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Background: Rapidly progressive interstitial lung disease (RP-ILD) significantly impacts the prognosis of 
patients with idiopathic inflammatory myopathies (IIM). High-resolution computed tomography (HRCT) 
is a crucial noninvasive technique for evaluating interstitial lung disease (ILD). Utilizing quantitative 
computed tomography (QCT) enables accurate quantification of disease severity and evaluation of prognosis, 
thereby serving as a crucial computer-aided diagnostic method. This study aimed to establish and validate a 
machine learning (ML) model to predict RP-ILD in patients with idiopathic inflammatory myopathy-related 
interstitial lung disease (IIM-ILD) based on QCT and clinical features.
Methods: A total of 514 patients (367 females, median age 54 years) with IIM-ILD in the China-Japan 
Friendship Hospital were retrospectively included, out of which 249 cases (165 females, median age 55 years) 
were identified as having RP-ILD. To extract the quantitative features on HRCT, deep learning (DL) 
methods were employed, along with demographic factors, pulmonary function test results, and blood gas 
analysis results; these factors were integrated into a final prediction model.
Results: Logistic regression was chosen as the final model due to its superior area under the curve (AUC) 
and explainability compared to the other seven ML models. The validation dataset yielded an AUC of 
0.882 [95% confidence interval (CI): 0.797–0.967], indicating that the combined QCT and clinical features 
model outperformed both the QCT-only model and the clinically-only model. In calibration and clinical 
decision curve analysis, the final model demonstrated minimal prediction bias (concordance index: 0.887, 
95% CI: 0.800–0.974, P<0.001) and provided greater net benefit across most thresholds. The nomogram 
encompassed the incorporation of the following variables: subtype, gender, forced expiratory volume in one 
second (FEV1%), diffusing capacity for carbon monoxide (DLCO%), oxygenation index (OI), and quantitative 
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Introduction

Idiopathic inflammatory myopathies (IIM) encompass 
a collection of uncommon systemic disorders prone 
to pulmonary complications, commonly manifested as 
interstitial lung disease (ILD) existing in 20–78% of IIM in 
adult patients (1). Approximately 38–71% of patients with 
IIM-ILD experience the development of rapidly progressive 
interstitial lung disease (RP-ILD) within 3 months after 
the onset of respiratory symptoms (2,3). The mortality rate 
among patients with IIM-ILD is reported to be 70–90% 
among those with RP-ILD (4-6). Chinese adult data have 
demonstrated significant time-dependent variations in RP-
ILD and mortality risk in anti-melanoma differentiation-
associated protein 5 dermatomyositis (MDA5+ DM), 
suggesting that we need to closely monitor the status of 
patients for 6 months after diagnosis, which is the high-
risk time window for poor prognosis, but also the optimal 
time window for aggressive treatment (7-10). Therefore, 
prediction of RP-ILD is important for developing a rational 
treatment plan, improving patient prognosis, and reducing 
mortality (11,12).

High-resolution computed tomography (HRCT) has 
been widely for the assessment of IIM-ILD. According to 
Walsh et al. (13), interobserver agreement for the current 
American Thoracic Society (ATS), European Respiratory 
Society (ERS), Japanese Respiratory Society (JRS), and 
Latin American Thoracic Society (LATS) computed 
tomography (CT) criteria for usual interstitial pneumonia 
(UIP) among thoracic radiologists, regardless of their 
experience, exhibits only a moderate level. The diversity 
remains consistent across patient age and multidisciplinary 
diagnosis, suggesting that variations in perception among 
individuals are independent of their training and experience, 
posing potential challenges for resolution. This presents 
an opportunity for objective and automated methods to 

support clinical decision-making from HRCT. In recent 
years, quantitative computed tomography (QCT) based on 
artificial intelligence (AI) has emerged rapidly, providing a 
potential quantitative evaluation of lung diseases (14,15). 
Initial QCT approaches, for example, visual scores and 
radiomics, have been used to predict adverse outcomes in 
patients with IIM-ILD (16-18). Machine learning (ML) 
models have realized the segmentation and classification of 
ILD lesions (19-29). Danieli et al. (30) established an ML 
prediction model to forecast the prognosis of patients using 
IIM-ILD clinical scores. Nonetheless, combining image 
features and data from multiple sources can improve the 
accuracy of deep learning (DL) algorithms and make the 
model’s diagnostic performance and prediction ability more 
convincing (27,31). However, currently, prediction models 
for RP-ILD in IIM patients with QCT and clinical features 
based on AI have not been developed, therefore, we aimed 
to develop and validate a predictive model of RP-ILD using 
QCT features based on ML to help clinicians to diagnose 
the disease early and provide guidance for clinical decision-
making. We present this article in accordance with the 
TRIPOD+AI reporting checklist (available at https://qims.
amegroups.com/article/view/10.21037/qims-24-595/rc).

