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Abstract
Accurate differentiation between non-cancerous, benign, and malignant lung cancer remains a diagnostic challenge due 
to overlapping clinical and imaging characteristics. This study proposes a multimodal machine learning (ML) framework 
integrating positron emission tomography/computed tomography (PET/CT) anatomic-metabolic parameters, sarcopenia 
markers, and inflammatory biomarkers to enhance classification performance in lung cancer. A retrospective dataset of 222 
patients was analyzed, including demographic variables, functional and morphometric sarcopenia indices, hematological 
inflammation markers, and PET/CT derived parameters such as maximum and mean standardized uptake value (SUVmax, 
SUVmean), metabolic tumor volume (MTV), total lesion glycolysis (TLG). Five ML algorithms—Logistic Regression, 
Multi-Layer Perceptron, Support Vector Machine, Extreme Gradient Boosting, and Random Forest—were evaluated using 
standardized performance metrics. Synthetic Minority Oversampling Technique was applied to balance class distributions. 
Feature importance analysis was conducted using the optimal model, and classification was repeated using the top 15 
features. Among the models, Random Forest demonstrated superior predictive performance with a test accuracy of 96%, 
precision, recall, and F1-score of 0.96, and an average AUC of 0.99. Feature importance analysis revealed SUVmax, 
SUVmean, total lesion glycolysis, and skeletal muscle index as leading predictors. A secondary classification using only 
the top 15 features yielded even higher test accuracy (97%). These findings underscore the potential of integrating meta-
bolic imaging, physical function, and biochemical inflammation markers in a non-invasive ML-based diagnostic pipeline. 
The proposed framework demonstrates high accuracy and generalizability and may serve as an effective clinical decision 
support tool in early lung cancer diagnosis and risk stratification.

Keywords  Lung cancer classification · Machine learning · Random forest · PET/CT · Sarcopenia · Inflammatory 
biomarkers
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 BIL	� Bilirubin (mg/dL)
 CRP	� C-reactive protein (mg/L)
 AST	� Aspartate aminotransferase (U/L)
 ALT	� Alanine aminotransferase (U/L)
 NEU	� Neutrophil (10³/µL)
 MON	� Monocyte (10³/µL)
 WBC	� White blood cell count (10³/µL)
 ALB/BIL	� Albumin-to-Bilirubin ratio
 ALB/CRP	� Albumin-to-CRP ratio
 ALB/AST	� Albumin-to-AST ratio
 ALB/ALT	� Albumin-to-ALT ratio
 CRP/BIL	� CRP-to-Bilirubin ratio
 AST/BIL	� AST-to-Bilirubin ratio
 ALT/BIL	� ALT-to-Bilirubin ratio
 CRP/AST	� CRP-to-AST ratio
 AST/ALTT	� AST-to-ALT ratio
 NEU/MON	� Neutrophil-to-monocyte ratio
 NEU/WBC	� Neutrophil-to-WBC ratio
 MON/WBC	� Monocyte-to-WBC ratio
CRP/WBC	� CRP-to-WBC ratio

 Positron emission tomography/computed (PE/CT) 
parameters
 ROI	� Region of Interest 
 SUVmean	� Mean standardized uptake value
 SUVmax	� Maximum standardized uptake value
 SUVort	� Average lesion SUV
 MTV	� Metabolic tumor volume
 TLG	� Total lesion glycolysis

Machine learning and statistics
 ML	� Machine learning
 LR	� Logistic regression
 SVM	� Support vector machine
 MLP	� Multi-layer perceptron
 RF	� Random forest
 XGBoost	� Extreme gradient boosting
 SMOTE	� Synthetic minority oversampling technique
 AUC	� Area under the curve

Introduction

Lung cancer remains the leading cause of cancer-related 
mortality worldwide, accounting for approximately 1.8 mil-
lion deaths annually [1]. Accurately distinguishing benign 
from malignant pulmonary lesions is essential for guiding 
treatment but remains challenging due to overlapping clini-
cal, radiological, and metabolic features [2].

The gold standard for diagnosis is histopathological 
confirmation via tissue biopsy. While definitive, biop-
sies are invasive, costly, and sometimes infeasible due to 

patient comorbidities or inaccessible lesion locations. In 
this context, non-invasive diagnostic adjuncts are gaining 
importance. Among these, systemic inflammatory biomark-
ers—such as the neutrophil-to-lymphocyte ratio, monocyte-
to-lymphocyte ratio, and systemic immune-inflammation 
index—have demonstrated associations with tumor progres-
sion, immune status, and prognosis in lung cancer [3–5].

Positron emission tomography/computed tomography 
(PET/CT) has become a key imaging modality for the eval-
uation of pulmonary lesions. Quantitative PET/CT derived 
parameters—including maximum standardized uptake 
value (SUVmax), metabolic tumor volume (MTV), and 
total lesion glycolysis (TLG)—provide valuable insights 
into tumor metabolism and burden. Numerous studies have 
reported their prognostic and diagnostic value in lung can-
cer staging and treatment response [6–8].

