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ABSTRACT Early detection of lung cancer is crucial for improving patient survival and reducing mortality.
However, medical datasets often face challenges like irrelevant features and class imbalance, complicating
accurate predictions. This study presents a comprehensive Al-powered lung cancer classification approach
that enhances predictive accuracy and treatment planning. Our methodology combines Recursive Feature
Elimination with Support Vector Machines (RFE-SVM) for effective feature selection and employs the
XGBoost ensemble learning algorithm for classification, optimized using the Nelder-Mead algorithm.
Evaluating the model’s generalizability on two distinct lung cancer datasets, results show that our approach
outperforms traditional machine learning models, achieving 100% accuracy. This research highlights the
importance of advanced computational techniques in healthcare, paving the way for more personalized and

effective patient care.

INDEX TERMS Early prediction, feature engineering, lung cancer, XGBoost.

I. INTRODUCTION

Lung cancer is among the most common cancers worldwide
and one of the major causes of cancer mortality. It affects
individuals of both genders, with approximately 2.1 million
diagnoses made in 2018, resulting in around 1.8 million
deaths [1]. Its prevalence surpasses that of colon, breast, and
prostate cancer combined, with over 40% of cases diagnosed
at advanced stages, resulting in dismal long-term survival
rates [2]. Typically diagnosed in its later stages, lung cancer
poses significant challenges to effective treatment and man-
agement, characterized by abnormal and uncontrollable cell
growth within the lungs [3]. The diagnostic journey involves
steps, from symptom onset to medical consultation, imaging
techniques, histopathology, and molecular diagnosis [4].
Lung cancer risk may stem from a range of factors, including
lifestyle, environmental exposure, genetic predisposition, and
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existing medical conditions. Risk prediction assesses these
factors to estimate an individual’s likelihood of developing
lung cancer within a specific timeframe [5].

In the quest to advance medical diagnostics and enhance
patient outcomes, harnessing the power of artificial intelli-
gence (AI) holds significant promise [6]. Al technologies,
including machine learning (ML) algorithms and deep
learning frameworks, offer capabilities in analyzing vast
medical datasets, identifying complex patterns, and build-
ing predictive models [7]. Al-driven approaches enhance
prediction accuracy for infectious and chronic diseases [8],
[9], supporting early detection, personalized treatment, and
better patient outcomes. The Al algorithms offer innovative
solutions for feature selection, hyperparameter tuning, and
model optimization [10]. Given the multifaceted nature of
lung cancer prediction, involving the analysis of diverse
datasets and the identification of intricate patterns, the
integration of Al algorithms can play a pivotal role
in enhancing the accuracy and robustness of predictive
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models [11]. In recent years, significant strides have been
made in lung cancer risk prediction, driven by advance-
ments in computational methodologies and healthcare data
analytics [12]. A multitude of studies have explored various
approaches, ranging from traditional statistical models to
cutting-edge ML algorithms [13], [14]. This paper proposes
a novel approach to lung cancer prediction, integrating
advanced techniques to achieve superior performance. The
main contributions are:

o Integrated Feature Engineering: We combine Recursive
Feature Elimination (RFE [15]) with Support Vector
Machine (SVM [16], [17]) to identify the most relevant
features by iteratively eliminating less impactful vari-
ables based on SVM weights [18].

o Efficient Ensemble Learning with XGBoost: We use
the XGBoost classifier, known for its efficiency and
robustness, to enhance predictive accuracy and mitigate
overfitting.

o Optimized Hyperparameter Tuning: Our methodology
optimizes the XGBoost hyperparameters using the
Nelder-Mead algorithm [19] to maximize model effec-
tiveness in predicting lung cancer risk.

Using two distinct lung cancer datasets, we aim to
demonstrate the model’s effectiveness across diverse sce-
narios. Despite minimal missing or erroneous data, the
datasets are small, and one is notably imbalanced. The
proposed approach addresses both feature selection and data
imbalance, ensuring that the features used in the lung cancer
prediction model are relevant and contribute significantly to
accurate classification.

The subsequent sections of this paper are structured as
follows: Section II summarizes recent related work. While
Section III gives an overview of the investigated datasets,
Section IV introduces the proposed methodology. Section V
discusses the obtained results, and Section VI concludes the
research paper.

Il. RELATED WORK

This section presents a sample of recent studies in two
different categories: imaging and clinical data, showcasing
various approaches and methodologies employed in lung
cancer prediction research.