Methods 

Study cohort and design

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). The study was 
approved by the Ethics Board of China-Japan Friendship 
Hospital (No. 2017-25) and the requirement for informed 
consent was waived for this retrospective study. This study 
cohort retrospectively included patients diagnosed with 
ILD related to antisynthetase syndrome (ASS) or MDA5+ 
DM between January 2016 and December 2021 in China-

ground-glass opacities (GGOs), consolidation, pulmonary vascular, and branches on HRCT.
Conclusions: When utilizing ML techniques, the baseline QCT has the potential to predict rapid 
progression in patients with IIM-ILD. The prediction performance will be further improved by 
incorporating clinical data alongside HRCT features. 
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Japan Friendship Hospital. IIM-ILD was diagnosed in 
accordance with the criteria for diagnosis and classification 
of interstitial pneumonias through multi-disciplinary 
discussion (1,32,33). The diagnosis of dermatomyositis 
(DM) was based on the Bohan and Peter criteria, and 239th 
European Neuro Muscular Centre International Workshop 
guidelines (34,35). The diagnosis of ASS was confirmed 
through testing for anti-aminoacyl-tRNA synthase (ARS) 
antibodies, accompanied by the presence of at least 1 triad 
finding, which includes myositis, arthritis, and ILD (36). 
Anti-ARS antibody and anti-MDA5 antibody were tested 
using commercially available kits (EUROIMMUN, Lübeck, 
Germany) according to the manufacturer’s instructions. 
The inclusion criteria were as follows: patients with an age  

≥18 years; clinical diagnosis of ASS or MDA5+ DM; 
baseline HRCT before treatment at China-Japan Friendship 
Hospital. The exclusion criteria were as follows: missing 
HRCT or HRCT with poor image quality at the initial 
visit; incomplete pulmonary function tests (PFTs); patients 
who were lost in follow-up. Figure 1 illustrates a flowchart 
outlining the participant selection process.

In this study, the criteria for identifying RP-ILD are 
based on the international consensus modified by the 
ATS declaration regarding idiopathic pulmonary fibrosis 
(IPF) (37,38). RP-ILD is determined when at least 2 of 
the following indicators are present: (I) worsening of 
symptoms, such as exertional dyspnea, (II) physiological 
changes, indicated by a decrease of 10% in vital capacity 

From Jan. 1, 2016 to Dec. 31, 2021 China-Japan 
Friendship Hospital 612 patients with IIM-ILD

32 patients with artifacts

580 patients with HRCT of high quality

66 patients with insufficient clinical 
clues to evaluate RP-ILD status

514 participants with RP-ILD status based on 
HRCT and clinical clues

511 participants admitted to hospital 3 participants with outpatient follow-up

265 participants with non-RP-ILD 249 participants with RP-ILD

193 participants with missing 
pulmonary function test results

321 participants with complete pulmonary 
function test results

51 participants lost blood-gas 
analysis results

270 participants with complete pulmonary function 
test results and blood-gas analysis results

149 participants with non-RP-ILD 121 participants with RP-ILD

Figure 1 Flow diagram of eligibility criteria. IIM-ILD, idiopathic inflammatory myopathy related interstitial lung disease; HRCT, high-
resolution computed tomography; RP-ILD, rapidly progressive interstitial lung disease.
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(VC) or a 1.33 kPa decrease in arterial oxygen pressure 
(PaO2) in patients with IIM-ILD, and (III) increased 
pulmonary opacification on HRCT including ground-glass 
opacities (GGOs), consolidation, reticular pattern (RE), 
and honeycombing (HC) within 3 months of symptom 
onsets (2,3). Meanwhile, chronic IIM-ILD represents the 
non-RP-ILD category, which exhibits a gradual decline in 
the disease after 3 months or remains relatively stable for 
an extended period. Figure 2 shows the progression of the 
patient’s disease and the model building diagram. 

PFTs

Pulmonary function was assessed within 1 week before 
or after HRCT. All  participants underwent PFTs 
(MasterScreen; Vyaire Medical GmbH, Hoechberg, 
Germany) and the collected measurements included the 
percentage of predicted forced vital capacity (FVC%), 
percentage of forced expiratory volume in one second 
(FEV1%), FEV1/FVC%, percentage of predicted total lung 
capacity (TLC%), and percentage of predicted diffusing 

capacity for carbon monoxide (DLCO%). The tests were 
performed according to the standards of ERS/ATS (39,40). 
We derived the PaO2 and arterial carbon dioxide pressure 
(PaCO2) based on a different fraction of inhaled oxygen 
(FiO2) from the blood gas analysis results, utilizing the 
instruments and procedures previously specified (38).

HRCT

All patients underwent HRCT on multi-detector CT 
systems [LightSpeed VCT/64, GE Healthcare (Chicago, 
IL, USA); Aquilion ONE TSX-301C/320, Toshiba (Tokyo, 
Japan); iCT/256, Philips (Amsterdam, Netherlands); 
FLASH Dual Source CT, Siemens (Erlangen, Germany)] 
in a single, breath-hold scan from the supine position. 
Acquisition and reconstruction parameterization was in 
adherence with the prescribed CT criteria, comprising 
tube voltage within the range of 100–120 kV, tube current 
within 100–300 mAs, and slice thickness from 0.625–1 mm. 
Scanning table movement was measured at 39.37 mm/s, 
with a gantry revolution rate of 0.8 seconds. Reconstruction 

IIM IIM-ILD

Model designs for RP-LD prediction

RP-ILD

nonRP-ILD

RP-ILD

nonRP-ILD

RP-ILD

nonRP-ILD

Predict

Predict

Quantitative HRCT

Radiology probabilityAntibodyPulmonary function

Figure 2 The progression of IIM-ILD and the model building diagram. HRCT and clinical features of patients after diagnosis of IIM-
ILD and before disease progression were used to establish predictive models. This figure was created on www.figdraw.com and has been 
authorized for use. IIM, idiopathic inflammatory myopathy; IIM-ILD, idiopathic inflammatory myopathy related interstitial lung disease; 
HRCT, high-resolution computed tomography; RP-ILD, rapidly progressive interstitial lung disease. 
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was carried out progressively with up to 1–1.25 mm slice 
thicknesses.

