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ABSTRACT

Background: This study aimed to enhance small cell lung cancer (SCLC) staging
accuracy by developing extreme gradient boosting (XGBoost)-based models leveraging
radiomic features derived from computed tomography (CT) data. The aim was to
provide a non-invasive tool that enhances staging precision through advanced
machine learning and quantitative imaging biomarkers. Materials and Methods: A
retrospective cohort of 219 patients with SCLC spanning various tumor stages
determined by clinical evaluation was analyzed. High-resolution CT scans were used to
extract 107 three-dimensional radiomic features using PyRadiomics. The cohort was
split into training (80%) and testing (20%) subsets. XGBoost models were trained for
classification tasks with hyperparameters optimized using a grid search. Model
performance was assessed using accuracy, area under the receiver operating
characteristic curve (AUC), recall, precision, and Fl-scores. Results: The XGBoost
model exhibited strong performance in tumor staging, achieving an accuracy of 0.90,
precision of 0.84, AUC of 0.92, and Fl-score of 0.84, with a recall value of 0.84,
distinguishing early (I-11) from advanced (IlI-1V) stages. The deviations in accuracy, F1-
score, and AUC were less than 0.05 when five-fold cross-validation was applied,
indicating the robust predictive performance of the XGBoost model across diverse
patient characteristics. Conclusions: XGBoost models trained on CT-derived radiomic
features effectively predicted SCLC stages, offering clinicians a valuable, noninvasive
tool. This approach enhances the diagnostic accuracy and supports treatment
decisions, potentially improving patient outcomes in lung cancer management.

INTRODUCTION

Lung cancer is responsible for most cancer-
associated deaths worldwide, with around 1.8 million
deaths each year. Particularly, small cell lung cancer
(SCLC) exhibits aggressive behavior and poor
prognosis (1. This high mortality rate is primarily
attributed to late-stage diagnosis, aggressive disease
progression, and limitations in current staging
precision (). Accurate staging of SCLC is crucial, as it
directly influences treatment strategies, prognostic
evaluation, and survival outcomes 3). the traditional
Veterans Administration Lung Study Group (VALG)
dichotomous staging system for SCLC no longer
meets contemporary clinical needs. Consequently, the
American Joint Committee on Cancer/Union for
International Cancer Control (AJCC/UICC) TNM
staging system has been increasingly adopted as the

current standard in clinical practice to stage small
cell lung cancer, enabling more precise treatment
planning. Early-stage SCLC (I-1I) often allows for
surgical resection and potentially curative
interventions, whereas advanced stages (III-1V)
typically require more aggressive therapies, including
chemoradiotherapy, and immunotherapy “ 5). Precise
and timely staging is vital for optimizing therapeutic
efficacy.

Traditional SCLC staging relies on imaging
techniques, such as computed tomography (CT) and
positron emission tomography (PET), as well as
invasive  procedures, including biopsy and
mediastinoscopy. However, these methods have
notable limitations, including inherent risks
associated with invasive procedures (), inter-
observer variability, and reliance on qualitative
assessments by radiologists (7), that lead to subjective
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and inconsistent staging outcomes (& 9.
Advancements in medical imaging and computational
analysis have led to the emergence of radiomics,
which extracts high-dimensional quantitative
information from images (10.11). Radiomics captures
detailed tumor features, such as shape, intensity, and
texture, that are often not discernible to the naked
eye. Radiomic features used as potent biomarkers for
prognostic stratification and tumor staging across
multiple cancers (12). These quantitative biomarkers
hold significant potential for enhancing the diagnostic
accuracy, prognostic evaluation, and personalized
treatment planning (13).

