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Abstract 

Objective. Systemic sclerosis-associated interstitial lung disease (SSc-ILD) is a major cause of morbidity and mortality in systemic 
sclerosis patients. High-resolution computed tomography (HRCT) plays a crucial role in SSc-ILD diagnosis and management. In this 
study, we aimed to develop and evaluate a deep learning-based automated segmentation model for quantifying SSc-ILD lesions in 
HRCT images and assess its clinical relevance. 
Methods. We developed a convolutional neural network model to segment normal lung, established fibrosis (EF), and ground-glass 
opacity (GGO) in HRCT scans from 40 SSc-ILD patients. The model was trained and evaluated using 8-fold cross-validation. 
Segmentation performance was assessed using the Dice similarity coefficient (DSC). Correlations between predicted lesion volumes 
and pulmonary function test (PFT) metrics were analyzed using Spearman’s ρ. 
Results. Our model achieved a total lesion (EF+GGO) DSC of 78%. Class-wise segmentation performance was lower for EF (DSC: 
70%) compared to GGO (DSC: 73%). Predicted lesion volumes showed significant negative correlations with forced expiratory vol-
ume in one second (FEV1) (ρ=-0.64, p<0.001) and FEV1/forced vital capacity (ρ=-0.73, p<0.001). We also created the SICCS 
dataset, a public dataset of SSc-ILD HRCT images with expert-annotated segmentation labels. 
Conclusions. Deep learning-based automated segmentation can help quantify SSc-ILD lesions in HRCT images and provide clini-
cally relevant information. The model’s performance is comparable to previous studies, and the predicted lesion volumes correlate 
significantly with PFT metrics. This approach shows promise for aiding in SSc-ILD diagnosis, monitoring, and clinical decision-
making, although further validation with larger datasets is needed.
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Introduction 
Systemic sclerosis (SSc) is a systemic connective tissue disor-

der defined by the development of fibrosis and atrophy in the skin, 
subcutaneous tissue, muscle tissue, and internal organs. SSc prima-
rily affects women, with the usual age of onset ranging from 45 to 
64 years (1, 2). This condition is associated with considerable mor-
bidity and mortality, with pulmonary complications as the primary 
cause of SSc-related case fatalities. Interstitial lung disease due to 
SSc (SSc-ILD), a common pulmonary consequence of SSc, affects 
a significant proportion of SSc patients (70-90%) and is responsi-
ble for the majority of SSc-related deaths (up to 17%) (3, 4). 

SSc-ILD is characterized by inflammation and fibrosis of the 
lung parenchyma, leading to progressive decline in lung function 
and reduced quality of life. The course of the disease displays con-
siderable variation, ranging from subclinical lung involvement to 
major pulmonary disease, respiratory failure, and death. While cer-

tain patients may stay steady for an extended period, others under-
go phases of deterioration succeeded by stability or ongoing pro-
gression (5, 6). 

High-resolution computed tomography (HRCT) of the chest is 
considered the gold standard for detecting SSc-ILD (7), capable of 
detecting pulmonary changes even in patients with no pulmonary 
symptoms and/or normal pulmonary function test (PFT) results (8, 
9). The importance of HRCT in SSc-ILD management extends 
beyond initial diagnosis. HRCT is valuable for disease monitoring, 
determining prognosis, and potentially predicting treatment 
response. The extent of ILD involvement in HRCT has been shown 
to correlate with functional impairment, pulmonary function 
decline, and mortality risk (6, 10). From a radiological perspective, 
the common progression pattern in SSc-ILD is nonspecific intersti-
tial pneumonia, dominated by ground-glass opacity (GGO) pat-
terns, followed by usual interstitial pneumonia, manifesting as 
honeycombing and traction bronchiectasis. Despite these advan-
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tages, radiation exposure remains an ongoing consideration, and 
routine baseline HRCT for SSc patients has not been recommend-
ed by expert groups (4).  

Given the importance of HRCT in SSc-ILD management, 
accurate quantification of disease extent and progression is essen-
tial. Automated segmentation and volume prediction of SSc-ILD 
lesions in HRCT images offer several potential benefits, including 
objective, reproducible measurements of disease extent, allowing 
for more precise monitoring of disease progression and treatment 
response.  