Quantitative CT analysis 

FACT Medical Imaging System (http://www.dexhin.com) 
approved by Food and Drug Administration (FDA) and 
China Food and Drug Administration (CFDA) were used 
to quantitative analysis on HRCT (41,42). HRCT images 
in Digital Imaging and Communications in Medicine 
(DICOM) format were transferred to a 3-dimensional 
(3D) in-home AI workstation (FACT AI + digitalLung 
V1.0; Shenzhou Dexin Medical Imaging Technology Co., 
Ltd., Shanxi, China), and then lung, pulmonary segment, 
pulmonary vasculature, broncho-vascular structures, 
as well as GGOs and consolidation were automatically 
segmented with a DL-based algorithm. The accuracy of the 
segmentation was confirmed by 2 radiologists, with 9 and 
15 years of respective experience, who were blinded to the 
actual diagnosis of the patients.

The lungs were divided into 3 equal vertical parts (right 
upper, middle, and lower parts, and left upper, and lower 
parts), and the lesion volume was automatically computed 
in each location. The percentage of the lesion based on the 
total lung volume was also derived. Pulmonary vasculature 
was determined automatically using integrated and 
automated techniques similar to previous protocols (43). 
Figure 3 shows the process of QCT analysis.

Establishment and validation of ML models

The first step: In order to identify the features most closely 
related to RP-ILD diagnosis in patients with IIM-ILD for our 
subsequent ML modeling, the least absolute shrinkage and 
selection operator (LASSO) was used to select variables (44).  
We firstly examined the presence of any missing values in 
the entire dataset of all QCT attributes (table available at 
https://cdn.amegroups.cn/static/public/qims-24-595-1.
xlsx). Features with more than 5% missing value were then 
eliminated (table available at https://cdn.amegroups.cn/

Figure 3 Quantitative CT analysis diagram. From left to right, the segmentation of lung lobe, lung interstitial lesions, and pulmonary 
vasculature were observed. CT, computed tomography.

http://www.dexhin.com
https://cdn.amegroups.cn/static/public/qims-24-595-1.xlsx
https://cdn.amegroups.cn/static/public/qims-24-595-1.xlsx
https://cdn.amegroups.cn/static/public/qims-24-595-2.xlsx
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static/public/qims-24-595-2.xlsx). To substitute the missed 
value in the retained QCT features, we applied a mean 
interpolation process. To ensure that the data distribution 
remained consistent before and after interpolation, we 
compared the QCT feature distribution both before and 
after the interpolation (table available at https://cdn.
amegroups.cn/static/public/qims-24-595-3.xlsx). Then, we 
retained all characteristics with a variance that was greater 
than zero (table available at https://cdn.amegroups.cn/static/
public/qims-24-595-4.xlsx). After normalizing the data, a 
LASSO regression model was established in random 70% 
data as a training set, and we calculated the mean squared 
error in the test set (30%) for optimization. The lambda 
parameter was also optimized using a 5-fold cross-validation in 
the training set (Figure S1) and the least mean squared error 
in the test set. We preserved the features of which the LASSO 
coefficients were not eliminated (Table S1).

In order to identify the most explainable ML model 
that predicts the RP-ILD diagnosis based on QCT 
features, 8 ML algorithms including Naïve Bayes (45), 
logistic regression (46), K-Nearest neighbors (47), random  
forests (48), decision trees (49), gradient-boosting trees (50), 
support vector machines (51), and multilayer perceptron 
(specific parameters in the Appendix 1) (52) were used to 
establish the models. For each model, the overall dataset 
was randomly partitioned into training and test sets in a 7:3 
ratio. Next, we trained the models on the training set and 
utilized 5-fold cross-validation with grid search to identify the 
most favorable parameters. Since the test set was not involved 
in the training, we used the test set for further validation.

The third step: With the selected ML model, we 
included both clinical data and QCT features to build the 
final model. We only included cases with complete clinical 
and HRCT information and adopted a 7:3 scheme to 
randomly divide the training and test sets. As both GGOs 
and consolidation on HRCT are often considered related 
to RP-ILD outcomes (53,54) we specified that the model 
must incorporate QCT features related to GGOs and 
consolidation. Similarly, DLCO%, FEV1%, and oxygenation 
index (OI) are clinical indicators known to be related to RP-
ILD. The validation process was the same as that of the 
second step.

Statistical analysis

Our analysis was conducted using R (version 4.2.2; R 
Foundation for Statistical Computing, Vienna, Austria) 
with the default settings. For continuous characteristics, the 

Kolmogorov-Smirnov test was used to test the normality 
of the distribution. T-tests were used to compare variables 
normally distributed, and these data were expressed as the 
mean ± standard deviation (SD). Otherwise, the Mann-
Whitney U test was used, and the data were expressed as the 
median (interquartile range). For categorical characteristics, 
the Chi-squared test or Fisher’s test was used, and these data 
were expressed as counts (%). To evaluate the efficiency and 
performance of the models, we derived confusion matrixes 
to calculate accuracy, sensitivity, specificity, precision, F1 
score, positive predictive value, negative predictive value, 
Jacobian index, net reclassification index (NRI), integrated 
discrimination improvement (IDI), and the area under the 
curve (AUC) for the receiver operating characteristic (ROC) 
curve in the test set. Furthermore, we plotted the ROC for 
each model. For the final model evaluation, we also used the 
accuracy, sensitivity, specificity, precision, F1 score, positive 
predictive value, negative predictive value, Jacobian index, 
and the AUC based on the prediction value generated from 
the logistic regression model. Furthermore, we compared 
the performance differences between the only clinical 
model, the only HRCT model, and the final combined 
model using ROC plot, NRI, and IDI. Additionally, we 
drew calibration curves, nomograms, and clinical decision-
making curves to further evaluate the application potentials 
of the model. A P value <0.05 was considered statistically 
significant.

