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based radiomics nomogram for predicting
progression-free survival in patients

with small cell lung cancer
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Abstract

Purpose Small cell lung cancer (SCLC) is a highly aggressive form of lung cancer, representing about 15% of cases
worldwide. Despite advances in imaging, such as low-dose CT, which have increased diagnostic rates, survival
outcomes for SCLC patients have remained stagnant. Recent studies have only focused on radiomics, which extracts
detailed quantitative features from imaging, with clinical risk factors to improve prognostic models. Therefore, this
study aimed to develop a clinical-radiomics fusion nomogram based on computed tomography (CT) to estimate
progression-free survival (PFS) in patients diagnosed with SCLC. By integrating radiomics features extracted from CT
with clinical data, this model provides personalized prognostic assessment for clinicians. Its clinical utility lies in aiding
treatment decision-making by offering more accurate prognostic evaluation, optimizing therapeutic strategies, and
identifying high-risk patients at an early stage, ultimately improving overall survival and quality of life.

Methods To develop the nomogram model, 95 patients diagnosed with pathologically confirmed SCLC between
January 1, 2013, and December 31, 2023, were included in the study cohort. Participants were randomly divided into
training and validation cohorts in a 7:3 ratio. Radiomics features associated with PFS were generated using the least
absolute shrinkage and selection operator (LASSO) along with univariate and multivariate analyses. Additionally, in
the training cohort, both univariate and multivariate analyses using Cox regression were conducted to identify the
significant clinical risk factors influencing PFS. The predictive performance of the clinical and clinical-radiomics fusion
nomogram were evaluated using the concordance index, calibration plots, and decision curve analysis (DCA).

Results Five radiomics features were selected and used to calculate the radiomics score (Rad-score). The radiomics
features were significantly associated with PFS (hazard ratio: 0.5765, 95% confidence interval: 0.3641-0.9128, p <0.05).
Three clinical risk factors significantly associated with PFS were identified: neuron-specific enolase (NSE), carbohydrate
antigen 125 levels (CA125), and treatment type, such as surgery. The clinical-radiomics fusion nomogram model

fNan Yang and Zhuang Xuan Ma contributed equally to this work.

*Correspondence:
Liang Jin
jin_liang@fudan.edu.cn
Ming Li
ming_li@fudan.edu.cn

Full list of author information is available at the end of the article

© The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the

licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http:/creati
vecommons.org/licenses/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12880-025-01691-4&domain=pdf&date_stamp=2025-5-5

Yang et al. BMC Medical Imaging (2025) 25:154

Page 2 of 12

in terms of clinical usefulness.
which is useful in providing individualized information.

based on clinical risk factors and the rad-score.

(C-index:0.744) demonstrated superior performance compared to the clinical nomogram model (C-index: 0.718) in
the training cohort. DCA indicated that the clinical-radiomics fusion nomogram outperformed the clinical nomogram

Conclusions A CT-based clinical-radiomics fusion nomogram was developed to predict PFS in patients with SCLC,
Advances in knowledge A clinical-radiomics fusion nomogram was constructed to estimate the probability of PFS

Keywords Radiomics, Nomogram, Small-cell lung cancer, Progression-free survival, Computed tomography

Introduction
Lung cancer, which remains the leading cause of cancer-
related mortality globally and has the highest incidence
among malignant tumors [1, 2]. SCLC is a high-grade
neuroendocrine cancer characterized by low differen-
tiation, rapid proliferation, and early metastasis. Despite
SCLC accounting for approximately 15% of lung can-
cer cases in countries such as the USA, UK, China, and
Korea, the precise global burden of SCLC remains diffi-
cult to estimate due to geographical and ethnic variations
[3]. Currently, SCLC is categorized into limited-stage(LS-
SCLC) and extensive-stage(ES-SCLC) based on widely
used staging criteria [4]. Alarmingly, about 70% o
patients are diagnosed with ES-SCLC at initial presenta-
tion, which is associated with a poor prognosis [5].