Building on the proven track record of deep learning models 
for medical image segmentation tasks (11-13), we developed an 
automated SSc-ILD lung lesion segmentation model, which, to the 
best of our knowledge, is the first multiclass segmentation model 
available for this task. We also evaluate the relation between the 
lesion volume predicted by our model and routine PFT metrics 
used for monitoring SSc-ILD. Finally, we have also made our 
dataset public under the title of SICCS (SSc-ILD chest CT seg-
mentation) (14), so future research by other teams can also use our 
data, including images and segmentation labels.  

Key messages 
What is already known on this topic: SSc-ILD is a leading cause 

of morbidity and mortality in SSc, and while HRCT is the gold stan-
dard for detecting lung involvement, quantification of fibrosis and 
GGO remains manual, time-consuming, and lacks robust multiclass 
automated methods. What this study adds: we developed and vali-
dated a ConvNext V2-inspired U-Net model, achieving a total Dice 
similarity coefficient (DSC) of 0.78 for established fibrosis (EF) and 
GGO segmentation in SSc-ILD; demonstrated strong inverse corre-
lations between predicted lesion volumes and key PFT metrics 
[forced expiratory volume in one second (FEV1), FEV1/forced vital 
capacity (FVC)]; and released SICCS, the first public multiclass 
SSc-ILD HRCT segmentation dataset. How this study might affect 
research, practice, or policy: our automated, reproducible quantifica-
tion tool has the potential to streamline clinical monitoring and treat-
ment evaluation in SSc-ILD, and the publicly available SICCS 
dataset will catalyze further artificial intelligence-driven research 
and algorithm development in this field. 

 
 

Methods 

Data 
Chest CT images, PFT data, and demographic data were retro-

spectively collected for patients who met the American College of 
Rheumatology/European Alliance of Associations for 
Rheumatology criteria for SSc (15), and were undergoing treat-
ment for SSc at Shariati Hospital, Tehran, Iran, from electronic 
records (data accessed in November 2024). Originally, these were 
recorded during 2019-2023, and all CT images were acquired a 
maximum of 15 days before or after the PFT records. Written 
informed consent regarding anonymized use of data for research 
purposes was acquired from all participants for both hospital data 
and image data. Chest CT images for the study population com-
prised a heterogeneous dataset acquired from multiple imaging 
centers with different resolutions and slice thickness values (0.7-
5mm). While challenging in terms of segmentation performance, 
this is also an advantage since it better reflects actual clinical use 
case scenarios with less-than-ideal data.  

Preprocessing 
Preprocessing for our publicly available data consisted of con-

version from DICOM to NIfTI file format and de-identification of 
all the header data in the files (16). For our model, we resized all 
the images to a resolution of 320×320×40 voxels, z-score normal-
ized each fold of the data (cross-validation schema explained 
below) according to the training data average and standard devia-
tion, resampled all scans to an isotropic spacing of 1 mm3, and per-
formed histogram equalization using the CLAHE algorithm to mit-
igate the effects of data heterogeneity (17, 18).  

Segmentation ground-truth acquisition 
The images were labeled based on consensus from a pulmo-

nologist (MA, the 8th author of this paper) and a radiologist (LA, 
the 9th author of this paper), with at least 7 years of experience in 
using HRCT to manage SSc-ILD. CT images were labeled accord-
ing to the following schema: 0) background; 1) normal lung; 2) EF, 
referring to late-stage radiological signs such as honeycombing; 3) 
GGO. Labeling was performed in 3D Slicer (19), using axial plane 
views and then revised for accurate contours in the coronal and 
sagittal planes. We used the DSC (explained later) as a measure of 
interrater reliability, with an average DSC for the lesions at 84% 
and for the normal lung at 98% when comparing the two label sets 
prepared. Discrepancies were reviewed in joint consensus sessions 
using multi-planar views until agreement was achieved. All anno-
tations followed a standardized protocol based on Fleischner 
Society guidelines for HRCT pattern interpretation, ensuring con-
sistent delineation of GGO and fibrosis regions (20). The final 
label masks were visually inspected by both experts prior to inclu-
sion in the public SICCS dataset. 

Segmentation model 
We used a U-net variant inspired by the ConvNext V2 family 

of models (21, 22). Briefly, our model has a convolutional 
encoder-decoder architecture with skip connections, processing the 
image at four resolutions. We used an input layer with a resolution 
of 320×320×40, halving the dimensions at each level, with the 
lowest size being 40×40×5. Both the encoder and decoder used 1, 
1, 3, and 1 block for stages 1, 2, 3, and 4, respectively. This archi-
tecture was designed to leverage specific techniques from the 
ConvNext architecture, such as Global Response Normalization. 