Results

Clinical characteristics

A total of 514 patients (367 females, median age 54 years) 
were included in this study, of which 249 patients were 
diagnosed with RP-ILD (165 females, median age 55 years). 
The training group consisted of 359 patients, whereas the 
test group consisted of 155 patients (Table S2). The final 
optimized model comprised 270 cases, with 189 patients 
in the training set and 91 patients in the test set (Figure 1). 
There was no evidence of selection bias regarding variables 
between the training and test set in terms of clinical features 
(Table S3). 

Table 1 presents demographic data, antibody profiles, 
results of PFTs, and arterial blood gas analysis. Significant 
differences were observed in antibody profiles, pulmonary 
function, and arterial blood gas analysis between RP-
ILD and non-RP-ILD patients. The proportion of RP-
ILD patients was notably higher in the subgroup of 

https://cdn.amegroups.cn/static/public/qims-24-595-2.xlsx
https://cdn.amegroups.cn/static/public/qims-24-595-3.xlsx
https://cdn.amegroups.cn/static/public/qims-24-595-3.xlsx
https://cdn.amegroups.cn/static/public/qims-24-595-4.xlsx
https://cdn.amegroups.cn/static/public/qims-24-595-4.xlsx
https://cdn.amegroups.cn/static/public/QIMS-24-595-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-24-595-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-24-595-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-24-595-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-24-595-Supplementary.pdf
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Table 1 Characteristics of included patients with idiopathic inflammation myopathy 

Characteristics Overall Non-RP-ILD group RP-ILD group P value

n 514 265 249

Subtype, n (%) <0.001

ASS 357 (69.46) 211 (41.05) 146 (28.40)

MDA5+ DM 157 (30.54) 54 (10.51) 103 (20.04)

Female, n (%) 367 (71.40) 202 (39.30) 165 (32.10) 0.013

Age (years), median (IQR) 54.00 (46.00, 61.00) 54.00 (46.00, 60.00) 55.00 (47.50, 63.00) 0.043

BMI (kg/m2), median (IQR) 24.03 (22.16, 26.23) 23.75 (21.50, 26.25) 24.37 (22.59, 26.19) 0.102

Smoke, n (%) 0.005

Current 9 (5.08) 3 (2.63) 6 (9.52)

Former 10 (5.65) 3 (2.63) 7 (11.11)

Never 158 (89.27) 108 (94.74) 50 (79.37)

Duration of the disease (month), median (IQR) 3.67 (1.37, 14.27) 4.50 (1.17, 17.53) 3.13 (1.38, 11.73) 0.286

VC%, median (IQR) 73.20 (61.23, 85.05) 76.65 (64.775, 89.45) 68.40 (57.10, 79.00) 0.003

FVC%, median (IQR) 74.1 (62.33, 87.18) 77.95 (65.40, 91.08) 69.65 (56.33, 81.55) <0.001

FEV1%, median (IQR) 73.70 (60.33, 82.50) 76.10 (63.10, 86.88) 67.45 (55.925, 79.75) 0.002

FEV1%/FVC%, median (IQR) 80.84 (76.48, 85.058) 80.55 (76.368, 84.86) 81.28 (77.02, 86.15) <0.001

TLC%, median (IQR) 70.40 (59.00, 81.20) 73.3 (62.95, 83.25) 65.35 (54.83, 77.65) 0.002

DLCO%, median (IQR) 57.20 (45.90, 69.60) 61.70 (51.05, 71.65) 50.55 (43.15, 60.28) <0.001

FiO2, median (IQR) 0.21 (0.21, 0.21) 0.21 (0.21, 0.21) 0.21 (0.21, 0.21) 0.53

PaO2 (mmHg), median (IQR) 84.00 (74.80, 93.00) 87.60 (80.00, 95.00) 80.25 (71.43, 91.65) 0.006

PaCO2 (mmHg), median (IQR) 37.10 (34.35, 40.30) 37.90 (35.20, 40.80) 36.45 (33.70, 39.78) <0.001

The time from respiratory symptom onset  
to treatment initiation (month), median (IQR)

0.83 (0.00, 3.12) 0.82 (0.00, 4.04) 0.88 (0.00, 2.36) 0.971

Initial treatment strategy, n (%) <0.001

Glucocorticoid 161 (38.42) 85 (40.09) 76 (36.71)

Glucocorticoid + immunosuppressant (dual) 174 (41.53) 100 (47.17) 74 (35.75)

Glucocorticoid + immunosuppressants  
(triple combination)

10 (2.39) 6 (2.83) 4 (1.93)

Glucocorticoid + immunoglobulin 17 (4.06) 3 (1.42) 14 (6.76)

Glucocorticoid + immunosuppressant(s) + 
immunoglobulin

55 (13.13) 18 (8.49) 37 (17.87)

Glucocorticoid + biologics 2 (0.48) 0 (0.00) 2 (0.97)