On the other hand, sarcopenia, characterized by progres-
sive loss of skeletal muscle mass and function, has emerged 
as an important prognostic factor in oncology [9]. In lung 
cancer, sarcopenia is linked to increased treatment toxicity, 
reduced survival, and greater risk of postoperative compli-
cations [10]. Both morphometric assessments (e.g., skeletal 
muscle index, SMI) and functional tests (e.g., gait speed, 
handgrip strength) can be derived from clinical data or 
imaging, providing a non-invasive measure of patient frailty 
and physical reserve [11].

Machine learning (ML) techniques have shown strong 
potential in improving diagnostic accuracy, risk stratifica-
tion, and treatment planning in oncology [12–18]. Prior 
ML-based lung cancer classification studies have typically 
relied on a single data modality—such as imaging [19–22], 
blood-based biomarkers [23], or radiomics-based sarcope-
nia assessment [24]. While these approaches have achieved 
promising accuracy, they may overlook complementary 
information available from other domains.

The novelty of this study is the combination of three 
complementary and clinically significant data domains—
PET/CT-based anatomical-metabolic indicators, systemic 
inflammatory markers, and both functional and morphomet-
ric measures of sarcopenia—within a unified multimodal 
ML framework for lung cancer classification. To the best of 
our knowledge, no prior work has combined these modalities 
to classify non-cancerous, benign, and malignant lesions, 
nor examined the extent to which such a multimodal dataset 
can improve diagnostic accuracy. This study addresses this 
gap by developing and evaluating a model that leverages the 
complementary strengths of these data sources to enhance 
diagnostic precision and support clinical decision-making 
in lung cancer management.
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Literature review

Understanding the diagnostic landscape of lung can-
cer requires integrating insights from different research 
domains. Prior studies can broadly be grouped into three 
categories: (i) imaging based ML approaches, which extract 
radiological features from CT or PET/CT scans; (ii) blood 
derived inflammatory biomarkers, which provide systemic 
and easily accessible signals of disease; and (iii) sarcopenia 
related measures, reflecting patient frailty and metabolic sta-
tus. Reviewing these domains separately allows us to high-
light their distinct contributions and limitations, while also 
underscoring the need for a multimodal integration strategy.

Imaging based machine learning approaches

Imaging data, particularly from CT and PET/CT scans, 
remain the cornerstone of lung cancer diagnostics. 
Advanced ML and deep learning frameworks have shown 
strong potential in this domain. For example, Hendrix et al. 
[19] developed an AI system to detect lung nodules with 
high sensitivity, comparable to radiologists, using CT scans 
[19]. Similarly, Lv et al. [20] proposed MIFNet, a multi-
scale deep learning model, reporting excellent sensitivity 
and specificity for CT-based classification [20]. Radiomic 
approaches, such as those by Delzell et al. [22], have further 
illustrated the feasibility of extracting high-dimensional fea-
tures for ML classifiers [22].

Despite these successes, imaging-only models tend to 
operate in isolation, focusing narrowly on radiological sig-
nals. While they excel at identifying lesion morphology and 
texture, they may miss systemic physiological or biochemi-
cal factors that also shape disease status. This limitation 
motivates the exploration of complementary modalities.

ML models using blood derived inflammatory biomarkers

Parallel to imaging studies, a growing body of work has 
investigated the role of blood-derived indices in cancer 
detection and prognosis. These biomarkers are attractive 
because they are cost-effective, minimally invasive, and 
already embedded in clinical workflows. [23] reported 
that AI models using routine blood indices achieved up to 
95.7% accuracy in cancer detection [23]. In addition, sys-
temic immune-inflammation indices have been repeatedly 
linked to treatment response and survival outcomes in lung 
cancer [3, 5]. However, while blood-based approaches offer 
systemic insight, they lack spatial and anatomical context. 
A high inflammatory index may indicate cancer-related 
processes but cannot localize or characterize lesions. This 
trade-off underscores the complementary value of imaging 

data, suggesting that integration across modalities may yield 
a more complete diagnostic picture.

Applications of sarcopenia related measures in oncology

Sarcopenia, assessed through morphometric (M-sarcopenia) 
and functional (F-sarcopenia) measures, has been shown to 
impact cancer prognosis. Yang et al. [10] identified sarco-
penia as an independent predictor of poor outcomes in lung 
cancer [10]. More recently, Dong et al. [24] utilized chest CT 
radiomics to detect sarcopenia in advanced non-small cell 
type lung cancer patients with a LightGBM model, achiev-
ing 90% accuracy [24]. Yet, sarcopenia remains underex-
plored in diagnostic classification studies. Most prior work 
has emphasized its prognostic implications, while its diag-
nostic potential—particularly when combined with imaging 
features and systemic biomarkers—has not been fully real-
ized. Thus, sarcopenia represents a promising but underuti-
lized dimension in multimodal ML frameworks.

