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Purpose: Small cell lung cancer (SCLC) is an aggressive malignancy with poor survival. Existing prognostic models provide limited 
patient-level risk stratification and often overlook accessible clinical and imaging data. There remains a need for refined tools to 
support individualized prognostication in SCLC.
Patients and Methods: We retrospectively analyzed 149 SCLC patients diagnosed between 2010 and 2014, representing a pre- 
immunotherapy era cohort. Demographics, CT scans, and treatment details were reviewed. Emphysema burden was quantified using an 
AI-based automated tool that segmented the lungs and calculated the percentage of low-attenuation areas (< −950 Hounsfield Units). 
Multivariate Cox regression identified predictors for overall survival (OS), informing nomogram construction. Performance was 
measured by Harrell’s C-index and calibration plots. Validation included bootstrap resampling and a 3:1 data split. Decision curve 
analysis (DCA) evaluated clinical utility.
Results: Age, emphysema, and treatment modality were independently associated with OS. The nomogram demonstrated excellent 
discrimination (C-index = 0.807; 95% confidence interval [CI], 0.771–0.843) and good calibration for 1- and 3-year survival. Internal 
validity was high, with a bootstrap-adjusted C-index of 0.805 (95% CI, 0.779–0.845), and performance remained robust in the 
validation subset (C-index = 0.740; 95% CI, 0.668–0.812). Stratification by nomogram-derived risk quartiles significantly differen
tiated survival (log-rank p < 0.001). DCA demonstrated superior net clinical benefit compared to treat-all or treat-none strategies 
across clinically relevant thresholds.
Conclusion: This validated nomogram, based on three readily available variables, provides accurate survival predictions for patients 
with SCLC. It may assist clinicians in refining treatment strategies and enhancing shared decision-making. External validation is 
warranted.
Keywords: cox proportional hazards models, calibration, decision support techniques, risk assessment, survival analysis

Introduction
Small cell lung cancer (SCLC) represents a distinct subtype of lung cancer characterized by rapid cellular proliferation, 
early metastasis, and high initial responsiveness to chemotherapy and radiation therapy.1–4 Despite this sensitivity, 
disease progression is frequent and overall prognosis remains poor.3–7 SCLC, which comprises approximately 15% of 
all lung cancers worldwide, is closely associated with cigarette smoking.1,2,7

Although disease stage and performance status are well-established prognostic factors,8,9 emerging evidence suggests 
that additional comorbidities, particularly chronic obstructive pulmonary disease (COPD) and computed tomography 
(CT)-detected emphysema, have important implications for survival outcomes.10–12 Emphysema, marked by alveolar 
wall destruction and airspace enlargement, exacerbates pulmonary impairment and may hinder treatment tolerance.12,13

Radiologic detection of emphysema by CT is a non-invasive and reliable method for evaluating pulmonary 
parenchymal integrity.14,15 While extensively studied in non-small cell lung cancer (NSCLC),16,17 few models have 
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addressed its impact in SCLC. Additionally, the aging population presents further prognostic variability due to comorbid 
burden and altered treatment tolerance.18,19

Nomograms have become widely utilized for risk stratification and individualized prognostic prediction in 
oncology.20–22 These visual tools translate complex regression models into clinically accessible formats and offer 
a probabilistic approach to outcome forecasting.20–22 In this study, we aim to construct a validated nomogram incorpor
ating CT-defined emphysema, age, and treatment modality to predict overall survival (OS) in SCLC patients. We 
hypothesize that inclusion of radiologic parameters will significantly improve predictive accuracy and support clinical 
decision-making.

Materials and Methods
Study Design and Population
The present retrospective cohort study was carried out at Gachon University Gil Medical Center, a tertiary care 
institution located in South Korea. A total of 149 patients who were newly diagnosed with SCLC between 
January 2010 and December 2014 were identified using institutional pathology and imaging databases. Inclusion 
criteria were: (1) histologically confirmed SCLC, (2) availability of baseline chest CT imaging performed within 30 
days of diagnosis, (3) complete clinical and demographic data, and (4) documented follow-up for survival status. 
Patients were excluded if they had a history of other malignancies or were lost to follow-up within the first month after 
diagnosis.