Initial antifibrotic therapy, n (%) 26 (6.18) 16 (7.55) 10 (4.78) 0.239

The differences between ASS and MDA5+ DM groups were compared in Table S4. RP-ILD, rapid progressive interstitial lung disease; 
ASS, anti-synthetase syndrome; MDA5+ DM, anti-melanoma differentiation-associated protein 5 dermatomyositis; IQR, interquartile 
range; BMI, body mass index; VC, vital capacity; VC%, the proportion of actual value to the expected value for vital capacity; FVC, forced 
vital capacity; FVC%, the proportion of actual value to the expected value for forced vital capacity; FEV1, forced expiratory volume in the 
first second; FEV1%, the proportion of actual value to the expected value for forced expiratory volume in the first second; FEV1/FVC, the 
proportion of forced expiratory volume in the first second to the forced vital capacity; TLC, total lung capacity; TLC%, the proportion of 
actual value to the expected value for total lung capacity; DLCO, diffusing capacity for carbon monoxide; DLCO%, the proportion of actual 
value to the expected value for diffusing capacity for carbon monoxide; FiO2, fraction of inhaled oxygen; PaO2, arterial oxygen pressure; 
PaCO2, arterial carbon dioxide pressure.  

https://cdn.amegroups.cn/static/public/QIMS-24-595-Supplementary.pdf
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MDA5+ DM. RP-ILD patients demonstrated impaired 
lung ventilation, volume, and diffusion function, as well as 
compromised oxygenation. These trends were consistent in 
both the training set (Table S5) and the test set (Table S6).

QCT feature extraction and selection

After applying LASSO and standard difference filter 
techniques (Figures S1,S2), 14 features of the initial 
972 features from QCT (table available at https://cdn.
amegroups.cn/static/public/qims-24-595-4.xlsx, Tables S1) 
were selected. Table S1 provides specific coefficients for 
these selected features. Importantly, there was no indication 
of selection bias regarding variables in QCT features 
between the training and test sets (Tables S2,S3).

The performance of different ML models

As shown in Table 2, there were no significant differences 
in performance between the logistic regression model and 
the other models including the random forest model; logistic 
regression was more interpretable than the other models (55), 
making it easier for clinicians to understand and calculate 
scores for clinical application. The coefficients in a logistic 
regression model directly reflect the influence of each 
variable (i.e., DLCO%) on the RP-ILD risk, allowing every 
step of the model’s decision-making process to be traced and 
explained. Therefore, we selected logistic regression as the 
final model based on its performance in the test set, which 
yielded an AUC of 0.752 [95% confidence interval (CI): 
0.670–0.834]. This result was obtained by utilizing all 14 
QCT features and employing 5-fold cross-validation (Table 2,  

Figure 4A). Compared to alternative models, logistic 
regression demonstrated superiority (Tables 2,3). Delong’s 
test confirmed that the logistic regression model performed 
better than the decision tree model (Z=2.688, P=0.007), 
whereas its performance was comparable to that of the 
other 6 models (P>0.05). The NRI index also indicated that 
the logistic regression model outperformed the support 
vector machine model (NRI =0.874, Z=5.893, P<0.001) and 
the multilayer perceptron model (NRI =0.246, Z=2.775, 
P=0.006), with the IDI index supporting this trend (IDI 
=0.160, Z=2.101, P=0.036). 

The final model and nomogram for clinical application

Using stepwise logistic model to establish the final model 
based on the minimum Akaike Information Criterion (AIC) 
we included a series of QCT features and clinical factors in 
the final model (Figure 4B) with its standardized coefficients 
and intercept as following formula and the odds ratio of 
each variable in Figure S3:

subtype gender

1

3.01 1.57 0.57
0.02 % 0.01 %
0.49
0.81
0.16
0.71

CO

Score X Y
FEV DL
Pulmonary Vascular Lower Left Lobe Maximum Density
GGOs Left Upper Lobe Volume
Consolidation Right Upper Lobe MEAN Density
Branches Volu

= + ⋅ + ⋅

− ⋅ − ⋅
− ⋅
+ ⋅
+ ⋅
+ ⋅ 0.01me OI− ⋅

	 [1]

where Xsubtype represents ASS=0, MDA5+ DM=1, Ygender 
represents female =0, male =1. 

The “pulmonary vascular lower left lobe maximum 
density” refers to the maximum density of the pulmonary 
vessels in the lower left lobe (Hounsfield units; HU). The 
“GGOs” can be either localized or diffuse, with a hazy 

Table 2 Performance of eight machine learning models predicting RP-ILD in the same test dataset (n=155)

Model Sensitivity Specificity Accuracy
Positive 

prediction
Negative 
prediction

Jacobian Precision F1 score AUC (95% CI)

Naïve Bayes 0.716 0.693 0.703 0.640 0.763 0.410 0.640 0.710 0.722 (0.638–0.807)

Logistic regression 0.567 0.875 0.742 0.776 0.726 0.442 0.776 0.643 0.752 (0.670–0.834)

K-nearest neighbor 0.821 0.591 0.690 0.604 0.813 0.412 0.604 0.750 0.749 (0.669–0.828)

Random forest 0.567 0.864 0.735 0.760 0.724 0.431 0.760 0.640 0.752 (0.671–0.833)

Decision tree 0.776 0.511 0.626 0.547 0.750 0.287 0.547 0.693 0.639 (0.564–0.713)

Gradient boosting tree 0.612 0.739 0.684 0.641 0.714 0.351 0.641 0.646 0.695 (0.609–0.780)

Support vector machine 0.716 0.716 0.716 0.658 0.768 0.432 0.658 0.716 0.742 (0.660–0.824)

Multilayer perceptron 0.299 0.898 0.639 0.690 0.627 0.196 0.690 0.407 0.562 (0.467–0.657)

RP-ILD, rapid progressive interstitial lung disease; AUC, area under the curve; CI, confidence interval.