For medical imaging analysis, approaches like computer
vision, deep learning fusion, and blockchain-based federated
learning show promising results in overcoming diagnostic
challenges from CT scans. Researchers have employed
deep learning for lung nodule detection [20], [21], [22],
early-stage lung cancer identification from CT scans [23],
[24], and categorization of malignant lung nodules [25],
[26], [27], [28]. In addition, ANFIS-based has been used
for lung and colon cancer using histopathological images,
combining noise reduction, advanced feature extraction, and
dimensionality reduction [29]. CNN, LSTM, and Bi-LSTM
models have been integrated to detect lung cancer from
CT scans [30]. A hybrid recurrent and feed-forward neural

2

network (Hyb-RNN-FFBPNN) optimized with the glow-
worm swarm algorithm (GWSA) has been proposed to
enhance early lung cancer detection in computer-aided diag-
nosis [31].These studies highlight significant advancements
in using computational techniques for early detection and
accurate diagnosis of lung cancer.

Recent advancements in clinical data mining have
significantly improved the detection and diagnosis of lung
cancer. For instance, ‘“‘DeepXplainer,” an interpretable
hybrid deep learning model that combines convolutional
neural networks with XGBoost, has been employed for lung
cancer prediction while also providing explanations for its
predictions using the SHapley Additive exPlanation (SHAP)
method [32]. This approach enhances the effectiveness of
lung cancer detection and treatment for patients. Additionally,
the integration of SHAP within Explainable ML techniques
has further improved the interpretability of lung cancer
detection systems [33]. An automated model for early-stage
lung cancer detection, employing nine ML algorithms,
highlighting the potential for early and cost-effective
detection [34]. Another approach leveraged deep learning and
natural language processing to extract and predict lung cancer
instances from electronic health records, demonstrating
improved prediction accuracy [35].

An Artificial Neural Network (ANN)-based approach
used symptoms and relevant information to detect lung
cancer presence with 96.67% accuracy [36]. Furthermore, the
Rotation Forest algorithm was employed to identify high-
risk individuals, achieving an impressive AUC of 99.3%
and high performance across various metrics [37]. Ensemble
techniques, including XGBoost and LightGBM, applied to
a survey dataset using the synthetic minority oversampling
(SMOTE) method, showed that XGBoost outperformed other
techniques, achieving 94.42% accuracy, demonstrating its
effectiveness in predicting lung cancer [38]. These studies
collectively highlight the significant potential of advanced
computational techniques in improving lung cancer detection
and diagnosis.

That combines the optimized NM-XGBoost classifier with
SVM-based RFE for feature selection. This methodology
distinguishes our work from previous studies by introducing
a novel integration of these two techniques, significantly
enhancing the accuracy of lung cancer prediction within the
clinical data mining field.

Ill. MATERIALS

In our research, we utilized two distinct lung cancer datasets
to train and validate our model, each presenting unique
challenges and characteristics. The objective is to evaluate
the model’s performance across diverse scenarios and assess
its capacity to generalize effectively across varying dataset
conditions.

A. LUNG CANCER RISK DATASET
The dataset encompasses a wide range of features related to
individuals, intended to explore potential factors associated
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TABLE 1. Patient characteristics of lung cancer risk dataset.

Feature Summary Statistics

Gender Male: 47 (47%), Female: 53 (53%)
Age Mean: 62.1, SD: 8.6, Range: 21-81
Smoking Yes: 57 (57%), No: 43 (43%)
Yellow finger Yes: 49 (49%), No: 51 (51%)
Anxiety Yes: 48 (48%), No: 52 (52%)
Peer pressure Yes: 36 (36%), No: 64 (64%)
Chronic diseases | Yes: 39 (39%), No: 61 (61%)
Fatigue status Yes: 51 (51%), No: 49 (49%)
Allergy Yes: 38 (38%), No: 62 (62%)
Wheezing Yes: 46 (46%), No: 54 (54%)
Alcohol consum- | Yes: 43 (43%), No: 57 (57%)
ing

Coughing Yes: 65 (65%), No: 35 (35%)
Shortness of | Yes: 57 (57%), No: 43 (43%)
breath

Swallowing diffi- | Yes: 34 (34%), No: 66 (66%)
culty

Chest pain Yes: 55 (55%), No: 45 (45%)
Lung cancer (Tar- | Yes: 69 (69%), No: 31 (31%)
get)

145 (46.93%)

MALE
.17 (5.50%)

—_
(]
el
c
9]
O]
125 (40.45%)
FEMALE
22 (7.12%) Lung_cancer
YES
= NO

0 20 40 60 80 100 120 140
Count

FIGURE 1. Distribution of gender with cancer status. The figure illustrates
the proportion of male and female individuals categorized by their cancer
status.

with the development of lung cancer. The dataset comprises
309 entries, representing individuals both affected by lung
cancer and those unaffected by the disease. It includes
16 attributes, with 15 being predictive variables designed
to identify potential risk factors, presented in Table 1.The
dataset was collected from Kaggle repository [39].