Data Collection and Variables
Electronic medical records were reviewed to extract clinical, demographic, and treatment-related information. Variables 
included age at diagnosis, sex, body mass index (BMI), smoking status (current, former, never), Eastern Cooperative 
Oncology Group (ECOG) performance status, presence of COPD, Charlson Comorbidity Index (CCI), lactate dehydro
genase (LDH) level, and cancer stage (limited vs extensive). BMI was categorized into four groups according to World 
Health Organization (WHO) criteria for Asian populations: underweight (<18.5 kg/m2), normal (18.5–22.9 kg/m2), 
overweight (23.0–24.9 kg/m2), and obese (≥25 kg/m2). Treatment strategies were categorized as chemotherapy alone, 
concurrent chemoradiotherapy, and supportive care, the latter of which comprised best supportive care (n = 31) and chest 
radiotherapy alone (n = 2). The first-line chemotherapy regimens were also recorded.

Radiologic Evaluation of Emphysema
Chest CT examinations were performed using Siemens multidetector helical scanners (SOMATOM Definition or 
SOMATOM Definition Flash, Siemens Healthcare, Forchheim, Germany). Images were obtained with patients in the 
supine position during full inspiration. The acquisition protocol included a collimation width of 1 mm, tube voltages of 
120–140 kV, tube currents ranging from 75 to 350 mA, a rotation time of 0.75–1.0 s, and reconstructed slice thicknesses 
of 1–2 mm. Lung parenchyma was automatically segmented from chest CT images using a Python-based deep learning 
tool (Lungmask, v0.2.10), trained on publicly available annotated CT datasets. Emphysema burden was quantified by 
calculating the percentage of lung voxels with attenuation below −950 Hounsfield Units (HU) using standard threshold
ing techniques in Python (NumPy and SimpleITK).23,24 Emphysema was defined as a low attenuation area ≥ 6%, with 
high-density regions (≥ −300 HU) excluded to reduce the impact of imaging noise.25

Statistical Analysis
All statistical analyses were performed using R software (version 4.4.3). Continuous variable was presented as median 
with interquartile range, depending on its distribution. Categorical variables were summarized as frequencies and 
percentages. Baseline characteristics were compared between patients with and without emphysema using the Chi- 
square test or Fisher’s exact test for categorical variables, and the Student’s t-test or Mann–Whitney U-test for continuous 
variables.
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Survival Analysis and Model Development
Univariate Cox proportional hazards regression was initially performed to examine the association between each 
covariate and OS. Variables with a p-value < 0.10 in the univariate analysis were considered candidates for multivariate 
analysis. A multivariate Cox proportional hazards model was then constructed using stepwise variable selection based on 
minimization of the Akaike Information Criterion (AIC) to identify independent prognostic factors. Hazard ratios (HRs) 
with corresponding 95% confidence intervals (CIs) were reported.

A nomogram was constructed using the final multivariate Cox model to estimate individualized probabilities of 1- and 
3-year OS. The nomogram was developed using the “rms” package in R. Model performance was assessed using 
Harrell’s concordance index (C-index) to evaluate discrimination. The calibration of the nomogram was evaluated by 
comparing predicted survival probabilities with observed outcomes using calibration plots.20

Internal Validation
To evaluate the internal validity of the model, both bootstrap resampling and data-splitting techniques were employed. 
Bootstrap validation with 200 iterations was conducted to obtain bias-corrected estimates of model performance. For data 
partitioning, the entire dataset was randomly split into a training set (75%) and a validation set (25%). The model 
developed from the training cohort was then applied to the validation cohort to assess generalizability. Discriminative 
performance was quantified using the C-index and compared between training and validation sets.