Towards a multimodal framework

Taken together, existing studies demonstrate impressive 
advances within their individual domains. Imaging-based 
ML models excel at morphological characterization; blood-
derived biomarkers provide systemic, accessible indicators; 
and sarcopenia measures add prognostic and physiological 
context. However, the literature largely treats these modali-
ties in isolation, with limited attempts at systematic integra-
tion [12–14].

This fragmentation reveals a clear research gap: no study 
to date has developed a unified diagnostic framework that 
incorporates PET/CT derived anatomical-metabolic param-
eters, systemic inflammatory biomarkers, and sarcopenia 
measures to classify non-cancerous, benign, and malignant 
lesions. Our study addresses this gap by proposing a multi-
modal ML framework that synthesizes these complementary 
data sources. By combining diverse but clinically relevant 
predictors, we aim to demonstrate that a carefully selected, 
reduced feature set can maintain high diagnostic accuracy 
while enhancing interpretability and clinical applicability. 
Table 1 presents a summary of the relevant literature.

Methods

This study was conducted in accordance with the ethical 
standards of the Altınbaş University Ethics Committee (Pro-
tocol No: 2022/157) and the principles outlined in the Dec-
laration of Helsinki. Informed consent was obtained from 
all participants prior to their inclusion in the study. Figure 1 
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presents an overview of the data collection procedure and 
the step-by-step methodology applied during the ML.

Descriptions of the dataset

The study included patients who underwent PET/CT (Dis-
covery 600, GE Medical Systems, Milwaukee, Wis, USA) 
imaging and routine clinical assessment at Nuclear Medicine 
Department of Yedikule Chest Diseases Hospital, Istanbul, 
Türkiye. The data were collected between 2023 and 2025.

Inclusion criteria were: (i) confirmed diagnosis of lung 
lesion (benign or malignant) or absence of malignancy, 
(ii) availability of PET/CT imaging parameters, laboratory 
results, and sarcopenia assessments. Patients with incom-
plete records were excluded. The final dataset consisted of 
222 patients (F: 58, M: 164), categorized into three groups: 
non-cancerous, benign, and malignant.

The dataset included various types of features grouped 
into four main categories:

(1)	 The demographic and anamnesis-based variables such 
as sex, age, height, weight, derived ratios as body mass 
index, and smoking status;

 

(2)	  The sarcopenia-related parameters derived from F-sar-
copenia and M-sarcopenia assessments, including hand-
grip strength, quadriceps strength, gait speed, Timed Up 
and Go (TUG), Five Times Sit-to-Stand Test (FTSST), 
skeletal muscle area (SMA), and SMI;

(3)	  The next-generation inflammatory biomarkers obtained 
from blood tests, including albümin (ALB), bilirubin 
(BIL), C-reactive protein (CRP), aspartate aminotrans-
ferase (AST), etc. and.

(4)	  PET/CT derived anatomical-metabolic imaging fea-
tures, including SUVmax, SUVmean, MTV, and TLG.

PET/CT metrics were obtained from manually delineated 
three-dimensional region of interest (ROIs) of the primary 
lesion on attenuation-corrected PET images, with CT used 
for anatomical verification. MTV was calculated using 
a fixed SUV threshold, and TLG as MTV×SUVmean. To 
verify volumetric reproducibility, two nuclear medicine 
physicians independently delineated a phantom of known 
volume (3025 cm³). Measured volumes were 3045 cm³ and 
3037 cm³, corresponding to absolute deviations of 20 cm³ 
(0.66%) and 12  cm³ (0.40%), with a mean deviation of 
0.53%. These small errors support the reproducibility of 
volumetric measurements.

Table 1  The summary of representative studies across the three 
domains, illustrating both their strengths and their limitations when 
considered separately
Study Year Data 

modality
Method/ 
Model

Reported 
performance

Limitations

Hen-
drix 
et al. 
[19]

2023 CT 
imaging

AI system 
for nodule 
detection

High sensi-
tivity, com-
parable to 
radiologists

Focused 
solely on 
imaging; 
no systemic 
or prognos-
tic factors 
considered

Lv 
et al. 
[20]

2024 CT 
imaging

MIFNet 
(deep 
learning)

94.82% 
accuracy, 
97.34% 
F1-score

Excellent CT 
performance, 
but lacks 
integration 
with bio-
chemical or 
clinical data

Del-
zell 
et al. 
[22]

2019 CT 
radiomics

Elastic 
net, SVM

AUC 0.72 Moderate 
accuracy; 
radiomics 
used in isola-
tion without 
systemic 
context

Kotou-
las 
et al. 
[23]