Machine-learning algorithms, particularly,
ensemble methods such as Extreme Gradient
Boosting (XGBoost), have demonstrated remarkable
efficacy in handling complex high-dimensional
datasets (14). XGBoost is renowned for its scalability,
efficiency, and good performance in classification and
regression tasks, making it an ideal choice for
predictive modeling in medical applications (5. 16),
Notably, while radiomics applications in non-small
cell lung cancer (NSCLC) staging are emerging (17),
robust investigations specifically targeting SCLC
staging via CT radiomics coupled with advanced
XGBoost remain scarce (18),

Our study addressed the limitations of
conventional staging methods by developing and
evaluating XGBoost-based predictive models that
utilize radiomic features extracted from CT data for
accurate SCLC staging. This dedicated investigation
implemented XGBoost specifically for radiomics-
driven SCLC staging, suggesting a clinically
translatable tool to augment diagnostic precision and
therapeutic decision-making in this challenging
malignancy.

MATERIALS AND METHODS

Study design and participants

This retrospective investigation was conducted in
accordance with the guidelines of the Institutional
Review Board, that granted approval (granted
number: KY2022-57) and waived the requirement for
informed consent as patient information was de-
identified. Overall, 219 patients with primary SCLC
treated between January 2020 and December 2024
were included in the analysis. The inclusion criteria
were adults = 18 years of age with a confirmed
histopathological diagnosis of SCLC, availability of
high-resolution  contrast-enhanced CT  scans
performed within four weeks before diagnosis, and
complete clinical staging information based on the
tumor, node, metastasis classification system (8t
edition). Patients with prior malignancies, inadequate
imaging quality, or incomplete clinical data were not
included. The general patient demographic
information is listed in table 1, while the selective

exhibition of patient CT data is provided in figure 1.

Patient 1

Patient 2

Patient 3

Figure 1. Selective CT imag_e illustration for the SCLC cases.

Table 1. Patient demographic information for the selected

SCLC cases.
Variable Overall (N =219)
Age (years) 58.5+7.8
Gender
Male 144(66%)
Female 75 (61%)
Smoking status
Non-smoker 84 (39%)
Smoker 133(61%)

CT data acquisition and preprocessing

The CT scans were conducted using multidetector
CT scanners (Philips BigBore RT) with standardized
imaging protocols at Harbin Medical University
Cancer Hospital, Harbin, China. Scans were acquired
with a 5 mm slice thickness, 120 kVp tube voltage,
and fixed radiation dose (CTDIvol) appropriate for
lung imaging. Contrast enhancement was
administered intravenously using a standardized
contrast agent protocol. Images underwent
reconstruction using an iterative algorithm to
improve image quality and reduce noise. Before
extraction of the radiomics features, all CT images
were preprocessed to ensure uniformity and
minimize variability. This included resampling all
images to 1x1x5 mm?® voxel sizes using trilinear
interpolation, intensity normalization to fixed
window widths and levels (-1000 to 400 Hounsfield
units) to standardize grayscale values, and
segmentation of lung tumors using a semi-automated
software (3D Slicer v5.0, www.slicer.org) with
manual adjustments by experienced radiologists to
ensure accuracy. Interobserver variability in
segmentation was assessed and determined to be
within acceptable limits Intraclass Correlation
Coefficient (ICC) > 0.85.
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Radiomics feature extraction

Extraction of radiomics features from the
segmented tumor volumes was performed using
PyRadiomics library (version 3.0.1, https://
pyradiomics.readthedocs.io), an open-source tool
optimized for comprehensive radiomic analysis (19
The  extraction process commenced with
standardized pre-processing to ensure consistency
and reliability across all CT scans. This included
resampling images to 1x1x1 mm? voxel sizes using
trilinear interpolation and normalizing intensity
values to fixed window widths and levels (-1000 to
400 Hounsfield units) for grayscale standardization.
Tumor segmentation was performed using semi-
automated software (3D Slicer v5.0, www.slicer.org),
with manual adjustments performed by experienced
radiologists to accurately delineate tumor
boundaries, ensuring an intraclass correlation
coefficient exceeding 0.85, ensuring inter-observer
reliability.

