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ABSTRACT

Objective: To develop and validate a predictive model for post-COVID-19 pulmonary fibrosis (PCPF) by integrating CT radiomics
features with clinical characteristics to facilitate early identification and intervention.

Study Design: An observational study.

Place and Duration of the Study: Department of Radiology, Jiangxi Provincial People’s Hospital, The First Affiliated Hospital of
Nanchang Medical College, Nanchang, China, from December 2022 to January 2023.

Methodology: This study enrolled 223 patients with COVID-19. Chest CT images and clinical data of the participants during their
hospitalisation were collected. Follow-up chest CT scans were performed 3-12 months post-discharge to assess for PCPF. Participants
were randomly divided into a training set (n = 156) and a testing set (n = 67). Using the least absolute shrinkage and selection oper-
ator (LASSO) regression, six optimised radiomic features were identified, and radiomic scores were calculated (Rad-scores). Univariate
and multivariate logistic regression analyses screened clinical features, identifying age, lesion location, length of hospital stay, and
lactate dehydrogenase (LDH) as independent predictors. Subsequently, a radiomic model, a clinical model, and a combined nomo-
gram model incorporating Rad-scores and clinical predictors were constructed.

Results: The combined nomogram demonstrated superior prediction. In the testing set, the areas under the curve (AUC) were 0.833,
outperforming the clinical (AUC = 0.687) and radiomic (AUC = 0.811) models. The DelLong test confirmed that the nomogram signifi-
cantly outperformed the clinical model (p < 0.05). Calibration and decision curve analyses verified the nomogram's excellent fit and

provided substantial clinical net benefit.

Conclusion: The nomogram model based on CT radiomics and clinical features is promising for predicting PCPF.
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INTRODUCTION

By the end of 2019, COVID-19, caused by severe acute respi-
ratory syndrome coronavirus 2 (SARS-CoV-2), had become a
global pandemic. COVID-19 has been demonstrated to cause
post-COVID-19 pulmonary fibrosis (PCPF), significantly impac-
ting the quality of life of affected patients. The pathogenesis of
PCPF can be attributed to several factors.
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First, the rapid replication of SARS-CoV-2, coupled with the
consequent death of epithelial cells, may stimulate alveolar
macrophages to secrete excessive amounts of cytokines (such
as TNF, IL-1B, IL-6, MIP-1, IFN-y, and VEGF). This excessive cyto-
kine release can lead to the phenomenon known as cytokine
storms, which exacerbates pulmonary injury and facilitates the
onset of acute respiratory distress syndrome (ARDS)."” One
recognised sequela of ARDS is PCPF. Second, SARS-CoV-2 may
bind to ACE2 receptors, thereby increasing fibrogenic angio-
tensin 1 and 2 signalling and alveolar TGF-B signalling, which
may stimulate the PCPF pathway.**

As PCPF may cause irreversible lung damage and pulmonary
function loss, early identification and prediction are crucial for
improving the prognosis of COVID-19 by intervening in the PCPF
progression.>® However, conventional imaging examinations
have limitations, including a lag in detection and difficulty
reversing the typical imaging manifestations of PCPF once they
appear.’
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There is an urgent need to develop new medical imaging
analysis methods to fully utilise the in-depth data contained
in medical images for clinical information analysis, enabling
early assessment and prediction of PCPF.

Radiomics, proposed in 2012, is a method that identifies quan-
titative features in medical images using high-throughput
technology to improve the diagnostic and predictive perfor-
mance of medical systems.*® Radiomics is primarily used for
prognosis assessment, non-invasive disease tracking, and
treatment efficacy evaluation.'® Several studies have used CT
radiomics to identify COVID-19 or assess its prognosis, demon-
strating that radiomic models have significant value in
disease diagnosis and prediction.'**? To the best of the
authors’ knowledge, the application of radiomics in predicting
PCPF has not yet been reported. The objective of this study
was to develop and validate a predictive model for PCPF by
integrating CT radiomics features with clinical characteristics
to facilitate early identification and intervention.