Training strategy 
We trained and evaluated our model using 8-fold cross-valida-

tion, with a 35-5 split schema. Data augmentation was used to 
address the low sample size, using random intensity scale, random 
Gaussian noise, random contrast adjustment, and random Gaussian 
smoothing with reasonable parameters; this augmentation strategy 
also improves robustness to variations in intensity distributions 
and acquisition noise. To quantify the impact of heterogeneity, we 
performed an exploratory analysis by grouping scans by slice 
thickness (<1 mm vs. ≥1 mm) and confirmed that no significant 
difference in DSC was observed between groups (p>0.05). This 
suggests that our preprocessing and augmentation strategies effec-
tively mitigated scanner-related bias. For optimization, we used 
the Focal Dice loss function, which is a weighted sum of the focal 
loss (23) and the dice loss (24) functions [Eq. 1]: 

 

    
                                                                                            [Eq. 1] 
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We trained all 8 models for a fixed number of epochs (100), 
using a cosine annealing learning rate schedule and the AdamW 
optimizer with AMSGrad (25, 26). Since we solely used cross-val-
idation for our evaluations, we refrained from hyperparameter tun-
ing. Detailed hyperparameter configuration for model training is 
available in Supplementary Table 1. 

 

Statistical analysis 
We used Spearman’s ρ and p-values to assess the relationship 

between predicted lesion volume (% of total lung volume) and 
ground truth lesion volume, FEV1/FVC, and FEV1 (% predicted), 
based on the validation folds of our cross-validation schema. 
Descriptive statistics are reported using percentages (for categori-
cal variables) and mean±standard error values (for continuous 
variables). 

Segmentation performance was evaluated using the DSC for-
mula, which measures the overlap between the predicted and 
ground truth masks [Eq. 2]: 

 

                                       
[Eq. 2]

 
 

where TP, TN, FP, and FN stand for true positive, true negative, 
false positive, and false negative, respectively. 

Software 
All the stages of the analysis for this work were performed 

using the Python programming language (version 3.10), utilizing 
the following libraries: i) PyTorch  v2.1 for model design and 
training (27); ii) MONAI for preprocessing and data augmentation 
(28); iii) Scikit-image for the CLAHE algorithm (29); iv) SciPy 
stats module for statistical analysis (30). 

Patient and public involvement 
No patients or members of the public were involved in the 

design, conduct, choice of outcome measures, recruitment, or dis-
semination plans for this study. 

 
 

Results 
40 SSc-ILD patients were included in the study. The mean age 

was 49.3 years (standard deviation 14.29), and only 10% of the 
study population were male. Average FEV1/FVC ratio was 86.7%, 
and mean FEV1 (% predicted) was 73.2%. More details, demograph-
ic and PFT-related values are available in Supplementary Table 2. 

Robust multi-class segmentation performance 
For segmentation performance, we evaluated our model using 

both DSC and lesion volume prediction accuracy. Across all eight 
cross-validation folds, our model achieved a mean DSC of 78.2% 
for combined lesions (EF+GGO). Class-wise DSC values were 
87.4% for normal lung tissue, 70.1% for EF, and 73.1% for GGO 
(Table 1). We have also provided visual examples in Figure 1. This 
segmentation performance is a key factor for our downstream 
analyses on lesion volume prediction and PFT metrics. 

Accurate lesion volume prediction 
Predicted lesion volumes were highly correlated to ground 

truth volumes (EF, GGO, and aggregated EF+GGO all had 
p<0.001). GGO and EF-GGO had Spearman’s ρ values of 0.97 and 
0.98, respectively; volume prediction for EF alone was compara-
tively less accurate (ρ=0.86). A subject-level assessment of lesion 
volume prediction accuracy is available in Figure 2. 

Lesion volume links to functional lung impairment 
To assess the clinical utility of our model, we correlated total 

lesion burden (volume) with PFT metrics. Higher lesion burden 
was significantly associated with deteriorating lung function: 
Spearman’s ρ values for predicted lesion burden (EF+GGO vol-
ume) vs. FEV1/FVC and FEV1 (% predicted) were -0.64 and -0.73, 
respectively, and both correlations were significant (p<0.001). 
These clinical implications of our model’s predictions are also 
elaborated in Figure 3 and Table 2. 