2025 Blood 
indices

AI models 95.7% 
accuracy

Lacks ana-
tomical speci-
ficity; cannot 
localize or 
characterize 
lesions

Guo et 
al. [3]

2018 Blood 
biomark-
ers

Prognostic 
analysis

Significant 
survival 
associations

Prognostic 
focus; not 
designed for 
diagnostic 
classification

Su et 
al. [5]

2025 Blood 
biomark-
ers

Meta-
analysis

Predictive 
utility in 
treatment 
response

Aggregated 
evidence, but 
no integration 
with imaging 
modalities

Yang 
et al. 
[10]

2019 Sarcope-
nia (CT 
mor-
phom-
etry)

Meta-
analysis

Prognos-
tic value 
confirmed

Highlights 
importance 
of sarco-
penia, but 
not applied 
in diag-
nostic ML 
frameworks

Dong 
et al. 
[24]

2020 Chest CT 
radiomics 
(sarco-
penia 
detection)

LightGBM 90% 
accuracy

Sarcopenia 
detected via 
CT, but study 
limited to 
advanced 
cases and 
not com-
bined with 
biomarkers
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was imbalanced (non-cancerous = 44, benign = 44, malig-
nant = 89). We applied SMOTE (k = 5, random_state = 2025) 
exclusively on training folds, balancing the classes to 
89/89/89 and preventing test-set leakage. All randomized 
procedures used fixed seeds for reproducibility.

Model selection

The ML models employed in this study—Logistic Regres-
sion (LR), Support Vector Machine (SVM), Multilayer Per-
ceptron (MLP), Extreme Gradient Boosting (XGBoost), and 
Random Forest (RF)—were chosen to represent comple-
mentary learning paradigms encompassing linear models, 
kernel-based approaches, neural networks, gradient boost-
ing, and bagging ensembles. Such diversity is particularly 
advantageous for heterogeneous, mixed-type clinical and 
imaging datasets, as it enables evaluation across methods 
with distinct inductive biases. LR and SVM have been 
extensively applied in biomedical classification tasks due 
to their interpretability and robustness in high-dimensional 
data spaces [25, 26]. LR estimates the probability of class 
membership using the logistic function, modeling the log 
odds of the outcome as a linear combination of input fea-
tures [27]. SVM aims to find an optimal separating hyper-
plane that maximizes the margin between classes, with 
kernel functions enabling non-linear decision boundaries 
[28]. MLP provides the capacity to model complex, non-
linear feature interactions, making it suitable for multi-
modal data integration [29, 30]. XGBoost is recognized for 

The complete set of patient variables, together with the 
descriptive characteristics of the 222 patients and the class 
distributions (non-cancerous, benign, malignant), is pre-
sented in the list of abbreviations and the supplementary 
section.

Machine learning

Data preprocessing

To classify lung cancer into non-cancerous, benign, and 
malignant categories, a ML pipeline was implemented using 
Python (v3.9). The dataset was randomly split into training 
(70%) and testing (30%) subsets using the train_test_split 
function from Scikit-learn. The final performance metrics 
reported correspond exclusively to the independent test set, 
ensuring that no information from the test set was used dur-
ing training or parameter optimization.

Prior to modeling, all numerical features were standard-
ized using the StandardScaler (scikit-learn), which centers 
each feature by subtracting the mean and scales it to unit 
variance. Since the dataset contained no missing values, no 
imputation was necessary. Standardization parameters were 
computed from the training set and subsequently applied to 
the test set to avoid data leakage.

Given the class imbalance among diagnostic categories, 
the Synthetic Minority Oversampling Technique (SMOTE) 
was applied via the imblearn.over_sampling library. Class 
distribution in a representative outer-CV training split 

Fig. 1  The workflow of the study 
methodology which covers the 
entire process from data acquisi-
tion to ML-based classification and 
interpretation of lung cancer
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the ROC curve (AUC). In the multiclass setting, precision, 
recall (sensitivity), and F1-score were computed for each 
class using a one-vs-rest approach, and the macro-averaged 
values were reported. In addition, confusion matrices and 
ROC curves were generated to visually assess classification 
efficacy across classes.

Based on superior accuracy and AUC performance, the 
optimal classifier was identified. Subsequently, a feature 
importance analysis was conducted using this model, and 
the top 15 most predictive features were selected. The ML 
training process was then repeated using only these selected 
features to evaluate their discriminative power in reduced-
dimension models.

All analyses and visualizations (e.g., ROC plots and 
confusion matrices) were performed using pandas, numpy, 
scikit-learn, matplotlib, seaborn, and imbalanced-learn 
libraries.

Results

This section presents the outcomes of our ML analysis in 
three parts: (i) overall model performance across classifiers, 
(ii) statistical comparisons between models, and (iii) feature 
importance and reduced feature set classification.