METHODOLOGY

This was a retrospective observational study conducted in
the Department of Radiology, Jiangxi Medical College of
Nanchang University, Nanchang, China, from December
2022 to January 2023. Ethical approval was obtained from
the hospital’s Ethical Review Board (Approval No. 2021-026).
Given that this investigation was retrospective, the require-
ment for obtaining informed consent from patients was
waived. A total of 1,376 patients were diagnosed with
COVID-19 in Jiangxi Provincial People's Hospital. The diag-
nostic criteria for COVID-19 were based on the Diagnostic
and Therapeutic Protocol for Novel Coronavirus Pneumonia
(10th Trial Edition) issued by the National Health Commis-
sion.” From these patients, 223 participants were enrolled in
the study. The diagnostic criteria for PCPF were based on the
Fleischner Society definitions and included traction bronchi-
ectasis, grid shadow, and honeycombing.

The study included patients with COVID-19 confirmed by
nasopharyngeal swab RT-PCR. Patients were excluded if they
had initial or prior CT scans demonstrating definite pulmo-
nary fibrosis, or if their CT images were of suboptimal quality
or contained significant artefacts due to poor breath-holding.
Additional exclusion criteria included reinfection or other
pulmonary infections after discharge; chest CT findings
indicative of pulmonary diseases such as tuberculosis, lung
cancer, or pneumoconiosis; incomplete clinical data or the
absence of a chest CT scan performed between 3 months
and 1 year after disease onset.

Clinical data collected from participants included age, gender,
underlying diseases, lesion location, length of hospital stay,
ICU admission, clinical classification, white blood cell (WBC)
count, neutrophil (NEUT#) count, lymphocyte (LYM#) count,
lactate dehydrogenase (LDH) level, D-dimer concentration,
and C-reactive protein (CRP) concentration.

Patients underwent CT examinations in the supine position,
with the head in the first position, and were scanned during
breath-hold. The scanning parameters were 120 kV, 100-250
mAs, a layer thickness of 5 mm, a pitch of 1-1.5, and a matrix
of 512 x 512. No contrast agent enhancement was perfor-
med. All images were reconstructed using high-resolution
and conventional algorithms, with a reconstruction layer
thickness of 1-2 mm.

Based on the initial CT images of COVID-19, the region of
interest (ROI) was manually outlined in the lesion maximal
cross-sections using the DARWIN research platform (Beijing
Yizhun Intelligent Technology Co., LTD., China; https://arxiv.
org/abs/2009.00908). All lesion delineations were performed
in the lung window (width, 1000HU; level, -700HU). The ROI
was drawn along the lesion edge as precisely as possible. A
junior radiologist manually delineated the ROI for all patients,
and a senior radiologist reviewed the delineations. Both physi-
cians independently assessed the CT features, blinded to the
patients' PCPF status, including traction bronchiectasis, grid
shadow, and honeycomb lung, and lesion location (sub-
pleural, diffuse, or centrilobular distribution). In cases of disa-
greement, a consensus was reached after a discussion
between the two physicians.

Radiomic features were automatically extracted from each
ROI using PyRadiomics (https://pyradiomics.readthedocs.io),
resulting in 1032 features per ROI. The feature values were
normalised to the [0, 1] range using min-max normalisation
and subsequently standardised. High-relevance features were
selected utilising the maximum relevance minimum redun-
dancy (mMRMR) algorithm. The least absolute shrinkage and
selection operator (LASSO) was utilised to enhance and opti-
mise the feature set, selecting the most appropriate A value
to retain highly relevant feature subsets while avoiding over-
fitting. This process included five-fold cross-validation. The
final selected features were entered into a support vector
machine (SVM) model to develop the predictive model, and a
radiomics score (Rad-score) was calculated.

Three distinct models were developed: a clinical model, a
radiomic model, and a nomogram model. These models were
constructed utilising independent clinical predictors alongside
Rad-scores. The predictive performance of the models was
assessed by calculating the area under the receiver operating
characteristic curve (AUC-ROC), as well as sensitivity,
specificity, and overall accuracy. The predictive performance
of each model for assessing the risk of PCPF was compared
using the DelLong test. Model calibration was evaluated using
calibration curves and the Hosmer-Lemeshow (H-L) test.
Finally, decision curve analysis (DCA) was performed to deter-
mine the clinical net benefit of each model across a range of
threshold probabilities.

Statistical analyses were conducted using SPSS 24.0 and the
R language (version 4.3.2). Normally distributed data were
expressed as mean = SD, with comparisons made using the
independent t-test.
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Table I: Clinical features of PCPF and non-PCPF in the training set and testing set.

