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Abstract

Objectives: This study aimed to apply machine learning
(ML) models to enhance lung cancer (LC) classification,
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distinguishing malignant from benign tumors, using data
from 73 patients.

Methods: The dataset included PET/CT biomarkers and
demographic factors, with SMOTE applied to address class
imbalance. Three models were evaluated using 10-fold cross-
validation to compare Random Forest (RF), Decision Tree
(DT), Extra Trees Classifier (ETC), and XGBoost algorithms
based on accuracy and AUC.

Results: ETC performed best in Model 1 (86 % accuracy, AUC
0.95), RF in Model 2 (94 % accuracy, AUC 0.97), and XGBoost
in Model 3 (94 % accuracy, AUC 0.98). XGBoost consistently
outperformed others, particularly in Model 3, which
included age and smoking. Feature importance analysis
highlighted SUVmax as the most predictive variable, with
smoking having a moderate influence and gender being
minimal.

Conclusions: Integrating clinical and lifestyle data with
PET/CT parameters significantly improved LC classification.
XGBoost emerged as the most effective model, demon-
strating that comprehensive models enhance diagnostic ac-
curacy beyond traditional metrics.

Keywords: lung cancer; malignant; benign; machine
learning; XGBoost; smote

Introduction

Lung cancer continues to be the primary cause of cancer-
related death globally, with notable regional differences in
incidence rates. Lung cancer is the second most prevalent
cancer diagnosed worldwide, accounting for 11.4% of all
new cases in 2020, according to the Global Cancer Observa-
tory [1]. Genetic predispositions, environmental exposures,
and smoking prevalence all have an impact on the incidence
of lung cancer. Malignant and benign are the two main
classifications of lung cancer. The more common malignant
lung tumors are small cell lung cancer (SCLC) and non-small
cell lung cancer (NSCLC), with NSCLC making up about 85 %
of cases [2]. Despite being less frequent, benign lung tumors
can nevertheless be extremely dangerous to patient health
because they can mimic malignant tumors and result in
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consequences, including airway obstruction [3]. Accurate
diagnosis and treatment planning depend on the distinction
between benign and malignant lung tumors, underscoring
the significance of sophisticated imaging methods and his-
tological examination in clinical practice.

Positron Emission Tomography/Computed Tomography
(PET/CT) is an invaluable tool, especially when assessing
tumor anatomical aspects and metabolic activity in diag-
nosing and treating cancer. Important PET/CT-based metrics
for oncological evaluations are the metabolic tumor volume
(MTV), total lesion glycolysis (TLG), and maximum stan-
dardized uptake value (SUVmax). SUVmax is a measurement
of a tumor’s maximum concentration of radiotracer uptake
that offers information about its metabolic activity; larger
values are frequently associated with more aggressive dis-
ease [4]. TLG provides a thorough assessment of the tumor’s
overall metabolic load. It is especially helpful in determining
treatment response and prognosis because it integrates
metabolic activity (SUV) and the tumor volume [5]. MTV is a
critical criterion for treatment planning and staging because
it represents the metabolically active tumor volume [6].
Regarding lung cancer, several characteristics have
demonstrated noteworthy predictive significance. Elevated
SUVmagx, TLG, and MTV are frequently linked to unfavorable
results and can help distinguish benign from malignant le-
sions, direct biopsy choices, and customize treatment
strategies.

The categorization and diagnosis of many diseases,
including lung cancer, have greatly improved using machine
learning (ML) in healthcare. Personalized medicine could
benefit greatly from machine learning’s capacity to auto-
mate and enhance categorization. This could lead to more
focused treatment plans and better patient outcomes
through early and accurate diagnosis.

In light of this information, this study’s primary goal is
to create ML models that use PET/CT-based anatomical-
metabolic tumor parameters, such as SUVyax, TLG, and MTV,
to classify lung cancer patients that are malignant and
benign. Furthermore, the research aims to examine the
importance of these characteristics in distinguishing be-
tween benign and malignant lung lesions.

Literature review

Recent developments in ML have improved lung cancer
categorization significantly, allowing for a more accurate
distinction between benign and malignant lesions. Research
hasindicated that ML algorithms have the capacity to handle
and evaluate intricate imaging data, specifically from PET/CT
scans, to enhance prognostic evaluations and diagnosis
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precision. By using deep learning models to analyze of low-
dose chest CT scans, Ardila et al. [7] were able to diagnose
lung cancer with a high degree of specificity and sensitivity.
Convolutional neural networks (CNNs) were also used by Liu
et al. [8], showing notable gains over conventional tech-
niques in the categorization of lung nodules as benign or
malignant.