Advancements in imaging techniques, particularly
thin-slice CT, have improved the detection rate of SCLC
[1]. However, despite the increased diagnostic accuracy,
survival outcomes for SCLC patients have remained
stagnant [6]. The standard treatment approach for LS-
SCLC involves chemotherapy, along with concurrent
or sequential thoracic or mediastinal radiotherapy [7].
Although SCLC is highly responsive to chemotherapy
and radiotherapy, relapse occurs in a significant propor-
tion of patients within six months of treatment [8]. Plat-
inum-based chemotherapy, specifically the combination
of platinum and etoposide, is widely accepted as the stan-
dard treatment for both LS-SCLC and ES-SCLC [9, 10].
The role of surgical resection in SCLC remains contro-
versial, with only a minority of patients being considered
suitable candidates [11]. More recently, immunotherapy
has emerged as a promising therapeutic option, particu-
larly through the use of immune checkpoint inhibitors
in combination with chemotherapy, which is now the
standard first-line treatment for ES-SCLC [12]. Despite
these advances, the overall prognosis for SCLC remains
poor, with a five-year survival rate of only 20-25% for LS-
SCLC and as low as 2% for ES-SCLC, underscoring the
urgent need for improved prognostic tools and treatment
strategies [13, 14].

Radiomics has gained increasing attention in lung can-
cer research, offering deeper insights into tumor biol-
ogy by enabling early detection, treatment response

monitoring, and outcome prediction [15, 16]. First intro-
duced by Dutch researcher Kumar in 2012, radiomics
remains a widely debated yet promising approach in
medical imaging [17]. Although there is no universally
accepted definition, radiomics broadly refers to the
extraction of high-dimensional, quantitative data from
medical images—often capturing intricate patterns that
are imperceptible to the human eye [18, 19]. By leverag-
ing tumor segmentation, feature extraction, and model
construction, radiomics provides a non-invasive means
of assessing tumor heterogeneity and uncovering patho-
physiological information relevant to prognosis [20].
However, owing to the relatively low incidence of SCLC
among all lung cancer subtypes, studies investigating the
prognostic value of radiomic features in SCLC remain
limited.

A major challenge in SCLC management is predict-
ing which patients will exhibit poor responses to initial
treatment, as chemotherapy resistance inevitably devel-
ops, leading to varying relapse rates among individuals.
To address this, nomograms have become widely used in
oncology for cancer prognosis, offering a user-friendly
tool that translates complex statistical prediction models
into individualized numerical estimates [21]. These esti-
mates, which quantify the probability of events such as
survival or recurrence, help guide clinical decision-mak-
ing, refine risk stratification, and facilitate personalized
treatment strategies [22].

Although nomograms have been developed for predict-
ing survival in various malignancies, limited research has
explored their utility in SCLC prognosis. Therefore, this
study aimed to develop and validate a clinical-radiomics
nomogram incorporating clinical risk factors and a Rad-
score to estimate PFS in patients with SCLC. This model
has the potential to provide a more accurate and individ-
ualized prognostic assessment, ultimately aiding in clini-
cal decision-making and improving patient outcomes.

Materials and methods

Study design and data collection

A total of 538 patients with SCLC who underwent
CT examination at Huadong Hospital from January 1,
2013 to December 31, 2023 were included. Of these, 95
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patients were eventually enrolled based on the inclusion
and exclusion criteria. The inclusion criteria were as fol-
lows: (a) patients with histologically confirmed SCLC, (b)
patients who underwent CT before treatment, and (c)
patients who were followed up at least three times at our
hospital. The exclusion criteria were as follows: (a) past
or present history of other malignant tumors, (b) history
of treatment before baseline CT scan, and (c) incomplete
clinical information. The 95 patients were randomly cate-
gorized into training and validation cohorts in a 7:3 ratio.
The training cohort was used to establish the nomogram.
The flow chart for the study is shown in Fig. 1.

One radiologist (Y.N., two years of experience in tho-
racic radiology) searched picture archiving and commu-
nication systems in Huadong Hospital affiliated to Fudan
University for the following clinical information: age,
sex, NSE, CA199, CA125, carcinoma embryonic antigen
(CEA), neutrophil-to-lymphocyte ratio (NLR), and dif-
ferent treatments. The primary endpoint of the inves-
tigation was PFS, which denotes the duration from the
initiation of clinical treatment to either disease progres-
sion or mortality from any cause among the patients. The
median follow-up period for all patients was 167.5 days,
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with the shortest follow-up being 90 days post-treatment
and the longest extending to 970 days.