 
 

Discussion 
In this study, we developed a deep learning model for automat-

ed segmentation of SSc-ILD lesions on HRCT, achieving a mean 
total lesion DSC of 78%, which is higher than the 71-75% reported 
in the only comparable study using deep learning for SSc-ILD seg-
mentation (31). This improvement likely reflects our use of a 
ConvNext-inspired U-Net architecture and extensive data augmen-
tation, both of which enhance generalization to heterogeneous clin-
ical scans. Comparable DSC values have been reported in pul-
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Table 1. Segmentation performance. 

Class                                               DSC                                 ρ (predicted vs. ground truth volume)                                       p 

Normal Lung                                     87.4±2.3%                                                                      -                                                                                 - 
EF                                                     70.1%±4.4%                                                                0.867                                                                        <0.001 
GGO                                                73.1%±4.3%                                                                0.979                                                                        <0.001 
EF+GGO                                           78.2±3.2%                                                                  0.970                                                                        <0.001 
DSC, Dice similarity coefficient; EF, established fibrosis; GGO, ground-glass opacity. DSC values are reported as mean ± standard error values.  

Table 2. Predicted lesion volume vs. pulmonary function test metrics. 

PFT metric                                  ρ (predicted volume vs. metric)                                                                                               p 

FEV1/FVC                                                                    -0.649                                                                                                                                <0.001 
FEV1                                                                             -0.736                                                                                                                                <0.001 
PFT, pulmonary function test; FEV1, forced expiratory volume in one second; FVC, forced vital capacity. 
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Figure 1. Representative high-resolution computed tomography slices with predicted (left) and ground-truth (middle) segmentations, 
showing various extents of lesion volume in the dataset. Purple: normal lung; pink: established fibrosis; orange: ground-glass opacity.

Figure 2. Log-log scatter plot of predicted vs. ground-truth lesion volumes [left: class-wise, right: aggregated established fibrosis (EF) + 
ground-glass opacity (GGO)] across all 40 subjects in cross-validation. The dashed line is the identity line (y = x), indicating ideal corre-
lation. SSc-ILD, systemic sclerosis-associated interstitial lung disease.



monary lesion segmentation studies for other etiologies, such as 
ILD and COVID-19 (32, 33), supporting the robustness of our 
approach. 

Class-wise segmentation performance was not in keeping with 
our initial expectations (better performance in EF segmentation 
compared to GGO). We hypothesize several factors could have 
contributed to this observation, such as the relatively smaller por-
tion of EF available in our dataset (~8% based on volume) com-
pared to GGO (~11%), and also the limitation of the DSC in eval-
uating segmentation performance for structures with irregular con-
tours. Moreover, the EF pattern in CT imaging is inherently hetero-
geneous according to radiology literature (34-36), which further 
complicates the task of developing automated segmentation solu-
tions for this pattern of pulmonary lesions. 

From a clinical standpoint, the relatively lower DSC for EF is 
important to consider because fibrotic changes on HRCT and 
reductions in DLCO are among the earliest and most prognostical-
ly relevant indicators of SSc-ILD progression. In clinical practice, 
EF extent and DLCO decline are often used together to stratify dis-
ease severity and predict outcomes (4). The reduced EF segmenta-
tion accuracy in our model, therefore, suggests that quantitative 
estimates of fibrotic burden should be interpreted cautiously, par-
ticularly for early-stage disease or longitudinal follow-up where 
subtle fibrotic progression is clinically meaningful. Nonetheless, 
the strong correlation between total lesion volume (EF + GGO) 
and pulmonary function parameters (FEV1, FEV1/FVC) indicates 
that our model still captures global structural and functional dete-
rioration effectively. 

Our study also assessed the utility of our predicted lesion vol-
ume in correlating with PFT metrics. In contrast to semantic seg-
mentation, which is underexplored, there are several studies avail-
able in the literature applying quantitative analysis techniques to 
HRCT images aiming to correlate the outputs to PFT metrics (31, 
37-41), including some studies focusing on idiopathic pulmonary 
fibrosis unrelated to SSc-ILD; nevertheless, our findings were con-
gruent with the available evidence, indicating statistically signifi-
cant correlations between HRCT findings and PFT metrics. 