Comparative performance of classifiers

The performance of five supervised ML algorithms—LR, 
MLP, SVM, XGBoost, and RF—was evaluated for multi-
class classification of lung cancer. Metrics including train-
ing and test accuracy, precision, recall, F1-score, and AUC 
were used for model comparison, as summarized in Table 3. 
All performance results reported in Table 3 correspond to 
the independent 30% test set after hyperparameter opti-
mization within the training set using nested 5-fold cross-
validation. The nested CV ensured robust model selection, 
while the independent test evaluation provided an unbiased 
estimate of generalization performance.

its efficiency and strong predictive performance in handling 
sparse and non-linear data [31], while RF offers robust-
ness to multicollinearity and the capability to rank feature 
importance effectively [32]. This model spectrum facilitates 
a modality-agnostic and balanced performance comparison 
under identical preprocessing and validation settings.

Hyperparameter tuning

Hyperparameter tuning and model selection were performed 
exclusively on the training set using nested 5-fold cross-
validation, and the final performance of each optimized 
model was then evaluated on the independent test set. This 
ensured that no information from the test set or validation 
folds leaked into the model training process, strengthening 
reproducibility and transparency.

Grid search was chosen because it provides exhaustive 
evaluation of predefined parameter ranges and, given the 
moderate dataset size and limited parameter space, offered a 
transparent and reproducible strategy compared to random 
optimization.

The parameter ranges explored and the final optimal val-
ues selected for each model are presented in Table 2. Model 
selection was based on both accuracy and AUC within the 
nested CV framework, with AUC prioritized when discrep-
ancies occurred, given its threshold-independent evaluation 
of classification performance.

Model evaluation

Model performance was evaluated on the independent test 
set using accuracy, precision, recall, F1-score, and area under 

Table 2  Hyperparameter ranges explored during grid search and final 
optimal values selected for each model
Model Parameters & ranges explored Final optimal 

values
RF n_estimators = {100, 300, 500, 

700}
max_depth = {5, 10, 15}

n_estimators = 500
max_depth = 10

XGBoost n_estimators = {100, 300, 500} 
max_depth = {3, 6, 10} 
learning_rate = {0.01, 0.05, 0.1} 
subsample = {0.6, 0.8, 1.0}

n_estimators = 500
max_depth = 6
learning_rate = 0.1
subsample = 0.8

SVM C = {0.1, 1, 10} 
gamma = {0.001, 0.01, 0.1}

C = 10
gamma = 0.01

MLP hidden_layer_sizes = {(50,), 
(100,), (100,50)} activation = 
{ReLU, tanh} 
learning_rate_init = {0.001, 0.01} 
alpha = {0.0001, 0.001}

hidden lay-
ers = (100, 50) 
activation = ReLU 
learning_rate_
init = 0.001
alpha = 0.0001

LR penalty = {L1, L2} 
C = {0.1, 1, 10} 
solver = {liblinear, saga}

penalty = L2
C = 1.0
solver = liblinear

Table 3  Comparative performance metrics of ML algorithms for mul-
ticlass classification of lung cancer

LR MLP SVM XGBoost RF
Train accuracy (%) 94.42 96 95.7 100 100
Test accuracy (%) 79 86 83 94 96
Precision 0.80 0.87 0.85 0.94 0.96
Recall 0.79 0.86 0.83 0.94 0.96
F1-score 0.78 0.86 0.83 0.94 0.96
AUC (average) 0.91 0.95 0.95 0.99 0.99
AUC (class 0) 0.95 1 0.98 1 1
AUC (class 1) 0.84 0.92 0.91 0.99 0.99
AUC (class 2) 0.95 0.96 0.98 0.99 0.99
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(55/55), while 7 benign cases were misclassified as malig-
nant and 11 malignant cases were misclassified as benign.

Feature importance analysis

Given its superior performance, RF was selected for fea-
ture importance analysis. The ranked importance values of 
the top predictive features are visualized in Fig. 4, provid-
ing insights into which variables played the most critical 
roles in differentiating between non-cancerous, benign, and 
malignant cases.

The feature importance analysis based on the RF model 
revealed that a small subset of variables had a dispropor-
tionately high impact on classification performance. The 

LR, while yielding a reasonable training accuracy of 
94.42%, exhibited a substantial decline in performance on 
the test set (79%), reflecting a clear overfitting issue. The 
model’s discriminatory ability was also uneven across 
classes, with notably reduced performance for class 1 
(AUC = 0.84), indicating difficulty in distinguishing benign 
group from other categories.

MLP showed initially promising results with perfect 
training accuracy (96%); however, the considerable drop to 
86% in test accuracy (Δ = 10%) suggests significant overfit-
ting and limited generalizability. For the MLP classifier, the 
training and validation curves are provided in Figs. 2 and 3. 
The training loss exhibits smooth convergence, while the 
validation accuracy stabilizes without oscillations, support-
ing the reliability of the reported MLP performance.