https://cdn.amegroups.cn/static/public/QIMS-24-595-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-24-595-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-24-595-Supplementary.pdf
https://cdn.amegroups.cn/static/public/qims-24-595-4.xlsx
https://cdn.amegroups.cn/static/public/qims-24-595-4.xlsx
https://cdn.amegroups.cn/static/public/QIMS-24-595-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-24-595-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-24-595-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-24-595-Supplementary.pdf
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Figure 4 Performance of a series of models for predicting RP-ILD. (A) ROC of eight machine learning models; (B) ROC of logistic 
regression; (C-E) calibration curve of logistic regression; (F) clinical decision curve of logistic regression; (G) prognostic nomogram. TPR, 
true positive rate; AUC, area under the ROC curve; KNN, k-nearest neighbor; SVM, support vector machine; MLP, multilayer perceptron; 
FPR, false positive rate; HRCT, high-resolution computed tomography; ASS, antisynthetase syndrome; MDA5, melanoma differentiation-
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disease; ROC, receiver operating characteristic.
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Table 3 Delong test, NRI, and IDI results of eight machine learning models based on the same test dataset (n=155)  

Model1 Model2 Z for Delong P for Delong NRI Z for NRI P for NRI IDI Z for IDI P for IDI

Naive Bayes Logistic regression −0.751 0.453 −0.033 −0.467 0.640 −0.057 −0.816 0.415

Naive Bayes K-nearest neighbor −0.777 0.437 −0.002 −0.034 0.973 −0.007 −0.114 0.909

Naive Bayes Random forest −0.386 0.699 −0.021 −0.316 0.752 −0.044 −0.658 0.511

Naive Bayes Decision tree 2.114 0.035 0.122 1.606 0.108 0.079 1.203 0.229

Naive Bayes Gradient boosting tree 0.800 0.424 0.059 0.789 0.430 0.040 0.594 0.553

Naive Bayes Support vector machine −0.675 0.500 0.842 5.496 <0.001 −0.019 −0.318 0.750

Naive Bayes Multilayer perceptron 0.911 0.362 0.213 2.244 0.025 0.103 1.505 0.132

Logistic regression K-nearest neighbor −0.108 0.914 0.030 0.346 0.729 0.050 0.663 0.507

Logistic regression Random forest 0.507 0.612 0.011 0.200 0.841 0.014 0.211 0.833

Logistic regression Decision tree 2.688 0.007 0.155 1.666 0.096 0.136 1.832 0.067

Logistic regression Gradient boosting tree 1.601 0.109 0.092 1.282 0.200 0.098 1.395 0.163

Logistic regression Support vector machine 0.162 0.871 0.874 5.893 <0.001 0.038 0.559 0.576

Logistic regression Multilayer perceptron 1.444 0.149 0.246 2.775 0.006 0.160 2.101 0.036

K-nearest neighbor Random forest 0.606 0.545 −0.019 −0.225 0.822 −0.037 −0.503 0.615

K-nearest neighbor Decision tree 2.944 0.003 0.124 1.842 0.065 0.086 1.377 0.169

K-nearest neighbor Gradient boosting tree 1.583 0.113 0.061 0.766 0.444 0.047 0.694 0.488

K-nearest neighbor Support vector machine 0.260 0.795 0.844 5.559 <0.001 −0.012 −0.197 0.844

K-nearest neighbor Multilayer perceptron 1.755 0.079 0.216 2.033 0.042 0.110 1.579 0.114

Random forest Decision tree 2.756 0.006 0.143 1.548 0.122 0.123 1.680 0.093

Random forest Gradient boosting tree 1.628 0.104 0.080 1.121 0.262 0.084 1.206 0.228

Random forest Support vector machine −0.425 0.671 0.863 5.802 <0.001 0.024 0.359 0.720

Random forest Multilayer perceptron 1.148 0.251 0.235 2.673 0.008 0.146 1.952 0.051

Decision tree Gradient boosting tree −1.388 0.165 −0.063 −0.708 0.479 −0.039 −0.583 0.560

Decision tree Support vector machine −2.696 0.007 0.720 4.981 <0.001 −0.099 −1.516 0.130

Decision tree Multilayer perceptron −0.946 0.344 0.091 0.829 0.407 0.023 0.357 0.721

Gradient boosting tree Support vector machine −1.554 0.120 0.783 5.338 <0.001 −0.060 −0.910 0.363

Gradient boosting tree Multilayer perceptron 0.249 0.804 0.154 1.525 0.127 0.062 0.872 0.383

Support vector machine Multilayer perceptron 1.458 0.145 −0.629 −4.759 <0.001 0.122 1.748 0.080

NRI, net reclassification improvement; IDI, integrated discrimination improvement.

appearance resembling ground glass, despite this opacity, 
the internal blood vessels and bronchus remain visible, the 
“GGOs left upper lobe volume” refers to the volume of the 
GGOs in the left upper lobe (mL). The density of lesion 
was higher in “consolidation”, and the lung texture in the 
lesion area was covered, the “consolidation right upper lobe 
mean density” refers to the mean density of the consolidation 

in the right upper lobe (HU). The “branches volume” refers 
to the volume of the bronchus in the whole lung (mL).