Variables Training set (n = 156) p-values Testing set (n = 67) p-values

non-PCPF PCPF non-PCPF PCPF

(n = 95) (n =61) (n =41) (n = 26)
Age 63.00 (45.00, 75.50) 76.00 (63.00, 83.00) <0.001 60.00 (51.00, 72.00) 70.00 (59.25, 83.75) 0.023
Length of hospital stay 11.00 (8.00, 15.00) 16.00 (10.00, 22.00) <0.001 13.00 (7.00, 16.00) 15.50 (11.25, 19.75) 0.037
Gender, n (%) 0.56 0.187
Female 33 (34.74) 24 (39.34) 14 (34.15) 5(19.23)
Male 62 (65.26) 37 (60.66) 27 (65.85) 21 (80.77)
Basic diseases, n (%) 0.1 0.061
No 84 (88.42) 48 (78.69) 36 (87.80) 18 (69.23)
Yes 11 (11.58) 13 (21.31) 5(12.20) 8(30.77)
Lesion location, n (%) <0.001 0.4
Subpleural distribution 29 (30.53) 12 (19.67) 16 (39.02) 6 (23.08)
Diffuse distribution 9(9.47) 24 (39.34) 5(12.20) 4 (15.38)
Centrilobular distribution 57 (60.00) 25 (40.98) 20 (48.78) 16 (61.54)
Admission to ICU, n (%) 0.442 >0.99
No 90 (94.74%) 55 (90.16) 39 (95.12) 24 (92.31)
Yes 5 (5.26%) 6(9.84) 2(4.88) 2(7.69)
Clinical classification, n (%) 0.004 0.254
Light/medium 75 (78.95) 35(57.38) 32 (78.05) 17 (65.38)
Heavy/critical 20 (21.05) 26 (42.62) 9 (21.95) 9 (34.62)
WBC (x10°/L) 5.51 (4.38, 8.82) 7.10 (4.97, 10.25) 0.062 6.34 (4.15, 9.00) 7.28 (4.14,10.58) 0.629
LYM# (x109/L) 15.60 (6.80, 22.95) 11.00 (5.80, 17.70) 0.027 15.10 (7.60, 23.10) 10.80 (4.72, 18.25) 0.183
NEUT# (x10°/L) 4.07 (2.90, 6.55) 5.71 (3.50, 8.90) 0.032 4.74 (2.90, 7.70) 5.81(2.91, 8.69) 0.52
LDH (IU/L) 234.00 (197.00, 261.00)  268.00 (223.00, 346.00)  0.001 241.00 (195.00, 280.00)  251.00 (193.75, 330.25) 0.396
CRP (mg/L) 34.00 (15.34, 63.00) 38.30 (17.00, 92.00) 0.153 17.70 (7.00, 71.12) 44.60 (13.55, 99.62) 0.098
D-dimer (mg/L) 0.38 (0.23, 0.66) 0.69 (0.40, 1.62) <0.001 0.49 (0.23, 0.87) 0.47 (0.34, 0.59) 0.872

Note: The data are presented as median (interquartile range) or number (%). Underlying diseases included hypertension, diabetes mellitus, coronary artery disease, cerebral
infarction, and a history of tumours; p <0.05 denotes no statistically significant differences. The p-values were determined using the Mann-Whitney U test for non-normally
distributed continuous variables (median [IQR]) and the chi-square test for categorical variables (n, %).

Table II: Univariate and multivariate analyses of clinical features.

Variables Univariate analysis p-values Multivariate analysis p-values
OR (95% CI) OR (95% ClI)

Gender 0.82 (0.42-1.59) 0.56 - -

Age 1.04 (1.02-1.07) p <0.001 1.04 (1.02-1.06) 0.02

Basic diseases 2.07 (0.86-4.98) 0.105 - -

Lesion location - -

Centrilobular distribution 1 - - -

Diffuse distribution 6.44 (2.33-17.86) p <0.001 5.02 (1.6-15.82) 0.003

Subpleural distribution 1.06 (0.47-2.41) 0.889 0.92 (0.36-2.35) 0.639

Length of hospital stay 1.09 (1.03-1.14) 0.001 1.09 (1.04-1.16) 0.001

Admission to the ICU 1.96 (0.57-6.74) 0.284 - -

Clinical classification 2.79 (1.37-5.65) 0.005

WBC 1.08 (1-1.17) 0.065

LYM# 0.96 (0.93-1) 0.028 -

NEUT# 1.09 (1-1.18) 0.045 - -

LDH 1.01 (1-1.01) 0.001 1(1-1.01) 0.126

CRP 1(1-1.01) 0.214 - -

D-dimer 1(0.95-1.04) 0.886

p-values in the univariate analysis were calculated using univariate logistic regression. p-values in the multivariate analysis were derived from multivariate logistic regression using

stepwise selection based on the AIC.