Decision Curve Analysis
The clinical utility of the nomogram was evaluated using decision curve analysis (DCA), implemented through the stdca 
() function of the “ggscidca” package in R. DCA quantifies the net benefit of a predictive model by balancing the trade- 
off between true-positive results (benefit) and false-positive decisions (harm) across a range of threshold probabilities. 
This methodology allows comparison of the model against default strategies of treating all patients or treating none, 
providing insight into whether the model offers clinical value in guiding treatment decisions. To assess the statistical 
robustness of the model’s net benefit, 95% CI was calculated using 200 bootstrap resamples.

Results
Patient Characteristics
A total of 149 patients with histologically confirmed SCLC were included in the final analysis. The median age was 69.7 
(62.7–75.1) years, and the majority were male (85.2%). Among the patients, 101 (67.8%) had CT-defined emphysema, 
while 48 (32.2%) did not. Table 1 summarizes the baseline characteristics of the entire cohort and stratified by training 
and validation sets. In the overall cohort, 67.1% were current smokers and 52.3% had COPD. The distribution of ECOG 
performance status was 73.2% for 0–1 and 26.8% for ≥2. Most patients (67.8%) presented with extensive-stage disease. 
According to the CCI, 31.5% scored 0, 30.9% scored 1, and 37.6% scored ≥2. LDH levels were elevated (≥486 U/L) in 
55.7% of patients. Regarding BMI distribution, 16.1% were underweight, 43.0% had normal BMI, 20.8% were over
weight, and 20.1% were obese. No statistically significant differences were observed between the training and validation 
sets in terms of key baseline variables including sex, age, COPD, emphysema, ECOG performance status, or cancer 
stage”.

Among the study population, 72 patients (48.3%) received chemotherapy alone, 44 patients (29.5%) underwent 
concurrent chemoradiotherapy, and 33 patients (22.1%) received supportive care, which included best supportive care 
(n = 31) and chest radiotherapy alone (n = 2). Chemotherapy was administered to 116 patients (77.9%) in total. Among 
those treated with chemotherapy, the most common first-line regimen was etoposide plus cisplatin (n = 86), followed by 
etoposide plus carboplatin (n = 14), irinotecan plus cisplatin (n = 12), and etoposide monotherapy (n = 4).

Survival Analyses
The overall median survival for the entire cohort was 11.1 (95% CI, 8.7–14.2) months. In univariate Cox regression 
analysis, age, BMI, ECOG performance status, LDH, stage, treatment modality, and emphysema were significantly 
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Table 1 Characteristics of the Study Population

Total (N=149) Training Set (N=112) Validation Set (N=37) p-value

Age 69.7 (62.7–75.1) 69.8 (62.4–75.2) 69.2 (63.6–74.6) 0.961
Sex 0.294

Female 22 (14.8%) 19 (17.0%) 3 (8.1%)

Male 127 (85.2%) 93 (83.0%) 34 (91.9%)
BMI* (kg/m2) 0.713

Underweight (<18.5) 24 (16.1%) 20 (17.9%) 4 (10.8%)

Normal (≥18.5, <23) 64 (43.0%) 46 (41.1%) 18 (48.6%)
Overweight (≥23, <25) 31 (20.8%) 24 (21.4%) 7 (18.9%)

Obese (≥ 25) 30 (20.1%) 22 (19.6%) 8 (21.6%)
Smoking 0.418

Current 100 (67.1%) 72 (64.3%) 28 (75.7%)

Ex-smoker 30 (20.1%) 24 (21.4%) 6 (16.2%)
Never-smoker 19 (12.8%) 16 (14.3%) 3 (8.1%)

COPD 1.000

No 71 (47.7%) 53 (47.3%) 18 (48.6%)
Yes 78 (52.3%) 59 (52.7%) 19 (51.4%)

Emphysema 1.000

No 48 (32.2%) 36 (32.1%) 12 (32.4%)
Yes 101 (67.8%) 76 (67.9%) 25 (67.6%)

Charlson Comorbidity Index 0.834

0 47 (31.5%) 35 (31.2%) 12 (32.4%)
1 46 (30.9%) 36 (32.1%) 10 (27.0%)

≥2 56 (37.6%) 41 (36.6%) 15 (40.5%)