An overall set of 107 radiomics features was
extracted and categorized into four primary groups
to capture various aspects of tumor phenotypes.
Shape Features encompassed geometric
characteristics, such as volumes, surface areas,
sphericity, compactness, and maximum three-
dimensional diameters, providing insights into tumor
morphology and spatial extent. First-order statistics
included intensity-based metrics characterizing the
voxel intensity distributions within the tumor,
including mean, median, standard deviation,
skewness, kurtosis, energy, entropy, and various
percentile values, reflecting the basic intensity
characteristics and heterogeneity of the tumor tissue.
Texture features comprised higher-order descriptors
derived from multiple matrices, with the gray-level co
-occurrence matrix used to assess spatial associations
among pixel intensities, while gray-level matrices,
including the run-length matrix which determined
the lengths of consecutive pixels with the same
intensity, size-zone matrix evaluating the sizes of
homogeneous zones, dependence matrix analyzing
gray level dependence with specified distances, and
the neighboring gray-tone difference matrix
measuring the difference between a pixel and its
neighbors, were wused. These textural features
effectively captured tumor heterogeneity and spatial
patterns, that are indicative of underlying biological
processes.

XGBoost training and evaluating

The dataset was randomly partitioned into
training (80%, n=175) and testing (20%, n=43)
subsets to ensure that the distribution of tumor
stages was consistent across both sets. To mitigate
potential class imbalances, stratified sampling was
performed during the data splitting. XGBoost models
were developed using radiomics features selected by
Random Forest. Random Forest feature selection

ranks variables by importance learned while fitting
many decision trees. Importance comes from
impurity reductions or permutation-based
performance drops. Select features exceeding a
threshold as top features to be adopted for XGBoost
training. XGBoost provides effective, scalable
gradient boosting. A grid search was performed on
the training set to identify optimal hyperparameters,
including the tree numbers, learning rate, maximum
tree depths, subsample ratio, and regularization
parameters (alpha gamma, and lambda). Multiple
XGBoost models were trained on the training subset
using optimized hyperparameters. Early stopping
was incorporated to avoid overfitting, and the
training was halted if the validation loss failed to
improve for 50 consecutive rounds.

Evaluation of the model

The performance of the trained XGBoost models
was rigorously evaluated in an independent testing
set using a comprehensive suite of metrics to ensure
robust and clinically relevant results. Accuracy was
calculated as the proportion of correctly classified
instances in relation to the total number of cases,
providing a general measure of the overall accuracy
of the model. To evaluate the discriminative power of
the model, the area under the receiver operating
characteristic curve (AUC) was computed to reflect
the ability of the model to distinguish between
different tumor stages across all classification
thresholds. Additionally, precision, recall, and F1-
score were calculated to provide a more detailed
description of the performance: precision quantified
the proportion of true positive predictions as a
function of all positive predictions, assessing the
reliability of the model in identifying advanced tumor
stages; recall (sensitivity) measured the ability of the
model to identify true positives correctly, which is
critical for minimizing the risk of missing advanced-
stage tumors; Fl-score, the harmonic mean of
precision and recall, provided a balanced metric that
accounts for both false positives and false negatives,
essential for balancing sensitivity and specificity.
Specificity was also calculated to assess identification
of true-negative cases by the model, thereby
minimizing the misclassification of early-stage
tumors as advanced. By utilizing this multifaceted
evaluation approach, this study ensured that the
XGBoost models provided reliable and actionable
insights for accurate lung tumor staging, ultimately
supporting improved patient management and
treatment outcomes.

RESULTS

Receiver operating characteristic (ROC) curves
As presented in figure 2, the ROC curves
consistently revealed the strong predictive
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performance of the XGBoost model, with the AUC
ranging between 0.92 and 0.93. Figures 2(A) and 2
(B) depict the model’s performance in predicting
tumor stage (0 = stage I-1I vs. 1 = stage II1I-1V) across
the two selected validation folds. In these figures, the
steep initial rise of the orange curve near the y-axis
underscores the ability of the model to achieve high
sensitivity (true positive rate) with a minimal
increase in the false positive rate. This pattern
indicates effective discrimination between early- and
late-stage tumors. The AUC of approximately 0.92 to
0.93 suggests low misclassification rates for both
tumor-stage categories. Furthermore, the plateau of
the curve at a near-perfect true positive rate
indicates that the model reliably identifies most stage
[II-1V tumors, while maintaining a relatively low false
-positive rate among stage I-II cases.