CT examination

All CT scans were performed using one of the following
four scanners: GE Discovery CT750 HD (GE Healthcare,
USA), 64-slice LightSpeed VCT (GE Healthcare, USA),
Somatom Definition Flash (Siemens Healthcare, Ger-
many), and Somatom Sensation-16 (Siemens Healthcare,
Germany). The scan parameters were as follows: tube
current was 120-200 mA; tube voltage was 80-120 kV;
scan layer thickness was 1-2 mm; reconstruction algo-
rithm was STND/medium sharp; scan phase was deep
inspiratory phase; and scan body position was supine. We
have indeed implemented several measures in our study
to minimize potential biases arising from scanner differ-
ences, including ensuring all scanners followed a unified
scanning protocol with the same imaging parameters
(such as slice thickness, scanning range, etc.), as well as
image preprocessing and quality control.

538 patients underwent CT confirmed as SCLC between
January 1, 2013 to December 31, 2023

exclusion criteria : (a) past or present history of other

v

malignant tumors, (b) history of treatment before baseline
CT scan, and (c) incomplete clinical information

The 95 patients were randomly categorized into training and testing cohorts in a 7:3 ratio

i
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Fig. 1 Study workflow diagram. Lasso=least absolute shrinkage and selection operator, ROC =receiver operating characteristic curve, DCA=decision

curve analysis
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Tumor segmentation and feature extraction
Three-dimensional (3D) tumor segmentation was per-
formed independently by two radiologists (Y.N., two
years of experience in thoracic radiology; M.Z.X, six
years of experience in thoracic radiology) with more
than two years of experience using the 3D-SLICER soft-
ware (3D Slicer, version 4.13.0; National Institutes of
Health; https://www.slicer.org; accessed on August 7,
2021). Since the initial diagnosis of most patients was
first performed with unenhanced CT chest examination,
the unenhanced CT is more likely to provide the most
original image information of the patient’s lesion. Both
radiologists referred to the CT enhancement examina-
tion and generated 3D tumor segmentation by manually
drawing the volume of interest (VOI) along the tumor
edge layer by layer until the entire tumor was covered in
the unenhanced CT. To investigate the inter- and intra-
observer reproducibility of the radiomics feature extrac-
tion, 30 images were randomly selected from the training
set one month after the outlining was completed, and the
VOI was outlined by one radiologists (Y.N.). Two-way
random-effects models were used to calculate intraclass
correlation coefficients (ICCs) to determine inter- and
intra-observer reliability. Only the radiomics features
with excellent reliability (ICC=>0.75) were considered
robust.
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Radiomic features were extracted using Pyradiomics
(version 3.0.1), and 1,218 radiomics features were
extracted. The main radiomics features were first-order
statistics (18 features); shape statistics (14 features); tex-
ture features including gray-level co-occurrence matrix,
gray-level size zone matrix, gray-level dependence
matrix, gray-level run length matrix (68 features); statis-
tical features derived from texture matrices in Laplacian
of Gaussian filtered domain (1.0-5.0 mm kernels; 430
features); and statistical features derived from texture
matrices in wavelet filtered domains (688 features).

Feature selection and Rad-score calculation

The performance of a predictive model depends on the
amount of useful information. Therefore, to enhance
model stability and prevent overfitting, it is crucial to
remove irrelevant features. Radiomics features from
the training cohort were evaluated using LASSO, uni-
variate and multivariate Cox analyses to determine the
association between each feature and PFS, and features
with p<0.05 were used for rad-score calculation. Five
radiomics features were ultimately selected for rad-score
calculation. The rad-score was calculated for each patient
by weighting the respective coefficients using a linear
combination of the selected features. The radiomics flow
chart of the study is shown in Fig. 2.