ECOG PS 0.808
0-1 109 (73.2%) 83 (74.1%) 26 (70.3%)

≥2 40 (26.8%) 29 (25.9%) 11 (29.7%)

LDH (U/L) 0.117
<486 66 (44.3%) 45 (40.2%) 21 (56.8%)

≥486 83 (55.7%) 67 (59.8%) 16 (43.2%)

Stage 0.565
Limited 48 (32.2%) 38 (33.9%) 10 (27.0%)

Extensive 101 (67.8%) 74 (66.1%) 27 (73.0%)

Treatment 0.287
Chemotherapy 72 (48.3%) 50 (44.6%) 22 (59.5%)

Chemoradiotherapy 44 (29.5%) 35 (31.2%) 9 (24.3%)

Supportive care† 33 (22.1%) 27 (24.1%) 6 (16.2%)
Chemotherapy 0.439

No 33 (22.1%) 27 (24.1%) 6 (16.2%)

Yes 116 (77.9%) 85 (75.9%) 31 (83.8%)
First-line chemotherapy 0.274

None 33 (22.1%) 27 (24.1%) 6 (16.2%)

Etoposide/cisplatin 86 (57.7%) 63 (56.2%) 23 (62.2%)
Etoposide/carboplatin 14 (9.4%) 8 (7.1%) 6 (16.2%)

Irinotecan/cisplatin 12 (8.1%) 10 (8.9%) 2 (5.4%)

Etoposide only 4 (2.7%) 4 (3.6%) 0 (0.0%)

Notes: Data are presented as number (%) or median (interquartile range). *: BMI values were categorized as underweight (less than 
18.5 kg/m2), normal (18.5–22.9 kg/m2), overweight (23.0–24.9 kg/m2), or obese (greater than or equal to 25 kg/m2). †: Included best 
supportive care (n = 31) and chest radiotherapy alone (n = 2). 
Abbreviations: BMI, body mass index; COPD, chronic obstructive pulmonary disease; ECOG PS, Eastern Cooperative Oncology Group 
Performance Status; LDH, lactate dehydrogenase.
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associated with OS. Full results are presented in Table 2. Kaplan–Meier analysis further demonstrated that patients with 
emphysema had significantly shorter overall survival compared with those without emphysema (p = 0.011), as illustrated 
in Figure 1.

Multivariate Cox analysis identified older age (HR, 1.04; 95% CI, 1.01–1.07; p = 0.004), presence of emphysema 
(HR, 1.48; 95% CI, 0.92–2.39; p = 0.108), and treatment modality (chemoradiotherapy: HR, 0.18; 95% CI, 0.10–0.34; 
supportive care: HR, 5.52; 95% CI, 2.92–10.43; all p < 0.001) as independent predictors of OS. Variables such as BMI, 
ECOG performance status, LDH, and stage were not independently associated with survival.

Nomogram Construction and Performance
A nomogram incorporating age, emphysema status, and treatment modality was constructed to predict 1- and 3-year OS. 
The graphical tool allows for rapid individualized estimation of survival probabilities. Figure 2 depicts the final 

Table 2 Univariate and Multivariate Cox Proportional Hazards Analyses of Overall 
Survival

Variable Univariate Analysis Multivariate Analysis

HR* (95% CI) p-value HR* (95% CI) p-value

Age (yr) 1.06† (1.03–1.08) <0.001 1.04† (1.01–1.07) 0.004

Sex (female vs male) 0.87 (0.51–1.50) 0.621

BMI‡ (kg/m2) 0.011
Underweight (<18.5) Reference

Normal (≥18.5, <23) 0.49 (0.28–0.87) 0.014

Overweight (≥23, <25) 0.64 (0.34–1.19) 0.156
Obese (≥ 25) 0.33 (0.16–0.66) 0.002

Smoking 0.935

Current Reference
Ex-smoker 0.97 (0.58–1.63) 0.902

Never-smoker 0.89 (0.48–1.66) 0.717

COPD (no vs yes) 1.46 (0.96–2.23) 0.077
Emphysema (no vs yes) 1.81 (1.14–2.88) 0.012 1.48 (0.92–2.39) 0.108