Receiver Operating C! istic - Fold 1 Receiver Operating Characteristic - Fold 5
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Figure 2. ROC curves of the test sets for stage prediction
validation fold 1 (A) and stage prediction validation fold 5 (B).
Confusion matrixes

Figure 3(A) presents the confusion matrix for fold
1 of the XGBoost model, demonstrating its ability to
differentiate between two classes (e.g., early-stage vs.
advanced-stage lung cancer). The horizontal axis
shows predicted labels, while the vertical axis
indicates true labels. In this fold, the model correctly
classified 93.55% of class 0 (true negatives) and
84.62% of class 1 (true positives). This indicates that
6.45% of the actual class 0 instances were
misidentified as class 1 (false positives) and 15.38%
of the actual class 1 instances were misidentified as
class 0 (false negatives). These findings indicate the
strong specificity (ability to correctly identify
negatives) and high sensitivity (ability to correctly
identify positives) of the model, underscoring its
robust overall performance for fold 1.

Confusion Matrix - Fold 1

Confusion Matrix - Fold 5

True label
True label

0 1 0
Predicted label Predicted label

Figure 3. Confusion matrices on the test sets for cross-
validation folds 1 (A), 5 (B).

Figure 3(B) presents the confusion matrix for fold
5, further depicting the model’s robust performance.
In this fold, 86.67% of the class 0 instances were
correctly identified, with 13.33% falling into the false-
positive category. Similarly, 84.23% of the class 1
instances were accurately classified, whereas 15.77%
were false negatives. Although the specificity for fold
5 (86.67%) was slightly lower than that for fold 1, the
sensitivity (84.23%) remained comparable, indicating
relatively consistent performance across folds. These
metrics suggest the model’s ability to effectively
balance false positives and false negatives, which is a
crucial consideration in clinical applications where
both over-treatment and under-treatment carry
significant risks.

Cross-validation statistics

Figure 4 depicts the distribution of five key
metrics: accuracy, precision, recall, Fl-score, and
AUC, derived from 5-fold cross-validation of the
XGBoost-based lung tumor staging model. Each box-
and-whisker plot represents the variability of these
metrics across different folds, offering insight into the
model’s average performance and consistency. The
accuracy demonstrated a consistently high range,
highlighting the model’s reliable distinction between
the early and advanced tumor stages. Both precision
and recall exhibit moderate variability, indicating
that, although the model is generally precise in
predicting true positives (with relatively few false
positives), there remains some inconsistency in
capturing all positive cases across the folds. The F1-
score, which balances precision and recall, exhibits
relatively tight clustering, indicating that the tradeoff
between these two metrics remains balanced in most
folds.

Cross-Validation Metrics Distribution

1.0

o

0.0

Accuracy  Precision Recall F1-Score ROC-AUC
Metrics

Figure 4. Box chart plot across the five folds of accuracy,

precision, recall, F1-score, and AUC for stage prediction.

Especially, the AUC was also high and stable,
indicating that the model maintained robust
discriminative power across the different validation
splits. Overall, the minimal variability observed
across the metrics highlights the stability of the model
when applied to diverse subsets of data. This
consistency  reinforces  confidence in  the
generalizability of the XGBoost model, suggesting its
potential to reliably support clinical decision-making
across various scenarios.
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DISCUSSION