Numerous research have examined the relative
importance of SUVy,,x, MTV, and TLG in cancer diagnosis
and prognosis within the context of PET/CT parameters.
SUVmax is a commonly used metric to measure tumor
metabolic activity. Higher SUVmax values were reported to
be substantially linked to malignancy and a worse prognosis
in lung cancer patients by Roengvoraphoj et al. [9]. On the
other hand, there are studies reporting that SUV,,,y is not
sufficient to represent the metabolic burden of the tumor
entirely and that, in some cases, MTV and TLG are more
successful in diagnosis [10-12].

Despite these findings, the relative importance of SUV-
max MTV, and TLG is still being researched. Combining these
characteristics in ML models can enhance diagnostic per-
formance and yield a more comprehensive understanding of
tumor biology, according to studies by Ohri et al. [13] and
Hyun et al. [14].

Materials and methods
The dataset

The study included 73 patients (F: 23, M: 50) scanned with
suspected lung cancer or followed up in the Nuclear Medi-
cine Department of Yedikule Chest Diseases Hospital. In-
clusion criteria for the study were as follows: being 18 years
of age or older, having no prior cancer diagnosis, signing the
informed consent form, and having no active infection. All
patients included had undergone FDG PET/CT imaging due to
suspected lung cancer and had received a definitive diag-
nosis confirmed through histopathological examination and/
or multidisciplinary clinical evaluation. Exclusion criteria
included a history of other malignancies, uncontrolled se-
vere systemic diseases (such as uncontrolled diabetes that
could affect FDG uptake), and lack of cooperation that would
impair the acquisition of high-quality PET/CT scans. FDG
PET/CT was performed using a PET/CT scanner (Discovery
600, GE Medical Systems, Milwaukee, Wis, USA). The FDG
PET/CT scan was performed after at least 6 h of fasting for all
individuals. At the time of the FDG injection, their blood
glucose levels were less than 150 mg/dL. FDG activity was
3.5 mCi/kg for each patient.
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In the dataset, some demographic characteristics of the
patients and some features based on PET/CT scans consid-
ered biomarkers for lung cancer were used to reveal the
effect of ML applications for lung cancer diagnosis. In this
dataset, the descriptive information of the attributes of 73
patients and the class numbers used in malignant/benign
estimation are shown in Table 1 in detail.

In order to equalize the sample numbers, the data set
was smoothed using virtual data replication. For this, the
SMOTE technique was applied using the SMOTE function
from the imblearn.over_sampling module in Python, with
default parameters (random_state=42, sampling strate-
gy=‘auto’). Crucially, to prevent data leakage and artificially
inflated performance metrics, the dataset was first split into
training and testing sets. The SMOTE algorithm was then
applied strictly to the training data alone; the test set
remained completely unaltered and unseen during model
training.

In the study, machine learning was performed by
developing three different datasets in the form of PET/CT-
based diagnostic parameters and the combination of pa-
rameters such as some demographic characteristics and
smoking. Detailed information about the datasets is shown
in Table 2.

Cross validation

The accuracy of the outcomes produced by systems designed
for specific purposes can be used to assess their success. The
k-fold cross-validation approach is the most widely used
technique for this evaluation [15]. In this method, the dataset
is divided into k subsets, each containing an equal number of
data points. One cluster is utilized for testing, and k-1 clusters
are used for training using this data set. Our hypothesis is
supported by the average error value derived from k
experiments.

Table 1: Descriptive information of attributes in the dataset.

Variable Range Mean
Smoking, Non-smoker (14), 1-10 (4), 11-20 (6), 21-30 -
year (12), 30 and above (37)

SUVmax 0.4-39.4 1.7+75
MTV 2.2-317.8 382+52
TLG 3.7-4,292.4 307.6 + 557.7
Age, year 41-89 64+ 10
Class Category Frequencies
0 Malignant 59
1 Benign 14
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Table 2: The features for three different datasets used in machine
learning.

Model numbers Used features

Model 1 SWnax  MTV  TLG
Model 2 SUVmax  MTV  TLG  Age Sex  Smoking
Model 3 SUVmax  Age  Sex  Smoking

Due to the volume of data being collected and the
amount of computing power needed, the k value for this
experiment was set at 10. This technique was used to fill in
the gaps the testtrain split strategy left. In addition to the
cross-validation process, the data set was divided into
training and test (7:3) halves, and the accuracy values were
calculated and compared.