Charlson Comorbidity Index 0.715

0 Reference
1 1.24 (0.74–2.10) 0.417

≥2 1.15 (0.69–1.90) 0.594

ECOG PS (0–1 vs ≥2) 2.71 (1.71–4.28) <0.001
LDH (<486 vs ≥486) 1.58 (1.02–2.42) 0.039

Stage (limited vs extensive) 3.33 (2.03–5.45) <0.001

Treatment <0.001 <0.001
Chemotherapy Reference Reference

Chemoradiotherapy 0.20 (0.11–0.36) <0.001 0.18 (0.10–0.34) <0.001

Supportive care§ 7.70 (4.15–14.30) <0.001 5.52 (2.92–10.43) <0.001
Chemotherapy (no vs yes) 0.08 (0.04–0.15) <0.001

First-line chemotherapy regimens <0.001
None Reference

Etoposide/cisplatin 0.04 (0.02–0.08) <0.001

Etoposide/carboplatin 0.06 (0.02–0.18) <0.001
Irinotecan/cisplatin 0.21 (0.09–0.46) <0.001

Etoposide only 3.49 (1.12–10.93) 0.032

Notes: *: The value on the left is the reference. †: The HR per 1-year increase in age. ‡: BMI values were categorized 
as underweight (less than 18.5 kg/m2), normal (18.5–22.9 kg/m2), overweight (23.0–24.9 kg/m2), or obese (greater 
than or equal to 25 kg/m2). §: Included best supportive care (n = 31) and chest radiotherapy alone (n = 2). 
Abbreviations: BMI, body mass index; CI, confidence interval; COPD, chronic obstructive pulmonary disease; 
ECOG PS, Eastern Cooperative Oncology Group Performance Status; HR, hazard ratio; LDH, lactate 
dehydrogenase.
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Figure 1 Kaplan-Meier overall survival curves according to presence of CT-defined emphysema. The solid line represents patients without emphysema, and the dotted line 
represents patients with emphysema. The number of patients at risk is shown below each curve.

Figure 2 Nomogram to predict 1- and 3-year overall survival in patients with small cell lung cancer. For each variable, a vertical line is drawn to the “Points” axis to 
determine its score. The sum of all points corresponds to the estimated survival probability.
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nomogram. Each predictor is assigned a weighted point value proportional to its hazard contribution, and the sum of 
points corresponds to a specific OS probability at different time intervals.

The performance of the nomogram was assessed using Harrell’s C-index, which yielded a value of 0.807 (95% CI, 
0.771–0.843), indicating excellent discriminatory power. Internal validation using 200 bootstrap resamples demonstrated 
minimal optimism, with a bias-corrected C-index of 0.805 (95% CI, 0.779–0.845). Calibration plots (Figure 3A and B) 
demonstrated strong agreement between predicted and observed survival probabilities at 1- and 3-year intervals, 
confirming the model’s reliability.

To further assess the model’s generalizability, we performed internal validation using a 3:1 data-splitting strategy. The 
model was trained on 75% of the cohort (n = 112) and tested on the remaining 25% (n = 37). When applied to the 
validation subset, the nomogram achieved a Harrell’s C-index of 0.740 (95% CI, 0.668–0.812), confirming robust 
predictive performance in independent internal samples. These results support the consistency and clinical applicability 
of the model beyond the derivation set.

The linear predictor derived from the nomogram was used to stratify patients into quartiles (Q1 to Q4) based on total 
risk score. Kaplan-Meier curves (Figure 4) demonstrated significant separation between the survival curves of each risk 
group (log-rank p < 0.001), indicating the nomogram’s utility in distinguishing between low-, intermediate-, and high- 
risk patients.