SVM delivered moderately balanced results, but its test 
accuracy of 83% remained lower than more advanced mod-
els. Although class-level AUCs were relatively high, the 
presence of overfitting (Δ = 12%) suggests that the model’s 
ability to generalize was compromised, especially in distin-
guishing benign cases (AUC = 0.91).

XGBoost performed substantially better than the previ-
ous models, with perfect training accuracy (100%) and a test 
accuracy of 94% with minimal overfitting risk (Δ = 0.06). 
However, despite strong overall performance and minimal 
overfitting, the model did not surpass the final classifier in 
this study in terms of precision, recall, or test accuracy.

RF yielded the highest overall performance among all 
tested models, with a training accuracy of 100% and a test 
accuracy of 96%, and no signs of overfitting. The model 
achieved perfect precision (0.96) and the highest recall 
(0.96), resulting in an F1-score of 0.96. Its average AUC 
was 0.99, and class-specific AUCs reached 1.00 (non-can-
cerous), 0.99 (benign), and 0.99 (malignant). These results 
indicate that RF provided the most accurate and generaliz-
able predictions in this multi-class classification task [33]. 
Table 4 presents class-wise performance metrics of the RF 
classifier on the independent test set.

Statistical comparison of models

To further examine whether differences across models were 
significant, a Friedman test was applied across the five clas-
sifiers, yielding significant overall differences (χ²=15.6, 
p = 0.0013). Post-hoc Nemenyi analysis confirmed that RF 
achieved significantly higher accuracy compared to other 
classifiers (p < 0.05). These statistical tests reinforce that RF 
was not only the top performer numerically but also statisti-
cally superior to alternative models.

Residual misclassifications mainly occurred between 
benign and malignant cases. For RF, confusion matrix totals 
showed non-cancerous cases were all correctly classified 

Table 4  Class-wise performance metrics (precision, recall, F1-score, 
and AUC) of the best-performing RF classifier on the independent test 
set
Class Precision Recall F1-score AUC
Non-cancerous 1.00 1.00 1.00 1.00
Benign 0.96 0.88 0.94 0.99
Malignant 0.94 1.00 0.96 0.99

Fig. 3  Training and validation loss curves for the MLP classifier

 

Fig. 2  Training and validation accuracy curves for the MLP classifier
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Classification using the top 15 features

To test whether performance could be preserved with fewer 
predictors, the RF model was retrained using only the top 
15 features identified in the importance ranking. As shown 
in Fig. 5, the reduced model maintained high performance: 
training accuracy remained at 100%, while test accuracy 
increased slightly to 97%. Precision, recall, and F1-score all 
reached 0.97, with an average AUC of 0.99.

These findings indicate that a smaller, well-curated fea-
ture set can preserve near-optimal performance, improving 
interpretability and efficiency without sacrificing accuracy.

Statistical test results before and after feature 
selection

To assess the robustness of classifier performance, statis-
tical tests were performed on both the full feature set and 
the reduced set of the top 15 most important features. For 
the full feature set, the Friedman test revealed significant 
overall differences among classifiers (χ²=15.6, p = 0.0013). 
Post-hoc Nemenyi analysis indicated that RF significantly 
outperformed all other models (p < 0.05).

After feature selection, the Friedman test again showed 
significant differences (χ²=16.2, p = 0.0009), with RF main-
taining a statistically significant advantage over LR, SVM, 

most influential feature was SUVmax, contributing 22.6% 
to the model’s decisions, followed by SUVort (18.5%), TLG 
(14.6%), and MTV (14.0%). These PET/CT-derived param-
eters together accounted for nearly 69% of the model’s 
predictive power, underscoring the central role of anatomi-
cal-metabolic imaging in lung cancer classification.

Additional features with moderate contribution included 
BIL (2.4%), ALB/BIL ratio (1.8%), age (1.7%), WBC 
(1.7%), NEU/WBC ratio (1.4%), and ALT (1.2%). Other 
features such as SMI (1.1%), ALB/AST (1.0%), AST/
BIL (1.0%), ALB/ALT (0.9%), and gait speed (0.9%) also 
showed measurable influence on the classification output, 
indicating the added value of sarcopenia- and inflammation-
related markers when used in conjunction with imaging 
variables.

To better understand the contribution of different fea-
ture groups, we explicitly aggregated RF–based feature 
importance values by category. PET/CT-derived variables 
accounted for the majority of predictive power with a mean 
contribution of approximately 69%, compared to 18% for 
inflammatory biomarkers and 13% for sarcopenia-related 
measures. This distribution highlights one of the key con-
tributions of our study: although PET/CT parameters domi-
nate classification performance, systemic inflammatory and 
sarcopenia measures provide complementary value, under-
scoring the importance of multimodal integration.