Machine learning algorithms

It has been preferred to utilize algorithms that can function
with minimal data, are less affected by outlier observations,
and show simplicity of application to any data format
(particularly discrete, continuous, or mixed data) given the
dataset used in the study. Furthermore, the Python software
utilized scikit-learn, a free programming language library,
for the machine learning application.

Four distinct ML techniques were assessed for binary
classification, namely: Random Forest (RF), Decision Tree
(DT), Extra Trees Classifier (ETC), and XGBoost. The accu-
racy, 10-fold cross validation based accuracy, and the
receiver operating characteristic (ROC) curves were used to
compare the discriminative performances of the four ML
classifiers according to the definitions of malignant/benign.
The performance evaluation measure was based on the area
under the ROC curve (AUC). In addition, the importance of
the attributes used on the malignant/benign classification
was investigated.

To enhance the reliability of performance evaluation,
10-fold cross-validation was conducted during the modeling
process. However, a 70:30 train-test split was primarily uti-
lized for illustrative purposes, including performance com-
parison and the visualization of confusion matrices and ROC
curves. Final performance metrics such as accuracy and AUC
were calculated based on the results obtained from the
70:30 split.

The testing subset (30 %) was strictly held out and not
used during model training. This allowed us to assess
generalization on previously unseen data and to present
confusion matrices and ROC curves based on truly internal
validation using the held-out subset.
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Results and discussion

In this study, ML was performed using RF, DT, ETC, and
XGBoost algorithms for malignant/benign lung cancer clas-
sification as the dependent variable. Three different dataset
models were created as combinations of potential indepen-
dent variables used in lung cancer diagnosis. While the main
dataset had six variables and 73 observations, the number of
observations was increased to 118 by equalizing the number
of patients belonging to the malignant/benign class with the
SMOTE algorithm.

Accuracy (%), 10-fold cross validation based accuracy
(%), and AUC values (%) were used to compare ML algo-
rithms. Binary classification was used to predict malignant/
benign groups, which were considered as two separate
outputs. Figure 1 shows the confusion matrices produced by
the four different ML techniques used for Models 1, 2, and 3.
The values that were correctly predicted are shown in the
first and fourth cells, whereas the values that were incor-
rectly predicted are shown in the other cells.

RF, DT, and ETC were the most accurate algorithms for
Model 1. The numbers correctly classified for malignant/benign
groups in all three models were 17/14. False negative rates for
malignant and benign classification were 15 and 12.5 % for RF,
DT, ETC algorithms, respectively, while 20 and 12.5% for the
XGBoost algorithm. For Model 2, the RF algorithm was the most
accurate with 94 % prediction accuracy. In the malignant/
benign classification, false negative rates were calculated as 5-
6.2 %, 35-0 %, 10-12.5%, and 15-6.2% for RF, DT, ETC, and
XGBoost algorithms, respectively. For Model 3, the most accu-
rate algorithms were RF, DT, and XGBoost, with an accuracy
rate of 94 %. The numbers correctly classified for malignant/
benign groups in all three models were 19/15. False negative
rates for malignant and benign classification were 5 and 6.2 %
for RF, DT, and XGBoost algorithms, respectively, while 10 and
25% for ETC algorithms.

ROC curves are a method that shows an algorithm’s
sensitivity and specificity capabilities. In addition to ac-
curacy assessment, measuring how well the algorithm
predicts classes is essential. The area under the ROC curve
AUC value close to 1is associated with algorithm’s success.
The AUC values, accuracy, and 10-fold cross validation
based accuracy values of the algorithms for Models 1, 2
and 3 are shown in detail in Table 3.

Except for Model 1, other models’ accuracy rates based
on 10-fold cross-validation were low. For the Model 1 dataset,
the ETC algorithm was the most successful method for ma-
lignant/benign classification, with an accuracy of 86 % and
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Figure 1: The confusion matrices produced by RF, DT, ETC, and XGBoost
were used for Models 1, 2, and 3.
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Table 3: The features of three different datasets used in ML.