For the final model that included clinical information 
(Tables 4,5, Figure 4B), the test set had an AUC of 0.882 
(95% CI: 0.797–0.967), which was superior to both the 
HRCT-based model (AUC: 0.658, 95% CI: 0.536–0.781) 
and the clinic model (AUC: 0.797, 95% CI: 0.698–0.896). 
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Delong’s test verified that the integrated model was better 
than HRCT (Z=3.225, P=0.001) or clinic models (Z=2.241, 
P=0.025). NRI and IDI indexes provided identical evidence 
for this result from AUC and Delong’s test. The NRI 
indexes for the final model versus the only QCT model 
and the final model versus the only clinical model were 
0.384 (Z=3.171, P=0.002) and 0.212 (Z=2.090, P=0.037), 
respectively. Similarly, the IDI indexes were 0.380 (Z=3.234, 
P=0.001) and 0.252 (Z=2.200, P=0.028) for the final model 
compared with the only QCT model and the only clinical 
model, respectively. In calibration and clinical decision curve 
analysis, the final model was documented as having high 
prediction performance (concordance index: 0.887, 95% CI: 
0.800–0.974, P<0.001) and more net benefit than only HRCT 
or clinical models using most thresholds (Figure 4C-4F,  
table available at https://cdn.amegroups.cn/static/public/
qims-24-595-5.xlsx).

To use this final model, we need to obtain the subtype 
of IIM, gender, FEV1%, DLCO%, and OI of a specific 
patient with their scaled QCT features. To intuitively 
deduce the computational process of the ML model, the 
subtype, gender, FEV1%, DLCO%, OI, and QCT features 
including pulmonary vascular, GGOs, consolidation, and 
branches volume were incorporated into the nomogram 
construction (Figure 4G). We could gain a score from the 
provided formula, or the nomogram presented in Figure 4G 
to predict the probability of RP-ILD. Generally, the higher 
score calculated from the final model was associated with a 

larger probability for RP-ILD.
Here is an example for the nomogram. When a 

female patient is admitted to hospital, lab tests confirmed 
that anti-MDA5 antibody is positive and PFTs showed 
decreased FEV1% (56.0%) with impaired DLCO% (45.0%) 
but relatively normal OI (373.8), Using the commercial 
platform mentioned before and normalization, the max 
density of the pulmonary vascular in the left lobe is −0.17, 
the GGOs volume in the left upper lobe is −0.03, the 
consolidation density in the right upper lobe is 0.57, and 
the branches volume is −0.25. With the nomogram, we can 
obtain a predicting point (about 120) and corresponding 
RP-ILD risk (80%) by summing each point derived from 
the variables above. In reality, this patient was confirmed as 
RP-ILD within 3 months. 

Discussion

Early prediction of RP-ILD is of great significance for 
reducing adverse prognosis and better weighing the benefits 
and risks of treatment. In this study, we firstly developed 
a logistic regression model to predict RP in patients with 
IIM-ILD predicated upon QCT and clinical features. Our 
research showed that pulmonary vasculature, pulmonary 
segmental volume, broncho-vascular structures, GGOs, 
and consolidation image features could predict RP-ILD at 
an early stage, which was consistent with previous research 
(7,56-58). 

Table 4 Performance of final models predicting RP-ILD in the same test dataset (n=80) 

Model Sensitivity Specificity Accuracy
Positive 

prediction
Negative 
prediction

Jacobian Precision F1 score AUC (95% CI)

All 0.750 0.955 0.863 0.931 0.824 0.705 0.931 0.802 0.882 (0.797–0.967)

HRCT 0.389 0.932 0.688 0.824 0.651 0.321 0.824 0.497 0.658 (0.536–0.781)

Clinic 0.583 0.909 0.763 0.840 0.727 0.492 0.840 0.661 0.797 (0.698–0.896)

RP-ILD, rapid progressive interstitial lung disease; AUC, area under the receiver operating characteristic curve; CI, confidence interval; 
HRCT, high-resolution computed tomography.

Table 5 Delong test, NRI, and IDI results of final models based on the same test dataset (n=80)  

Model1 Model2 Z for Delong P for Delong NRI Z for NRI P for NRI IDI Z for IDI P for IDI

All HRCT 3.225 0.001 0.384 3.171 0.002 0.380 3.234 0.001

All Clinic 2.241 0.025 0.212 2.090 0.037 0.252 2.200 0.028

HRCT Clinic 1.549 0.122 −0.172 −1.124 0.261 −0.127 −0.988 0.323

NRI, net reclassification improvement; IDI, integrated discrimination improvement; HRCT, high-resolution computed tomography.

https://cdn.amegroups.cn/static/public/qims-24-595-5.xlsx
https://cdn.amegroups.cn/static/public/qims-24-595-5.xlsx
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Previous studies have shown that vascular-related 
structures (VRS) are the most significant independent 
predictor of mortality in various connective tissue disease-
related interstitial lung diseases (CTD-ILD) (59-61). 
Neovascularization, fine perivascular pulmonary fibrosis, 
and pulmonary hypertension in ILD may contribute to the 
increased pulmonary vascular-related structures volume (62). 
It has also been suggested that abnormal angiogenesis may 
be one of the initiating factors of ILD by triggering fibrotic 
repair in the lung. The existing literature has demonstrated 
a causal pathophysiological mechanism between pulmonary 
interstitial fibrosis and pulmonary vessels (62-68).

Diffuse multiple GGOs and consolidation can be seen in 
RP-ILD, often distributed around the vessels of the inferior 
lobular bronchi (8,69). Superimposed GGOs or frank 
consolidations may be observed during acute presentations 
or exacerbations of pre-existing disease (9,10,70,71). 
Based on QCT, Xu et al. discovered a significant association 
between GGOs and consolidation with 6-month mortality in 
MDA5+ DM patients (18). Ungprasert et al. discovered that 
there were notable inverse associations between GGOs and 
DLCO as well as TLC when using CALIPER software (72). 
This suggested that the GGOs on HRCT could be linked 
to restricted ventilation function and diffusion function in 
patients.