Fig. 4  Feature importance ranking based on the RF classifier
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extending the literature by demonstrating its applicability to 
a three-class classification problem. From a clinical perspec-
tive, this approach has the potential to reduce unnecessary 
biopsies, accelerate decision-making, and support personal-
ized diagnostic strategies in lung cancer management.

Discussion

This study demonstrated the effectiveness of a multimodal 
ML approach in classifying lung cancer into non-cancerous, 
benign, and malignant categories. By integrating sarcopenia 
indicators, inflammatory biomarkers, and PET/CT derived 
parameters, our findings provide evidence that the use of het-
erogeneous clinical and imaging features can substantially 
improve diagnostic accuracy in lung cancer assessment.

Novelty of this study lies in the integration of three 
distinct domains—PET/CT derived parameters, systemic 
inflammatory biomarkers, and sarcopenia-related functional 
and morphometric measures—into a single ML–based clas-
sification framework for lung cancer diagnosis. While each 
of these modalities has been independently investigated 
for their diagnostic or prognostic relevance, to the best of 
our knowledge, no prior work has combined all three into 
a multimodal model capable of simultaneously classifying 
non-cancerous, benign, and malignant lesions. Furthermore, 
by applying a feature importance–driven selection process, 
we demonstrate that a reduced subset of only 15 features 
can preserve near-optimal predictive performance, improv-
ing interpretability and clinical applicability compared to 
more complex, single-modality deep learning approaches 
reported in the literature.

Among the five tested ML algorithms, RF achieved 
the highest overall performance, yielding a test accuracy 

MLP, and XGBoost (p < 0.05). These results confirm that 
reducing the feature space did not diminish statistical sepa-
rability but rather reinforced the stability and superiority of 
RF under both conditions. Table 5 summarizes the statistical 
outcomes.

Summary of results

The obtained results demonstrate that integrating PET/
CT derived anatomical-metabolic parameters, systemic 
inflammatory biomarkers, and sarcopenia-related indices 
into a multimodal ML framework substantially improves 
classification performance compared to single-modality 
approaches. This suggests that the combined use of anatom-
ical-metabolic, inflammatory, and morphometric features 
captures complementary pathophysiological information, 
enabling more robust discrimination between non-can-
cerous, benign, and malignant lesions. The high accuracy 
achieved, particularly with the RF model, indicates that 
conventional ML techniques—when optimized and applied 
to well-curated multimodal datasets—can rival or even 
surpass performance levels reported in recent deep learn-
ing studies on similar diagnostic tasks. These findings are 
consistent with prior evidence that multimodal integration 
enhances predictive power in oncologic imaging, while also 

Table 5  Statistical test results comparing classifiers before and after 
feature selection
Condition Test 

performed
χ² / 
Statistic

p-value Post-hoc findings 
(Nemenyi)

Full feature 
set

Friedman χ² = 15.6 0.0013 RF signifi-
cantly > LR, SVM, 
MLP, XGBoost

Reduced 
(Top 15 
features)

Friedman χ² = 16.2 0.0009 RF signifi-
cantly > LR, SVM, 
MLP, XGBoost

Fig. 5  Confusion matrix and ROC curves for RF classification using top 15 features
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of 97% and an AUC of 0.99, surpassing most previously 
reported values. This suggests that the combination of imag-
ing, sarcopenia assessment, and inflammatory biomarkers 
within a carefully engineered ML pipeline can outperform 
many deep learning models relying on a single modality. 
The inclusion of physical function and biochemical mark-
ers likely contributed additional discriminatory power not 
captured by imaging alone, offering a holistic perspective 
on tumor biology and host status.

The importance of PET/CT derived parameters such as 
SUVmax, SUVort, TLG, and MTV in the classification pro-
cess is consistent with prior studies that have reported their 
prognostic and diagnostic relevance in lung cancer staging 
and treatment response [7, 8]. The dominance of these imag-
ing markers—together accounting for nearly 70% of the 
model’s classification power—highlights the critical role of 
metabolic tumor burden in differentiating malignancies.

Notably, the inclusion of sarcopenia parameters such 
as SMI, gait speed, and albumin-based ratios contributed 
meaningfully to the model’s decision-making. This obser-
vation supports earlier evidence that sarcopenia is not only 
a prognostic factor but also a potential diagnostic marker 
in lung cancer [10, 24]. Particularly, the inclusion of func-
tional and M-sarcopenia assessments adds value to imag-
ing-based models by incorporating indicators of systemic 
health and physical resilience, which may correlate with 
cancer biology.

Inflammatory biomarkers also played a non-negligible 
role in classification. Variables such as CRP, ALT, and com-
posite ratios like ALB/BIL and NEU/WBC were among the 
top contributors, echoing findings from Guo et al. [3] and 
Su et al. [5], who reported the predictive utility of systemic 
inflammation markers in lung cancer progression and treat-
ment response.