One notable quantitative approach to lung HRCT assessment is 

the quantitative lung fibrosis (QLF) tool (42), which is comparable 
to our approach in the sense that both methods can be corroborated 
against PFT metrics. According to a systematic review in 2025, in 
the context of ILD, QLF findings are also correlated to pulmonary 
functions, with weaker correlations compared to our results (such 
as r=-0.33 for QLF score vs. FVC) (43). Interestingly, one study 
points to possibly distinct pathological processes for GGO and 
QLF findings (which focuses on fibrosis) in the context of SSc-
ILD, as evident in the weak correlation reported by the authors 
(44). More comprehensive studies will be needed to accurately 
compare the various approaches to lung HRCT assessment for 
SSc-ILD.  A final important aspect of our work is our public 
dataset (14), which is beneficial to research efforts focused on SSc-
ILD as a whole. This is evident in the case of well-established pub-
lic segmentation datasets for other tasks, such as glioma segmen-
tation in MRI and ultrasound (45, 46), and pediatric bone age 
regression based on hand radiographs (47). 

Limitations 
There are several limitations in our study, including a small 

sample size (and lack of a proper hold-out test set), which limits 
the robustness and generalizability of our segmentation model. 
Nonetheless, since no hyperparameter tuning was performed in 
this work, cross-validation is equivalent to using several hold-out 
test sets. The heterogeneity of our dataset in terms of imaging char-
acteristics, such as image acquisition device, slice thickness, reso-
lution, etc., is unconventional compared to most other publicly 
available datasets for medical image processing research, but also 
provides an opportunity in terms of dealing with data more similar 
to real-world scenarios, which might not come from a single imag-
ing center. Our options in terms of PFT data were also limited: 
while most of the studies mentioned earlier also used diffusing 
capacity of the lung for carbon monoxide (DLCO), this test was 
only available for 8 of our subjects (out of n=40), and thus we 
decided not to use DLCO in our analysis; DLCO testing is not rou-
tinely available for all patients in our setting, as it requires special-
ized equipment and calibration that are not consistently accessible 
in public-sector hospitals in Iran. One final limitation is our deci-
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Figure 3. Scatter plot of aggregate established fibrosis + ground-glass opacity predicted lesion volume vs. forced expiratory volume in 
one second (FEV1)/forced vital capacity (FVC) (left) and FEV1 (right). The dashed line represents fitted linear regression models to the 
data, for illustration purposes. 
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sion not to utilize other radiologic findings attributed to SSc-ILD 
in HRCT images for our model, such as traction bronchiectasis 
(48). Our focus on GGO and EF as the two main classes of pul-
monary lesions associated with SSc-ILD stemmed from the evi-
dence pointing to more pronounced roles for these two classes of 
lesions in SSc-ILD prognosis (49), and also the smaller prevalence 
of other lesion classes in our data. 

Future work 
In future work, we plan expand upon our preliminary dataset 

with an increased number of subjects, temporal follow-up data, 
and a more comprehensive approach to PFT metrics. In particular, 
larger, multi-center datasets will enable improved evaluation 
schemas with proper test sets and external validation. Moreover, 
with the increasing focus on utilizing multimodal data for medical 
predictive models (50), ultrasound imaging of the lung is another 
direction we aim to pursue. While not yet established in clinical 
practice due to several factors, including lack of established proto-
cols, this modality also has distinct advantages, such as being ion-
izing radiation-free (49, 51); combined with computer-assisted 
quantitative techniques such as automated segmentation, we 
believe multimodal approaches have significant promise in 
improving care standards for SSc-ILD patients. 

 
 

Conclusions 
In this work, we have developed a deep learning model for 

automated HRCT pulmonary lesion segmentation in a population 
of SSc-ILD patients, with performance on par with the current 
state-of-the-art in terms of segmentation and correlation with PFT 
metrics. If integrated into clinical frameworks, our model has 
important uses in automating and streamlining SSc-ILD diagnosis 
and assisting clinical experts with reliable quantitative assessments 
of ILD extent. We have also contributed a publicly available seg-
mentation dataset to the field of SSc-ILD research, which we 
believe can be immensely valuable in future research based on 
how beneficial other datasets have been to research on medical 
image processing. 
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