With the development of AI in the field of medical 
imaging, DL algorithms can now be used to automatically 
identify and segment various structures and abnormalities 
in CT. By analyzing a large number of medical image data 
with AI, we can discover many features that are difficult 
to be identified by the naked eye or directly evaluated by 
clinicians. The lungs are partitioned into small subregions, 
often represented as voxels, which enable the identification 
of diagnostic patterns within these regions. However, there 
are some differences between this voxel-based analysis and 
the clinician’s evaluation method for CT, which makes our 
results seem uninterpretable from a clinical perspective. 
Therefore, on the basis of fully exploring a large number 
of quantitative CT parameters, we further included clinical 
features to establish a comprehensive and objective prediction 
model. 

The PFTs of patients with IIM-ILD was mainly 
manifested as ventilation dysfunction and decreased 
diffusion function (8,73,74), and our study found that 
FEV1% became a predictor of RP-ILD. Baseline data 
indicated that most individuals did not have an obstructive 
FEV1/FVC ratio, so the reduced FEV1% may simply be 
a consequence of restriction. Wells et al. (75) presented 

their composite physiologic index (CPI) as a tool to assess 
the morphologic extent of pulmonary fibrosis in IPF 
on CT scans. CPI has emerged as a robust prognostic 
indicator for mortality, incorporating FEV1 as well. FVC 
has been a well-known important predictor, but it was not 
selected according to our modeling process. Adding FVC 
into the model will not improve the predictive accuracy. 
Arterial blood gas analysis is a good indicator to reflect the 
physiological condition of the lung, which can complement 
PFTs, and is especially suitable for the assessment of the 
physiological condition of the lung in patients who are 
aggravated by the disease and cannot cooperate with PFTs. 

The latest research has demonstrated that individuals 
diagnosed with MDA5+ DM have poor responses to 
treatment and poor prognosis (74,76). The incidence of 
ILD in patients with MDA5+ DM was as high as more than 
90% (76), and it was prone to RP-ILD. Nakashima et al. (77) 
found that 46% of MDA5+ DM patients died of respiratory 
failure within 6 months of symptom onset. Patients with 
MDA5+ DM associated with RP-ILD exhibited poor 
responses to combined glucocorticoid-immunosuppressive 
therapy and a high mortality rate (78,79). 

To our best knowledge, this was the first ML model with 
nomograms to explore the diagnosis of RP-ILD in patients 
with ASS and MDA5+ DM. Previous investigations have 
found that ML prediction models for IIM disease diagnosis, 
treatment response, and complications can be established 
based on clinical manifestations and features (80-83); they 
can also classify IIM by identifying the relationship between 
different clinical features and clinical subtypes (83-85). 
However, no studies have established a predictive model 
for IIM-ILD from the radiological perspective, and most 
previous studies have ignored the feasibility of applying the 
model to clinical practice. We quantified the image lesions 
employing the QCT technique, combined the interpretive 
ML model with a nomogram, adequately revealed the 
underlying correlation between features and disease 
behavior, and established a comprehensive evaluation 
model that can be applied to clinical practice. Compared 
with previous studies, our nomogram was established based 
on a larger patient population, including demographic, 
physiological, antibody, and imaging information, which 
is suitable for patients with ASS and MDA5+ DM. These 
advantages provide a novel insight into RP-ILD among 
patients with ASS or MDA5+ DM.

Despite these advantages, our study is subject to certain 
limitations. First, the overall disease activity of IIM in 
clinical practice is mainly assessed using the Disease Activity 

https://pubmed.ncbi.nlm.nih.gov/?term=Ungprasert+P&cauthor_id=28688028
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Score (DAS scale (86), which is primarily used to evaluate 
muscle and skin involvement, and the Myositis Disease 
Activity Assessment Tool (MDAAT) scale is mainly used 
to assess involvement of organs other than muscles (87).  
There is currently no separate evaluation system for 
IIM-ILD. In terms of ILD prognosis assessment, most 
focus has been on IPF, such as the previously mentioned 
CPI (75), but it is similar to the gender-age-physiology 
(GAP) models (31) and mainly focuses on lung function. 
Therefore, there is currently no comparable gold standard 
scoring system in this field. Second, our study focused on 
the evaluation of IIM-ILD, disease activity, the severity 
of the affected organs, and additional risk factors such as 
hypolymphocytemia, elevated ferritin, KL-6, and C-reactive 
protein, were not included in our study; the overall state of 
the IIM is not fully presented. Third, our study primarily 
focused on IIM-ILD images, so the patients we included 
were predominantly subtypes closely associated with ILD. 
In addition to ASS and MDA5+ DM, other types of DM, 
immune-mediated necrotizing myopathy (IMNM), and 
isolated Ro52 antibody-positive IIM were also significantly 
linked to ILD. However, due to limited numbers (ranging 
from 0 to single digits) identified through retrospective 
screening in other clinical subtypes with ILD, potential bias 
could arise easily; hence they were not included. Fourth, 
patients with incomplete outcome data or clinical details 
were not included in our study, which may have led to 
selection bias and cannot adequately represent the severe 
cases. Also, we only included inpatients to train the final 
model, so whether the model is applicable to the outpatients 
remains to be studied. Last but not the least, the size of the 
sample of the internal test cohort in our single-center study 
is limited, thus the model necessitates further validation 
through larger multi-center studies and external patient 
cohorts.

Conclusions

The baseline QCT features based on the DL algorithm can 
predict rapid progression in patients with IIM-ILD. The 
logistic regression model built with the combined clinical 
and QCT features is superior to the only clinical model or 
only HRCT features model.
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