Accuracy 10-fold cross validation AUC based

based accuracy  ROC curves

Model 1 RF 0.86 0.88 0.93
DT 0.86 0.88 0.86

ETC? 0.86 0.91 0.95

XGBoost 0.83 0.87 0.91

Model 2 RF® 0.94 0.91 0.97
DT 0.81 0.84 0.82

ETC 0.89 0.90 0.96

XGBoost 0.89 0.88 0.97

Model 3 RF 0.94 0.90 0.97
DT 0.94 0.86 0.94

ETC 0.83 0.88 0.95

XGBoost? 0.94 0.87 0.98

“Indicates the optimal machine learning algorithm with the highest AUC
value for the respective dataset model. Bold text highlights the best-
performing algorithm for each specific evaluation criterion within the
respective models.

an AUC value of 0.95. In the Model 2 dataset, the RF algorithm
was the most successful prediction method, with 94 % ac-
curacy and 0.97 AUC value. When the Model 3 dataset was
evaluated, it was determined that XGBoost was the most
optimal classification algorithm with 94 % accuracy and 0.98
AUC value. Although the performance metrics of the algo-
rithms were numerically close across the three different
dataset models, it was observed that XGBoost performed the
best malignant/benign classification with 94 % accuracy and
a 0.98 AUC value when utilizing the comprehensive Model 3
dataset. Alternatively, it was determined that the RF algo-
rithm could still perform successful classification in machine
learning through the Model 2 data set.

Table 4 shows the results of the feature importance level
searches according to the classification algorithms showing
optimal results for each of the three datasets.

Although there are publications in the literature that
highlight the superiority of MTV and TLG over SUVy,ax in the

Table 4: Results of three different datasets for feature importance search
with optimal algorithm.

Feature names Importances
Model 1 Model 2 Model 3
ETC algorithm RF algorithm XGBoost algorithm
SUVpax 0.48 0.44 0.60
MTV 0.20 0.12 -
TLG 0.32 0.23 -
Age - 0.09 0.08
Sex - 0.03 0.05
Smoking - 0.09 0.27
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analysis of PET-CT quantitative parameters in other cancer
groups, such as lung cancer or spinal cord tumor cases [10,
12, 13], in our study, SUVyax [4, 16, 17], — widely accepted and
established in clinical practice — was chosen as the common
feature across three different dataset models in which
various parameter combinations were tested.

In addition, only PET/CT anatomical-metabolic param-
eters were included in Model 1, all available parameters in
Model 2, and parameters such as age, gender, and smoking
were included in Model 3. In the feature significance analysis
based on ETC, RF, and XGBoost algorithm, which provided
optimal results in Model 1, Model 2, and Model 3, the SUVy,a¢
feature contributed the most to malignant/benign classifi-
cation with 48, 44, and 60 %, respectively.

Based on the results of Model 1 and Model 2, TLG
contributed second (32 % for ETC, 23 % for RF) and MTV
contributed third and last (20 % for ETC, 12 % for RF) to the
classification of PET/CT anatomical-metabolic parameters.
Ohri et al. [13] evaluated MTV among pretreatment FDG-PET
metrics as a predictive parameter for clinical outcomes of
patients treated with chemoradiotherapy in stage III non-
small cell lung cancer. Matsimoto et al. [12] concluded that
MTV can predict the clinical outcome of primary malignant
spine/spinal tumors. Im et al. [10], evaluated MTV compre-
hensively and stated that it shows efficacy in many types of
malignancies and is a comprehensive parameter that better
reflects metabolic tumor burden. Our results differ from the
literature in that TLG ranked second, and MTV ranked third
on malignant/benign classification. While previous studies
have highlighted the prognostic value of MTV and TLG for
predicting survival and treatment response, our study spe-
cifically targets the diagnostic differentiation between
benign and malignant lesions. In this classification task,
SUVmax (representing peak metabolic activity) emerged as
the most dominant feature. This suggests that while volu-
metric parameters are critical for assessing total tumor
burden and prognosis, peak intensity may be more specific
for the initial binary classification of malignancy, indepen-
dent of the patient cohort demographics.

In our study, when Model 2 was evaluated within itself,
gender was found to have a meager contribution to classi-
fication with 3%. In comparison, age and smoking (9 %)
contributed almost as much as MTV (12 %). When Model 3
was evaluated in itself, gender was found to have a very low
contribution to classification with 5 %, while smoking was
found to have a high effect with 27 %. Lim et al. [17] devel-
oped a ML approach using PET/CT-based radiomics for the
prediction of PD-L1 expression in non-small cell lung cancer.
Accordingly, optimal parameters were determined from
radiomics features through the Gini index. Consistent with
these previous findings, SUVmax emerged as the most
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critical feature across all our models; however, relying solely
on anatomical-metabolic parameters (Model 1) proved
insufficient, yielding the lowest accuracy and highlighting
the necessity of integrating clinical data, such as age and
smoking, to achieve optimal performance (Models 2 and 3). It
was concluded that gender, the parameter with the lowest
contribution in all cases, is a negligible scale, in line with the
literature [17].