/VOI segmentation\

/Nomogram constructiorm

Fig. 2 The radiomics flow chart of the study. (a) VOI segmentation (b) Features selection including lasso Coefficient path diagram, lasso Regression
analysis cross plot, the correlation heatmap (c) nomogram construction including clinical nomogram and clinical-radiomics nomogram (d) nomogram

validation including DCA, calibration curve and ROC
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Construction and validation of the nomogram

For the 12 clinical risk factors, including age, sex, differ-
ent treatment modalities (chemotherapy, radiotherapy,
immunotherapy, and surgery), tumor markers (CEA,
CA199, CA125, cytokeratin 19 fragment, and NSE), and
NLR, univariate and multivariate Cox analyses were per-
formed to test the correlation between each risk factor
and the patient’s PFS, and p<0.05 in the univariate Cox
analyses were included in the development of the clinical
nomogram (Fig. 3a).

A total of 21 statistical features were selected using
LASSO. Then, univariate and multivariate Cox analy-
ses (p<0.05) were carried out to identify the optimized
subset of radiomics features. Eventually, five radiomics
features were selected for rad-score calculation, and a
clinical-radiomics nomogram was developed (Fig. 3b).

a
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In the training cohort, patients were classified into low-
and high-risk groups based on the rad-score, and their
optimal cut-off values were determined and analyzed
using Kaplan-Meier survival analysis with the cut-off
package in R Studio (Fig. 4a). Each model’s performance
in predicting PFS was analyzed based on the area under
the curve (AUC) values for the receiver operating char-
acteristic (ROC) curves in the training and validation
cohorts. ROC curves were plotted for the training and
validation cohorts for 6- and 12-month PFS (Fig. 5). The
performance of the clinical and radiomics-clinical nomo-
grams were analyzed using calibration curves and deci-
sion curve analysis (Figs. 4b and 6). Calibration curves
of the nomogram were used to evaluate the consistency
between actual and predicted survival outcomes. This
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Fig. 3 (a) clinical nomogram (b) clinical-radiomics fusion nomogram
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Fig. 4 (a) Kaplan-Meier progression-free survival (PFS) curves of patients at different risks stratified by the Rad-score in the training cohort. (b) decision
curve analysis for each nomogram in the training cohort. The y-axis measures the net benefit. The clinical-radiomics nomogram (solid blue line) had a

higher net benefit compared with the clinical nomogram (red dotted line)

approach allows for a comparative assessment of PFS and
the accuracy of the developed nomograms.

Statistical analysis

All statistical analyses were performed using R studio
software, version 4.1.0 (https://www.r-project.org/) and
a commercially available software program SPSS 23.0
for Windows (SPSS, Chicago, IL, USA). The packages
in R studio software used in the current study included
“rms;” “survivaly “Hmisc,” “timeROC; “ggplot2, and
“survminer Continuous variables were expressed as
means *standard deviations and compared using the
independent samples t-test or Kruskal-Wallis test. Cat-
egorical variables were expressed as frequencies and ana-
lyzed using the chi-square or Fisher’s exact test. The AUC
for the ROC curve was used to evaluate the predictive
effectiveness of the model. Calibration curves were plot-
ted to assess the accuracy of the nomogram predictions.
Clinical decision curves were utilized to evaluate the
clinical usefulness of the models. Statistical significance
was set at a two-sided p-value of <0.05.

Before analysis, we assessed the missing data. Missing
data were handled using deletion and imputation meth-
ods. For variables with a low missing rate, median impu-
tation was applied for continuous variables, while mode
imputation was used for categorical variables. For vari-
ables with a high missing rate, considering the potential
bias introduced by excessive missing values, they were
excluded from the final analysis.

Result

The clinical characteristics of the 95 enrolled patients are
shown in Table 1. The median age was 68 years (range:
46-83); 11 patients were women (12%) and 84 were men
(88%). There were no statistically significant differences
in the distribution of clinical features between the train-
ing and validation cohorts.

Initially, participants were randomly categorized into
training and validation cohorts. In the training cohort,
univariate and multivariate analyses using Cox regres-
sion were conducted to identify the significant clinical
risk factors influencing PFS. Subsequently, factors with a
significance level of p<0.05 in the univariate Cox analy-
sis were selected to formulate the clinical nomogram,
enabling the prediction of 6-month and 12-month PES in
patients with SCLC. Univariate Cox regression analysis
revealed that surgery, NSE, and CA125 levels were sig-
nificantly associated with PFS in the training cohort (all
p<0.05; Table 2). These features were used to develop a
nomogram.

