latent-TGF-β-binding protein 2 (LTBP2: ρ=0.50) and integrin β6 (ITB6; ρ=0.55), were strongly correlated
with qRISSc (figure 5g).

To complement the proteomic analysis, we additionally performed whole-slide digital histopathological
and gene expression analysis of established fibrotic and inflammatory markers (figure 5b and c) [38–40].
In line with the proteomic data, qRISSc was also significantly correlated with fibrotic markers on a
histological level, with a higher qRISSc value corresponding to a higher fibrosis score (Ashcroft score
[41]; ρ=0.55) and increased expression of α-smooth muscle actin, a marker for activated fibroblasts
(ρ=0.38). Consistently, qRISSc also showed significant association with the expression of fibrotic genes,
including collagen 1α1 (Col1a1; ρ=−0.62), collagen 3α1 (Col3a1; ρ=−0.59) and fibronectin 1 (Fn1; ρ=
−0.65), where a lower change in cycle threshold (ΔCt) value and thus negative correlation indicates higher
gene expression. Most notably, on both the histological and gene level, qRISSc was not correlated with
inflammatory markers, such as the number of CD45+ inflammatory cells in tissue sections, interleukin-6
(Il6) and monocyte chemoattractant protein-1 (Mcp1) mRNA expression (figure 5b and c).

Collectively, this demonstrates that qRISSc specifically reflects the underlying fibrotic remodelling
processes in experimental ILD, and suggests that fibrotic and not inflammatory pathway activation may be
dominant in individuals identified by a high qRISSc score.

Discussion
Herein, we show that radiomics performed on standard-of-care HRCT images provided complementary
clinical, prognostic and pathophysiological information with great potential for risk stratification and
outcome prediction in SSc-ILD.

Radiomic profiles captured ILD-specific differences based on image intensity, texture and wavelet
transformation, and contained prognostic information. Clinical applicability was demonstrated by the
accurate prediction of PFS in the combined SSc-ILD cohorts using a newly derived quantitative, binary
radiomic risk score for SSc-ILD that can be calculated from a patient’s routine HRCT scan. The
integration of qRISSc into models composed of previously suggested risk factors [22–30] significantly
improved the predictive power measured by the C-index. In all analyses, qRISSc was the strongest (HR
3.07–4.23) and often the only significant predictor in the combined models, thereby underlining the added
value of qRISSc.

In both independent study cohorts, “high-risk patients” identified by clustering or risk scoring (qRISSc)
were characterised by a more severe ILD phenotype, more compromised lung function, presence of
pulmonary hypertension and specific visual ILD HRCT patterns, including honeycombing and traction
bronchiectasis, all of which have been discussed as potential risk factors in SSc-ILD [2, 42]. The fact that
we did not observe correlations with other suggested clinical risk factors, e.g. diffuse cutaneous SSc
subset, older age, male sex, anti-topoisomerase 1 positivity [25, 43] or CRP [22], underlines that radiomic
features capture lung-specific information independent of demographic and clinicoserological
characteristics.

The benefit of radiomics might arise from the integrative and in-depth information obtained on whole-lung
pathology, where tissue heterogeneity is reflected on different spatial levels. In radiomic terms, spatial
tissue heterogeneity is best described by texture features, which identify different image patterns by
describing voxel intensities and their spatial arrangement [44]. In our study, most qRISSc features (e.g.
“coarseness”, “cluster tendency” and “sum of variance”) belonged to the class of texture features or of
wavelet transformations thereof. Investigating the added value of qRISSc compared with a radiomic score
composed only of intensity features further showed that inclusion of such more complex features is crucial
for prognostic performance. Our results are in line with previous studies where texture features
outperformed first-order (intensity) features for prognostic purposes [8, 10, 15, 33] and where texture
features were found to stratify patients according to disease severity [45]. In contrast to deep
learning-based models, which require large datasets and represent “black box” approaches without an
underlying biological rationale [46], radiomic features were shown to not only correlate with
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morphological but also with molecular tissue characteristics. This in-depth information provided by
radiomics adds a new dimension to previously developed quantitative image analysis [12–14].

The hypothesis that radiomic features reflect the underlying pathophysiology was supported in our study,
where we used a cross-species approach integrating imaging with molecular data to define the biological
basis of qRISSc. In experimental ILD, a high qRISSc score was closely linked to specific fibrotic
remodelling processes yet did not correlate with inflammation as assessed on a multiscale molecular level.
The fibrotic pathway activation tied in with the worse outcome of the high-risk group of SSc-ILD patients
identified by qRISSc [47]. The ability of radiomic markers to reflect the entire lung pathology is
particularly attractive in a complex multiorgan disease with high molecular heterogeneity such as SSc [48].
The fact that radiomic features, including qRISSc, were reverse translatable from humans to mice
demonstrates that well-characterised and representative animal models could prove valuable to test defined
hypotheses in radiomics research, particularly for studying links with pathophysiology in rare diseases with
low numbers of patients and limited access to biosamples.

Our study has some limitations, which despite the high-quality registry data from two independent,
prospectively followed SSc cohorts from academic expert sites [49] mainly arise from the relatively low
numbers of patients with this orphan disease. Appropriately, we did not impute missing data since the lack
of data could not be assumed random. Furthermore, due to the modest sample size of our derivation
cohort, we lacked the power to assess variable importance (measured by LASSO coefficients) and
therefore assigned equal importance to each feature following a maximum likelihood approach to construct
qRISSc. Notably, despite this fact, we could fit significant multivariable models with good prognostic
power on the combined cohort dataset, demonstrating the clinical applicability of our quantitative radiomic
risk score (qRISSc) and the potential to support clinical decision making by improving upon existing risk
parameters. Future large-scale collaborative studies designed to consider analytical methodologies for
high-dimensional data will allow us to determine feature importance, perform proper weighting of score
features and evaluate further the added predictive value of radiomic signatures. Other limitations arise from
exclusively focusing the analysis on SSc-ILD, which is relatively mild and of different aetiology compared
with many other forms of fibrosing ILDs. Since the severity of ILD of the SSc patients included in our
study was well in line with recently published data from the EUSTAR cohort [23], we consider our
approach to apply to other SSc-ILD cohorts. Whether it applies to more severe forms and different
aetiologies of fibrosing ILD, such as idiopathic pulmonary fibrosis, has yet to be determined.

Concerns about the reproducibility of radiomic features arise from their dependency on image acquisition
and reconstruction methodologies and the intra-/inter-observer variability during image segmentation [50,
51]. In our study, radiomic features, including qRISSc, proved to be very stable against semiautomated
lung segmentation. In addition, no batch effects concerning different CT scanner types, scan and
reconstruction protocols across two inhomogeneous cohorts of patients from independent sites occurred.
This emphasises the translational potential of our results and is a strong argument for the future clinical
application of radiomics. We cannot, however, exclude that the adherence to predefined quality criteria of
the HRCT scan settings to ensure comparability between the two cohorts may have led to a specific
selection bias of patients.

In conclusion, this work highlights radiomic profiling as a noninvasive means to capture SSc-ILD
heterogeneity by decoding clinical and prognostic differences and relaying pathophysiological information.
We provide a clinically applicable quantitative risk score for predicting PFS in SSc-ILD, which improves
upon conventional risk factors. Whether it also allows the prediction of treatment response will be the
subject of future studies.
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