Decision Curve Analysis
Figure 5 presents the DCA of the nomogram for predicting 3-year OS in patients with SCLC. The nomogram consistently 
yielded greater net clinical benefit than the default strategies of treating all or none across a wide range of threshold 
survival probabilities, with particularly pronounced benefit between 0.1 and 0.4. Importantly, the nomogram maintained 
superiority over the default strategies in most other threshold ranges as well, reinforcing its applicability across varied 
clinical decision thresholds. Given the uniformly poor prognosis of SCLC, these findings highlight the model’s potential 
to guide treatment decisions even among patients with modest predicted survival. The shaded area represents the 95% CI 
of the net benefit, derived from 200 bootstrap iterations, underscoring the statistical robustness and reliability of the 
model’s performance.

Figure 3 Calibration plots for the nomogram at (A) 1-year and (B) 3-year intervals. The dashed diagonal line indicates the ideal reference, and the solid line represents the 
predicted survival probabilities compared with the observed outcomes. Predicted and observed probabilities showed strong concordance.
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Figure 4 Kaplan-Meier curves stratified by risk quartile (Q1-Q4), based on the nomogram-derived linear predictor. Q1 is shown as a solid line, Q2 as a dotted line, Q3 as 
a dash-dotted line, and Q4 as a dashed line. The number of patients at risk is shown below each curve. Survival significantly differed across groups (P < 0.001).

Figure 5 Decision curve analysis (DCA) for the 3-year survival prediction nomogram in small cell lung cancer. The x-axis indicates the threshold survival probability at 
which treatment would be considered; the y-axis represents the net clinical benefit. The solid black line represents the net benefit of the nomogram model, whereas the gray 
dashed and dotted lines reflect the “treat-all” and “treat-none” strategies, respectively. The shaded area reflects the 95% confidence interval for the net benefit of the 
nomogram, derived from 200 bootstrap iterations.
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Summary of Key Findings
The results demonstrate that older age, presence of emphysema, and absence of active cancer-directed therapy are strong 
independent predictors of poor survival in SCLC patients. The constructed nomogram provides an accurate, reproducible, 
and clinically useful tool for estimating individualized survival probabilities, with excellent calibration, discrimination, 
and decision utility. These findings support the integration of radiologic and clinical data into prognostic models to 
enhance patient-specific risk stratification and inform shared decision-making in SCLC care.

Discussion
In this study, we developed and internally validated a comprehensive nomogram model integrating three key clinical 
parameters—CT-detected emphysema, patient age, and treatment modality—to predict 1- and 3-year OS in individuals 
with SCLC. This model represents a pragmatic approach to risk stratification in a population characterized by poor 
prognosis and substantial heterogeneity in outcomes. Our findings underscore the importance of individualized prog
nostication that extends beyond tumor stage alone and instead incorporates physiologic and therapeutic factors.

The incorporation of emphysema as a radiologic biomarker into the prognostic model is particularly noteworthy. 
While emphysema is a well-known comorbidity in smokers and patients with COPD, its direct impact on survival in 
SCLC has not been well established. Our study demonstrated that CT-defined emphysema independently predicted worse 
survival, even after adjusting for COPD, performance status, and other clinical variables. This may reflect the com
pounded effects of impaired pulmonary reserve, increased systemic inflammation, and decreased tolerance to aggressive 
cancer treatment in patients with underlying emphysematous changes.12,26–29 While emphysema has been extensively 
studied as a prognostic factor in NSCLC,16,17 its clinical significance in SCLC remains largely unclear due to the paucity 
of available evidence. The present study offers preliminary support that CT-defined emphysema may have prognostic 
relevance in SCLC, although further validation in independent cohorts is warranted.

Age also emerged as an independent prognostic factor, in line with prior literature.19,30,31 Older patients frequently 
exhibit reduced physiological reserve, higher comorbidity burden, and more limited access or tolerance to aggressive 
oncologic treatments.32 In our cohort, even after adjusting for treatment type and performance status, advanced age 
consistently emerged as an independent predictor of poorer overall survival. This reinforces the need for geriatric- 
sensitive prognostic tools in thoracic oncology.