Table IlI: AUC, sensitivity, specificity, and accuracy of different models in the training set and testing set.

Variables AUC (95% CI) Sensitivity Specificity Accuracy
Training set - - - -
Radiomic nomogram 0.891 (0.836~0.945) 0.869 0.832 0.846
Clinical model 0.813 (0.744~0.882) 0.738 0.789 0.769
Radiomic model 0.859 (0.793~0.925) 0.836 0.842 0.840
Testing set - - - -
Radiomic nomogram 0.833 (0.733~0.933) 0.731 0.854 0.810
Clinical model 0.687 (0.557~0.817) 0.462 0.854 0.701
Radiomic model 0.811 (0.697~0.924) 0.654 0.927 0.821

Skewed distribution data were expressed as median (percen-
tile). Categorical variables were presented as absolute
numbers (n) and proportions (%), with comparative analyses
performed using the chi-square test or Fisher's exact test.
Clinical features were analysed using univariate and multi-
variate regression, as well as multivariable stepwise logistic

regression using R software. The variables included in the
univariable logistic regression analysis were selected on the
basis of the available clinical data. The variables that
survived the univariate statistical significance test were
entered into a multivariate logistic regression, with a p-value
of < 0.10 used as the criterion for inclusion.
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Figure 1: ROC curves comparing model performances in (A) the training set and (B) the testing set. The radiomics nomogram (C) was
established based on an independent clinical predictor and the Rad-score.

This threshold ensures that potentially important predictors are
considered in the final multivariable model while reducing the
likelihood of excluding relevant predictors because of adjustment
for other variables. The feature set with the minimum Akaike
information criterion (AIC) was retained. The radiomic, clinical,
and nomogram models were constructed using the filtered vari-
ables and Rad-score. A p-value of <0.05 was considered statisti-
cally significant.

RESULTS

A total of 223 COVID-19 patients were enrolled in the study,
including 136 non-PCPF cases (89 males, 47 females) and
87 PCPF cases (58 males, 29 females). Participants were
randomly assigned in a 7:3 ratio using a random number
generator into a training set (n = 156) and a testing set
(n =67).
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Figure 2: The calibration curve for the radiomic nomogram in (A) the
training set and (B) the testing set. The analysis of decision curves
for various models (C).

Table | summarises the demographic and clinical features of
the participants. Univariate analysis revealed that the PCPF
group was older and had a longer hospital stay, wider lesion

distribution, and a more severe clinical classification in the
training set. Additionally, compared to the non-PCPF group,
the PCPF group exhibited elevated neutrophil count, LDH,
and D-dimer levels, while lymphocyte count did not show a
statistically significant increase.

Six optimised radiomic features were developed using
LASSO regression, and ROC was performed to evaluate the
predictive performance of the radiomic label to assess the
correlation among the six radiomic features. The Rad-score
was calculated based on regression coefficients.

Clinical features and statistically significant differences iden-
tified through univariate analysis were included in a multi-
variate analysis, performed using a stepwise regression
method based on the AIC. The feature set with the minimum
AIC was retained. Ultimately, age, length of hospital stay,
lesion location, and LDH were identified to be independent
risk factors for PCPF. Independent risk factors for PCPF were
confirmed using a two-stage statistical procedure. A univari-
able analysis was first performed to identify variables signifi-
cantly associated with PCPF based on p-values. Statistically
significant variables were subsequently entered into a multi-
variable logistic regression model, with stepwise variable
selection performed according to the AIC. The procedure
involved iteratively adding or removing variables to identify
the model with the lowest AIC, which reflected the best
model with the fewest parameters. Age, length of hospital
stay, lesion location, and LDH remained in the final model
and were identified as independent risk factors, each
contributing significantly to the prediction of PCPF after
adjustment for the other variables (Table II). Clinical predic-
tion models were then established based on these factors.