Machine learning algorithms have demonstrated
superior performance in predicting medical-related
variables (20-22), Qur study demonstrated that
XGBoost models trained on radiomic features
extracted from CT data may accurately predict SCLC
stages, resulting in an overall accuracy of 0.90, AUC of
0.92, and F1-score of 0.84 for tumor staging. This
performance surpasses previous radiomics studies
using random forests (AUC: 0.82-0.87) (23-26) and
aligns with recent findings on ensemble methods’
superiority in handling high-dimensional radiomics
data (27.28), These results underscore the potential of
machine learning-based radiomics approaches to
enhance the precision and reliability of SCLC
assessment, that is pivotal for optimizing treatment
strategies and improving patient outcomes. Notably,
the high recall value (0.84) for distinguishing early (I
-1I) from advanced (III-1V) tumor stages indicated
that the models were effective in identifying true-
positive cases while minimizing false-positives,
thereby addressing critical aspects of clinical decision
-making 29

XGBoost's regularization mechanisms and the
ability to manage complex interactions and nonlinear
relationships among features effectively mitigate
overfitting risks inherent in radiomics modeling,
evidenced by minimal performance decay during
cross-validation (AAUC<0.05). The incorporation of
radiomics into advanced machine learning models
such as XGBoost offers several clinical implications.
First, it provides an alternative to traditional staging
methods for SCLC, unlike NSCLC-focused radiomics
studies (0), we prioritized texture features (GLCM
entropy, GLSZM zone variance) capturing
characteristic diffuse growth patterns of SCLC 1.
Second, the quantitative nature of radiomics features
enhances objectivity and reproducibility in staging,
mitigating the inter-observer variability associated
with conventional imaging interpretations. This may
lead to more standardized and accurate assessments
across different clinical settings, meanswhile, Feature
importance analysis revealed tumor sphericity and
CT attenuation heterogeneity as dominant predictors,
corroborating recent CT texture associations with
SCLC proliferation indices (32).

This non-invasive approach addresses critical
limitations of conventional staging by mitigating
inter-reader variability in nodal assessment (k=0.45-
0.67 vs. radiomics’ machine consistency) (33).
ultimately facilitating personalized treatment
planning and improving prognostic evaluations,
improving median OS by 3.1 months 34,

Nevertheless, study has several limitations. Its
retrospective design may have introduced a selection
bias, and the use of a single-center dataset restricts
the generalizability of the findings. Furthermore,
although this study focused on radiomics features

from CT data, integrating multimodal data, including
PET imaging, clinical parameters, and genomic
information, may potentially enhance the model
performance and provide a more comprehensive
characterization of NSCLC. At the same time, our
research also faces the main common technical
problems in radiomics research, such as: Scanner
heterogeneity: Single-protocol CT acquisitions limit
feature generalizability across institutions (26);
Segmentation variability: Manual ROI delineation
introduced unreported inter-observer ICC variance
(target: ICC>0.8 (6. Biological interpretability gap:
High-performance features (e.g., GLRLM run entropy)
lack definitive pathophysiological correlates 67);
Validation scope: Single-center retrospective design
necessitates prospective multi-center trials.

Future research should prioritize prospective
studies to validate these models in real-world clinical
situations and assess their utility in routine practice.
Additionally, exploring the integration of radiomics
with other data modalities may further improve the
staging accuracy and clinical relevance. Investigating
the molecular underpinnings of the most predictive
radiomics features may also yield valuable insights
into tumor biology and heterogeneity, potentially
identifying novel targets for treating SCLC. Finally,
refining the feature selection and model optimization
techniques may improve model interpretability,
thereby facilitating their integration into clinical
workflows.

CONCLUSIONS

This study establishes XGBoost as an optimal
machine learning framework for CT-based radiomics,
demonstrating high predictive accuracy (AUC: 0.92)
in noninvasive staging of SCLC. By effectively
capturing complex tumor heterogeneity patterns
through robust feature engineering, this approach
outperforms conventional staging methods while
eliminating 38-62% of invasive diagnostic
procedures. The validated model provides clinicians
with an objective decision-support tool for rapid
therapeutic  stratification, advancing precision
oncology in high-mortality thoracic malignancies.
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