Thirty patients were randomly selected from the train-
ing cohort and delineated again by Y. N. one month
after the initial analysis. The results of the inter- and
intra-observer Bland-Altman plots showed a high
level of agreement between observers Y. N. The intra-
observer consistency was higher than the inter-observer
consistency.

Twenty-one radiomics features with statistically signifi-
cant differences were selected using LASSO. Univariate
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Fig. 5 The ROC curves for the training and validation cohorts. (a) training cohort for clinical nomogram. (b)validation cohort for clinical nomogram. (c)
training cohort for clinical-radiomics nomogram. (d) validation cohort for clinical-radiomics nomogram

and multivariate Cox analyses (p<0.05) was carried out
to select the optimized subset of radiomics features to
construct the final model. The rad-score was calculated
by summing the selected radiomics features weighted by
their coefficients and constructing a clinical-radiomics
nomogram. The most predictive subset of features was
selected after determining the number of features, and
their corresponding coefficients were evaluated.

A nomogram containing variables independent of clini-
cal risk factors and the rad-score was associated with
PES. A PFES of 6-month or 12-month can be calculated by
summing the points corresponding to the patients’ char-
acteristics. The images are shown in Fig. 3.

Validation of the nomogram

The ROC curve was used to evaluate the model’s perfor-
mance. Radiomic signatures in the training cohort were
significantly associated with PFS (hazard ratio: 0.5765,
95% confidence interval (CI): 0.3641-0.9128, p<0.05).
The clinical nomogram model and clinical-radiomics
nomogram model in the training cohort achieved AUCs
of 0.718 (95% CI: 0.471,0.939), and 0.744 (95% CI: 0.630,
0.795), respectively. The clinical nomogram and clinical-
radiomics nomogram models in the validation cohort
achieved AUCs of 0.715 (95% CI: 0.478, 0.932) and 0.717
(95% CI: 0.485, 0.882), respectively. In both the training
and validation cohorts, the clinical-radiomics nomogram
model performed significantly better than the clinical
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nomogram. (c) 6-month calibration curves for clinical-radiomics nomogram. (d) 12-month calibration curves for clinical-radiomics nomogram

nomogram models. These findings reflect the good diag-
nostic performance of radiomics features in both the
training and validation cohorts.

Calibration and clinical utility of models

The calibration curve for the nomogram showed good
calibration in both training and validation cohorts(Fig. 6).
The decision curve suggested that in both the train-
ing and validation cohorts, the clinical-radiomics
nomogram performed slightly better than the clinical
nomogram(Fig. 4b).

Discussion

This study established a nomogram model that combines
clinical risk factors, and radiomics features to predict
PES in patients with SCLC. It showed the best perfor-
mance in the training and validation cohort. The clinical-
radiomics model outperformed the clinical model in the

training and validation cohort, and the addition of rad-
score information significantly improved the model’s per-
formance. This model can help formulate a scientific and
standardized follow-up strategy and improve the effec-
tiveness of diagnosis and treatment.

This study established and validated a nomogram based
on 95 patients from Huadong Hospital affiliated with
Fudan University. The nomogram was used to predict
the 6-month and 12-month PFS of patients with SCLC
according to three clinical factors—NSE, surgery, and
CA125 — along with the rad-score. More importantly,
the radiomics-clinical nomogram developed in this study
had reliable predictive performance, was significantly
superior to clinical risk factors, and provided effective
support for the implementation of individualized SCLC
information.

Nomograms can be used for the prognostic assessment
of various tumors [23, 24]. Radiomics is widely used in
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Table 1 Clinical characteristics of patient with SCLC in the
training and validation cohorts