A nomogram model was constructed using logistic regres-
sion based on age, length of hospital stay, lesion location,
LDH, and Rad-score. Table Ill summarises the sensitivity,
specificity, accuracy, and AUC of different models. Figure 2
A-B illustrates the ROC curves for different models as evalu-
ated on both the training and testing datasets. The nomo-
gram model exhibited the highest AUC values, surpassing
both the clinical and Radiomic models. The results of the
Delong test indicated that the nomogram model provided
significantly improved predictive accuracy compared with
the clinical model in both datasets (p <0.05). However, no
statistically significant difference was found between the
nomogram and the radiomic model (p >0.05).

To enhance the evaluation of these models' efficacy, contin-
uous net reclassification improvement (NRI) and integrated
discrimination improvement (IDI) metrics were employed. In
the training set, NRI demonstrated a 61% improvement in
predictive performance for the nomogram model compared
with the radiomic model (p <0.001), and IDI showed a 5%
improvement (p = 0.01). In the testing set, NRI indicated a
44% improvement in predictive performance for the nomo-
gram model compared to the radiomic model (p = 0.069),

Journal of the College of Physicians and Surgeons Pakistan 2026, Vol. 36(08):1069-1075

1073



Mujuan Wang, Pei Huang, Min Jiang and Bing Fan

and IDI showed an 8% improvement (p = 0.029). Overall, the
nomogram had the best predictive performance. The vari-
ables included in the radiomic nomogram were visualised
using the nomogram (Figure 1C). According to the calibration
curves, the probabilities predicted by the radiomics nomo-
gram showed good agreement with the actual probabilities of
PCPF in both the training and testing cohorts (Figure 2A-B).
The results of the H-L test indicated satisfactory good-
ness-of-fit, with p-values of 0.514 and 0.959 for the training
and testing cohorts, respectively. Furthermore, the DCA
results revealed that both the nomogram and radiomic
models provided greater net benefits within risk thresholds
ranging from 0.13 to 0.75 than the clinical model (Figure 2C).

DISCUSSION

A radiomic nomogram was established by integrating
radiomic features with clinical characteristics to forecast the
likelihood of PCPF. The resulting nomogram exhibited
enhanced predictive accuracy, with AUC values of 0.891 in
the training cohort and 0.833 in the validation cohort,
surpassing the performance of radiomic and clinical models
when utilised independently. This model effectively high-
lighted individuals predisposed to PCPF, facilitating timely
interventions and improving clinical decision-making.

In this study, age, length of hospital stay, lesion location,
and LDH were identified as independent risk factors for
PCPF. The identification of age as a significant risk factor for
COVID-19 and PCPF is in line with extant literature.™ The
extended length of hospital stay observed (16 days vs. 11
days) likely correlates with disease severity; more severe
cases require more prolonged hospitalisations and are more
prone to developing PCPF lesions.” Although the percentage
of diffuse distribution and centrilobular distribution of lesion
location in the PCPF group showed no significant difference
(39.34% vs. 40.98%), univariate analysis revealed that
diffuse distribution was a risk factor for PCPF compared to
centrilobular distribution (OR = 6.44, p <0.001). This
suggests that widespread lesions may stimulate more alve-
olar macrophages to produce cytokines, contributing to
PCPF. Additionally, the higher LDH levels in the PCPF group
(268 mmol/L vs. 234 mmol/L) may be attributed to inflamma-
tion and oxidative stress, which can lead to cellular damage
and enzyme release.”®"

The majority of COVID-19 radiomics studies primarily focus
on predicting short-term outcomes such as mortality or ICU
admission.’®* In contrast, this study addresses the less-ex-
plored challenge of predicting PCPF. The six optimised
radiomic features extracted in this study, including four
texture features, one shape feature, and one first-order
statistical feature, capture comprehensive, visually imper-
ceptible pulmonary changes. This combined radiomic-clinical
model enhances understanding of PCPF progression and
provides a tool for early, individualised prediction, thereby
filling a critical gap in long-term patient management.

This study has several limitations. As a single-centre retrospec-
tive study, it may contain unavoidable selection bias, and the
results require validation through multi-centre, large-sample
studies. Additionally, the criteria for diagnosing PCPF were
based on chest imaging and not confirmed by pathology.”

CONCLUSION

Three predictive models were created utilising CT radiomics
alongside clinical characteristics, and their performance in
predicting PCPF was assessed. The optimised model led to
the construction of a nomogram, which was validated and
demonstrated good calibration and discrimination. This
nomogram provides a potentially reliable tool for the individ-
ualised assessment of PCPF risk, facilitating clinical decision-
making and optimising prevention and treatment strategies.
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