This study contributes to a growing body of evidence 
advocating for multimodal ML-based classification strate-
gies in oncology. By integrating quantitative imaging, labo-
ratory values, and physical performance metrics, clinicians 
can leverage ML models not only for diagnosis but poten-
tially for risk stratification, follow-up planning, and treat-
ment personalization.

However, several limitations should be acknowledged. 
The dataset, while diverse, was sourced from a single insti-
tution, and external validation using independent cohorts is 
needed to confirm generalizability. Additionally, although 
RF provided high accuracy and feature interpretability, 
future work could explore ensemble methods combining 
model types or incorporate explainability frameworks (e.g., 
SHAP, LIME) for more transparent decision support.

Future research could extend our approach by incorpo-
rating deep learning techniques. Convolutional neural net-
works may allow for more nuanced extraction of imaging 

of 96% and an average AUC of 0.99. This finding aligns 
with previous literature showing the robustness of ensemble 
learning methods in medical classification tasks involving 
high-dimensional, heterogeneous data [13, 14]. Further-
more, when the model was retrained using only the top 15 
most informative features—dominated by PET/CT param-
eters (e.g., SUVmax, TLG, MTV), along with sarcopenia 
and inflammation-related indices (e.g., SMI, ALB/BIL)—
the test accuracy improved to 97%. This result confirms 
that a reduced, well-curated feature set can preserve pre-
dictive power while enhancing model interpretability and 
efficiency. It is important to note that reported performance 
metrics consistently refer to the independent test set, with 
cross-validation used solely during the training phase.

When compared to recent artificial intelligence–based 
studies on lung cancer classification, our model demon-
strated competitive or superior performance. For instance, 
Lv et al. [20] developed MIFNet, a deep learning model with 
multi-scale fusion for lung nodule classification, achiev-
ing 94.82% accuracy and an F1-score of 97.34% using CT 
imaging alone [20]. Abdullah et al. [21], using SVM on 
UCI-sourced lung cancer data, achieved 95.56% accuracy 
[21], while Delzell et al. [22] applied radiomic features from 
CT to traditional ML models and reached an average AUC 
of 0.72, which is notably lower than the 0.99 AUC obtained 
in our study [22]. Furthermore, [23] summarized that AI 
models achieved accuracies of 95.7% using routine blood 
indices and 82.0% with imaging to differentiate malignant 
from benign cases [23]. The comparison of recent literature 
is summarized in Table 6.

In contrast, our RF classifier—especially when restricted 
to the top 15 multimodal features—achieved a test accuracy 

Table 6  The comparison of recent literature
Study / 
Model

Data type / Features 
used

Method Accuracy AUC

Lv et al. 
[20]

CT imaging only 
(multi-scale fusion, 
deep learning)

CNN-based 
deep learning

94.82% –

Abdul-
lah et al. 
[21]

UCI-sourced lung 
cancer dataset

SVM 95.56% –

Delzell 
et al. 
[22]

Radiomic features 
from CT

ML models 
(e.g., LR, 
SVM)

– 0.72

Kotoulas 
et al. 
[23]

Routine blood indi-
ces / Imaging

AI models 
(unspecified)

95.7 / 
82.0%

–

Our 
Study 
(2025)

Multimodal: PET/
CT (SUVmax, 
MTV), sarcopenia 
(SMI, gait speed), 
inflammatory 
biomarkers (CRP, 
ALB/BIL)

RF (with 
feature 
selection)

97% 0.99
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Conclusion

This study presents a novel multimodal ML framework 
that integrates PET/CT derived anatomical-metabolic 
parameters, inflammatory biomarkers, and sarcopenia-
related variables for the classification of lung cancer into 
non-cancerous, benign, and malignant categories. The RF 
model demonstrated the highest diagnostic performance, 
maintaining near-perfect accuracy and AUC, particularly 
when applied with a reduced set of top features. The perfor-
mance of this optimized model surpassed most previously 
published AI-based approaches that rely on single-modality 
data such as imaging or laboratory values alone.

These findings underscore the value of combining ana-
tomical, functional, and biochemical markers in enhancing 
classification performance and clinical interpretability. In 
particular, our analysis of RF feature importance revealed 
that PET/CT derived variables contributed ~ 69% of predic-
tive power, compared to 18% for inflammatory biomarkers 
and 13% for sarcopenia measures. This result represents a 
central contribution of our study, demonstrating both the 
dominant role of imaging and the complementary value of 
systemic and functional health indicators. Importantly, it is 
also shown that high accuracy can be maintained even with 
a reduced number of features, improving the model’s effi-
ciency and potential applicability in clinical practice.

Future studies should focus on external validation with 
larger, multi-institutional datasets and investigate the inte-
gration of explainable AI techniques to enhance transparency 
and clinician trust. Additionally, prospective applications of 
this model in real-time diagnostic workflows may further 
reveal its utility in improving patient outcomes in oncology 
settings.
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