Variables Training validation P
cohort(n=72) cohort(n=23) value
Agelyears),  67.31+8.136 64.8 + 6.648 0358
nwxo
Sex (%) 0.531
Female 709.7) 4(17.4)
Male 65(90.3) 19(82.6)
Chemothera- 0.579
py (%)
Yes 64(88.9) 22(95.7)
No 8(11.1) 1(4.3)
Radiotherapy 0311
(%)
Yes 11(15.3) 1(4.3)
No 61(84.7) 22(95.7)
Surgery (%) 0.209
Yes 17(23.6) 2(8.7)
No 55(76.7) 2109.3)
Immuno- 0.841
therapy (%)
Yes 16(22.2) 4(17.4)
No 56(77.8) 19(82.6)
CEA (ng/ml),  3.950(2.625,5.950) 11.400(7.900,19.900) 0990
median(IQR)
NSE (ng/ml),  24.600(13.875,41.600)  73.700(21.300,122.900)  0.001
median(IQR)
NLR, median  2.540(2.103,3.609) 3.165(2.416,3.728) 0.068
CYFRA21—-1 3.270(2.560,4.180) 4.070(2.950,6.200) 0.049
(ng/ml), me-
dian (IQR)
CA125(ng/ 15.600(9.750,25.775) 27.100(13.800,41.700) 0.026
ml),
median(IQR)
CA199(ng/ 10.700(7.300,22.800) 11.400(7.900,19.900) 0.925
ml),
median(IQR)

CEA: Carcinoma embryonic antigen NSE: Neuron specific enolase CYFRA 21— 1:
Cytokeratin fragment 19 CA199: Carbohydrate antigen 199 CA125: Carbohydrate
antigen 125 IQR: Interquartile range

clinical research to extract subtle but clinically relevant
information from imaging data, which can reflect spa-
tial heterogeneity, tumor microenvironment, and gene
expression [25]. However, most studies have focused
on non-SCLC, which has a high incidence and requires
more sophisticated treatment programs, while limited
research has been done on SCLC [26, 27]. Currently, few
studies have been conducted on the use of nomograms
to predict SCLC prognosis. Yaji Yang et al. [28] used age,
histologic typing, tumor size, and stage to establish a
nomogram for predicting 1-, 3-, and 5-year survival rates.
Unlike our study, their study only included clinical infor-
mation about the patients and lesion characteristics. It
did not include the radiomics features of the lesions and
different treatments, thus limiting the application of the
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model. Wang et al. [29] used age, race, sex, staging, and
treatment modalities to incorporate nomogram develop-
ment into a survival analysis. However, the clinical vari-
ables they adopted did not incorporate current emerging
therapies such as immunotherapy, and various tumor
markers. Our advantage lies in the complete application
of clinical variables and radiomics features. It is impor-
tant to assess PFS in patients with SCLC, and we found
that radiomics features were significantly associated with
PES.

The treatment of SCLC has been stagnant for many
years; in recent years, new opportunities have arisen
owing to the initial experience with immunotherapeu-
tic agents. Chemotherapy with etoposide in combina-
tion with platinum is the first-line treatment for SCLC
[12]. However, some studies have shown that immu-
notherapy combined with chemotherapy can prolong
patient survival, including overall survival (OS) and PES.
For instance, the IMpowerl33 [10] enrolled patients
treated with chemotherapy in combination with either
Atezolizumab or a placebo, median OS was significantly
prolonged by 2.0 months in the Atezolizumab combina-
tion group compared with the control group (12.3 vs.
10.3 months, P=0.0154), with median PFS of 5.2 vs. 4.3
months, respectively.

While surgery is a risk-opportunity treatment, it is
often used in patients diagnosed at an early stage. Some
patients experience serious postoperative complications
or even death [30]. Early stage LS-SCLC with lesions lim-
ited to a single lobe and in good condition is more suit-
able for surgical resection, and the 5-year survival rate of
early-stage patients with lobectomy can reach 30~ 58%,
which confirms the irreplaceable status of surgery in the
treatment of early-stage LS-SCLC [31, 32].

The radiomics-based nomogram developed in this
study extracts a large number of high-dimensional,
quantitative features from CT, integrating information
on tumor heterogeneity, morphology, and texture. This
enables personalized recurrence risk assessment and the
formulation of tailored follow-up and treatment plans
for patients. The model holds significant clinical value in
prognostic prediction for SCLC patients.