Treatment modality was the most powerful determinant of survival in our multivariate model. Patients who received 
supportive care only had significantly worse outcomes, while those treated with chemoradiotherapy exhibited the most 
favorable survival. This is consistent with existing clinical guidelines that advocate for combined modality therapy in 
patients with limited-stage disease and good performance status.33,34 Notably, chemotherapy alone also conferred 
a survival benefit compared to supportive care, further highlighting the central role of systemic treatment in SCLC 
management.

In this study, ECOG performance status showed significance in univariable analysis but did not remain an indepen
dent prognostic factor in the multivariable model. This appears to reflect its strong correlation with treatment modality 
and its physiologic overlap with age and CT-defined emphysema, whereby much of its explanatory effect was absorbed 
by other variables.

The strength of our model lies in its simplicity, interpretability, and accessibility. By limiting inputs to three routinely 
available clinical and radiologic parameters, we were able to construct a nomogram that does not require specialized 
molecular testing or extensive laboratory work-up, thereby maximizing its potential for use across diverse practice 
settings, including resource-limited environments. Moreover, the graphical layout of the nomogram enables rapid bedside 
estimation of survival probability, facilitating meaningful discussions between clinicians and patients about prognosis 
and treatment options.

Model performance was rigorously evaluated using multiple complementary methods. The high Harrell’s C-index 
(0.807) indicates strong discriminatory ability, while calibration plots confirmed the close alignment between predicted 
and observed outcomes across time intervals. Internal validation using bootstrap resampling showed minimal optimism, 
reinforcing the model’s robustness. Further, our use of data-splitting validation (3:1 ratio) provided an additional layer of 
methodological rigor, with the model achieving a C-index of 0.740 in the validation cohort. These results suggest that the 
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model maintains its predictive capacity even in new, unseen data, which is a critical requirement for clinical 
implementation.

The DCA analysis revealed that the nomogram yielded greater net clinical benefit than either the treat-all or treat- 
none approach, particularly across the threshold survival probability range of 10% to 40%, with sustained net benefit 
observed through to the 80–90% range. This finding is clinically meaningful in the context of SCLC, a disease with 
uniformly poor prognosis, where even modest survival probabilities may influence treatment decisions. The model’s 
ability to yield benefit across a broad threshold range suggests its potential to guide clinicians in avoiding over
treatment while still selecting and targeting patients most likely to benefit from intervention. Moreover, the inclusion 
of 95% CI derived from bootstrap iterations reinforces the consistency and statistical robustness of the net benefit 
estimates. These results support the use of the nomogram as a practical tool to optimize individualized treatment 
strategies in high-risk oncology populations. In addition, risk stratification based on the nomogram’s linear predictor 
further confirmed its clinical utility, as patients in higher-risk quartiles exhibited significantly poorer survival 
outcomes.

The implications of our findings are multifaceted. Clinically, the nomogram can be integrated into multidisciplinary 
tumor board discussions to refine treatment recommendations. It may be especially valuable in borderline cases where the 
risks and benefits of intensive therapy are uncertain. The model may also serve as a patient communication aid, helping 
to set realistic expectations and support shared decision-making. From a research perspective, the model could be used to 
stratify patients in clinical trials or to inform risk-adapted treatment protocols.

Despite these strengths, several limitations remain to be considered. First, this study utilized data collected prior to the 
widespread adoption of immunotherapy for extensive-stage SCLC. While this temporal limitation may affect general
izability in high-income countries where immune checkpoint inhibitors have become part of the standard of care, access 
to immunotherapy remains substantially limited in many low- and middle-income countries.

Second, as a retrospective study conducted at a single institution, the generalizability of our findings may be limited. 
Although internal validation was robust, external validation in independent cohorts is necessary before the model can be 
universally adopted.

Conclusions
We developed and internally validated prognostic nomogram for SCLC that incorporates emphysema, age, and treatment 
modality. The model showed reasonable discrimination, acceptable calibration, and potential clinical value as indicated 
by decision curve analysis and risk stratification. As the predictors are routinely available in clinical practice, the tool 
may support individualized survival estimation and treatment planning. Nevertheless, these findings should be interpreted 
with caution, and prospective studies with external validation are needed to confirm the robustness and generalizability of 
the model.
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