In our study, RF, DT, ETC, and XGBoost algorithms were
used for binary classification using tabular data sets in Excel
format (xlsx). XGBoost algorithm was found to provide
optimal binary classification with 94 % accuracy and 0.98 AUC.
In similar binary classification studies in the literature; Liu
et al. [8] obtained 94 % accuracy and 0.981 AUC using multi-
view convolutional neural networks for lung nodule classifi-
cation, while other studies calculated accuracy between 77 and
88 % and AUC between 0.92 and 0.94 [18-22]. This comparison
highlights that, for structured tabular data involving PET/CT
and clinical features, traditional ML algorithms can achieve
high classification performance, offering advantages in
interpretability and computational efficiency without the
need for complex image-level deep learning architectures.

Finally, 10-fold cross-validation was applied not to
enhance performance, but to verify model stability. The fact
that cross-validation results were consistent with the hold-
out test set accuracy confirms the robustness of our models
and indicates that the high classification performance is not
due to a specific random split of the data. Although the
performance difference between XGBoost and other classi-
fiers (like RF) was not statistically significant, XGBoost was
selected as the representative optimal model due to its
consistent performance and highest numerical AUC value.
This lack of significant difference also highlights that the
combined dataset (Model 3) provides strong predictive po-
wer independent of the specific algorithm chosen.

Considering the scope of this study, several limitations
should be acknowledged. First, the dataset was derived from
a relatively small cohort of 73 patients from a single medical
center. Although promising results were achieved in classi-
fication performance using multiple ML algorithms and
cross-validation techniques, the limited sample size may
affect the generalizability of the models. Furthermore, the
single-center nature of the data restricts the variability in
patient demographics and clinical protocols. Future
research should aim to validate these findings in larger,
multi-center datasets to enhance model robustness and
ensure broader applicability across diverse clinical settings.

Moreover, the study did not include additional biolog-
ical parameters such as genetic or inflammatory markers,
which may also contribute to the malignant/benign classifi-
cation. Parameters like PD-L1 expression, circulating tumor
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DNA, or C-reactive protein (CRP) could potentially enhance
the diagnostic model when combined with PET/CT and
clinical data. However, these were not routinely available
for all patients in our cohort. Future studies should consider
incorporating a broader range of biological indicators to
develop more comprehensive and biologically informative
models. In this context, adapting methods for robust
biomarker screening, typically employed in gene expression
data analysis, would be valuable for selecting the most
predictive features from high-dimensional radiomic and
clinical datasets.

Additionally, it is important to note that the feature
importance scores reported in this study were derived from
tree-based models (such as Gini importance). In small datasets,
these native importance metrics can sometimes be biased or
unstable. Therefore, while SUVmax emerged as a dominant
predictive feature in our current models, future studies
employing permutation-based feature importance or rigorous
stability analyses on larger cohorts are necessary to confirm
the absolute hierarchy of these diagnostic parameters.

Conclusions

This study systematically assessed the effectiveness of four
ML algorithms — RF, DT, ETC, and XGBoost - in categorizing
instances of malignant and benign lung cancer using various
combinations of diagnostic criteria. The study demonstrated
the effectiveness of the XGBoost algorithm, which achieved
the highest classification accuracy of 94 % and an AUC value
of 0.98. This was particularly evident when the dataset
included patient demographics and lifestyle factors, such as
age and smoking history, in addition to PET/CT anatomical-
metabolic parameters.

Significantly, the results showed that although SUVmax,
a widely used clinical metric, was consistently necessary for
categorization in all models, the predictive accuracy was
much improved by adding other variables, including age and
smoking. Additionally, the study discovered that, in this
specific patient group, parameters like TLG and MTV — which
have been heavily stressed in earlier research — contributed
less to classification accuracy than anticipated.

The study also highlighted the drawbacks of relying
solely on anatomical-metabolic factors (as in Model 1), which
produced the lowest accuracy and AUC values. This shows
that classification models can be significantly enhanced by
including readily available clinical data. The cross-validation
findings were utilized to estimate the generalization per-
formance of our models, confirming that the classification
stability remained acceptable across different data splits,
despite the inherent limitations of the small cohort size.
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Overall, this work confirms that ML methods — particu-
larly XGBoost — are highly effective in achieving robust ac-
curacy in binary classification tasks related to lung cancer
when utilizing structured diagnostic and clinical data. While
these preliminary results support the potential of incorpo-
rating additional clinical data into prediction models to
enhance lung cancer diagnosis, the limited sample size and
single-center nature of this study necessitate cautious
interpretation. Further validation using larger, multi-center
cohorts is required before these machine learning models
can be reliably integrated into routine clinical practice.
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