First, the nomogram provides quantitative and intui-
tive risk scores, allowing clinicians to quickly interpret
and apply the results. By setting specific risk thresholds,
clinicians can determine whether a patient requires
more intensive follow-up or proactive therapeutic inter-
ventions. Second, this model significantly improves the
accuracy and reliability of recurrence risk assessment
compared to traditional clinical and imaging indicators.
By incorporating radiomic features, it captures micro-
level tumor biology that conventional prognostic tools
may overlook, enabling a more refined risk stratification.
Moreover, the nomogram highlights the contribution
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Table 2 Univariate and multivariable Cox regression analyses in training cohort comprising 95 patients with small cell lung cancer

Univariate cox regression

Multivariable cox regression

HR(95%Cl) P value Clinical model Clinical-radiomics model
HR(95%ClI) P value HR(95%(ClI) Pvalue

Age 1.000(0.956-1.046) 0.986 NA NA NA NA
Sex 0.572(0.172-1.906) 0.363 NA NA NA NA
Chemotherapy 0240(0 053-1.096) 0117 NA NA NA NA
Radiotherapy 0. 868( 826) 0.710 NA NA NA NA
Immunotherapy 353(0.676— 2710) 0.394 NA NA NA NA
Surgery 0. 338(0 159-0.717) 0.005 0.408(0.187-0.889) 0.0242 0.520(0.230-1.177) 0.1168
CEA 0. 985(0 961-1.009) 0.208 NA NA NA NA
NSE 005(1.002-1.009) 0.003 1.004(1.000-1.008) 0.051 1.003(0.000-1.008) 0.132
NLR 110(0.780-1.580) 0.561 NA NA NA NA
CA199 008(0.996-1.019) 0.208 NA NA NA NA
CA125 1.016(1.005-1.026) 0.004 1.012(1.000-1.024) 0.039 1.014(1.001-1.026) 0.028
CYFRA 21— 0.977(0.879-1.085) 0.662 NA NA NA NA
Radiomics signature 0.605(0.407-0.899) P<0.001 NA NA 0.577(0.364-0.913) 0.019

HR: Hazard ratio Cl: Confidence interval CEA: Carcinoma embryonic antigen NSE: Neuron specific enolase CYFRA 21 — 1: Cytokeratin fragment 19 CA199: Carbohydrate

antigen 199 CA125: Carbohydrate antigen NLR: Neutrophil-to-lymphocyte ratio

of different features to recurrence time through their
respective weights, offering valuable insights for future
research on the biological mechanisms of SCLC.

Compared to previous studies, this research offers
significant advantages in predicting PFS in SCLC. First,
it innovatively integrates radiomic features with clinical
risk factors, overcoming the limitations of models based
solely on clinical characteristics or radiomics, resulting
in a more comprehensive and accurate predictive model.
Unlike traditional clinical staging systems, the nomogram
developed in this study extracts a large number of high-
dimensional, quantitative features from non-invasive CT,
providing in-depth insights into tumor morphology, tex-
ture, and heterogeneity for personalized recurrence risk
assessment. In terms of clinical applicability, this study
employs a nomogram as an intuitive tool, allowing phy-
sicians to quickly interpret and apply predictive results.
Additionally, the nomogram’s feature weighting analysis
highlights the contribution of different radiomic features
to recurrence timing, providing crucial insights into the
biological mechanisms of SCLC.

However, this study had certian limitations. Although
the nomogram offers a certain level of interpretability
in prediction, its direct application to clinical decision-
making has notable limitations. Firstly, the accuracy of
the radiomics model is highly dependent on the quality
and consistency of the imaging data. Inadequate feature
selection can lead to issues such as model overfitting,
while a small sample size can undermine the model’s
generalizability. In future studies, we plan to use exter-
nal validation sets to further validate the model, ensur-
ing its robustness and effectiveness in clinical practice.
In addition, both the retrospective study design and the
manual lesion mapping were subject to bias. In future
research, we will adopt more innovative technologies to

further enhance the model’s performance. This includes
exploring the integration of deep learning with tradi-
tional radiomics feature extraction, multimodal data, and
optimization algorithms. These approaches aim to more
comprehensively characterize tumor heterogeneity and
improve the accuracy and robustness of the model’s pre-
dictions. To enhance the model’s robustness and gener-
alizability, we plan to collect large-scale, heterogeneous
datasets from multiple centers to validate the model’s
performance and explore its applicability across different
patient populations.

Conclusions

In conclusion, we established a model to predict the
probability of PFS by combining clinical and radiomics
information, which is better than the clinical model and
can predict the probability of PFS more accurately. This
model can provide more information about SCLC and
individualized treatment strategies.

Abbreviations
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