In the dataset analysis, it was observed that among males,
approximately 5.5% were identified as healthy individu-
als, while a significantly higher proportion, approximately
46.93%, were found to have been diagnosed with lung cancer.
In contrast, among females, around 7.12% were categorized
as healthy, while approximately 40.45% were reported to
have lung cancer based on the dataset under scrutiny. These
statistics underline a substantial disparity in lung cancer
prevalence between genders within the dataset, highlighting a
notably higher incidence among males compared to females,
Figure 1. The dataset exhibited significant class imbalance.
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FIGURE 2. a) The distribution of lung cancer cases by age, and
b) A boxplot depicting the distribution of age among cancer cases.

However, our proposed approach addresses this issue by
employing the XGBoost classifier and ensuring effective
handling of class imbalance.

In exploring the distribution of age among individuals with
lung cancer and those classified as healthy within the dataset,
a distinct pattern emerged. The peak age range for individuals
diagnosed with lung cancer was notably between 55 and
75 years old, Figure 2. This range stood out as the focal
point where a significant proportion of lung cancer cases
were prevalent within the dataset see Figure 2a. The plots in
Figure 2b indicate that lung cancer is more common in older
individuals. Age distribution for lung cancer skews older,
while those without are more varied in age.

B. LUNG CANCER PATIENT DATASET

The dataset provides detailed information on patients diag-
nosed with lung cancer, covering factors such as age,
gender, environmental exposure, lifestyle choices, and health
conditions. Analyzing this dataset can offer insights into the
causes of lung cancer. Derived from a study published in
Nature Medicine, the dataset underscores the significance
of environmental factors, particularly air pollution, in lung
cancer risk, highlighting its relevance in understanding
the disease’s multifaceted nature. The dataset consists of
1000 cases and 23 features, with one feature representing
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the target variable. The target variable indicates the level
of lung cancer risk, categorized as high, medium, or low.
The dataset with more than two classes, beyond the binary
classification of lung cancer positive and negative cases.
This dataset included additional classes representing different
subtypes or stages of lung cancer, adding complexity to the
classification task. The dataset was collected from Kaggle
repository [40]. Table 2 provides a brief overview of each
attribute included in the dataset, offering insight into the
factors potentially associated with lung cancer risk.

TABLE 2. Patient characteristics of lung cancer patient dataset.

Feature Description

Age Age of the individual

Gender 1 for Male, 2 for Female

Air Pollution 1 to 7, representing exposure level

Alcohol Use 1 to 8, representing frequency of alcohol use
Dust Allergy 1 to 8, representing severity

Occupational Hazards | 1 to 8, representing exposure to occupational
hazards
1 to 7, representing genetic predisposition

1 to 7, representing the severity of lung disease

Genetic Risk
Chronic Lung Disease

Balanced Diet 1 to 7, representing adherence to a balanced
diet

Obesity 1 to 8, representing obesity levels

Smoking 1 to 8, representing frequency of smoking

Passive Smoker 1 to 8, representing exposure to passive smok-

ing

Chest Pain 1 to 9, representing severity of chest pain
Coughing of Blood 1 to 8, representing frequency

Fatigue 1 to 8, representing severity of fatigue
Weight Loss 1 to 7, representing the extent of weight loss
Shortness of Breath 1 to 9, representing severity

Wheezing 1 to 8, representing severity

Swallowing Difficulty |1 to 9, representing severity

Clubbing of Finger | 1 to 8, representing severity

Nails

Frequent Cold 1 to 9, representing frequency of colds

Dry Cough 1 to 7, representing frequency of dry cough
Snoring 1 to 9, representing frequency of snoring

Level (Target) Values: Low, Medium, High

Figure 3 illustrates the distribution of cases based on
gender and the risk of developing lung cancer categorized as
Low, Medium, and High. The figure reveals that 59.8% are
male, whereas 40.2% are female. Furthermore, 30.3% of the
cases are categorized as low risk, 33.2% as medium risk, and
36.5% as high risk. Specifically, out of 365 high-risk cases,
252 are male, while only 113 cases are female.

Figure 4 displays the distribution of samples by age, air
pollution levels, and the risk of developing lung cancer. The
figure illustrates that cases are distributed across various
age groups corresponding to the three risk categories, with
a higher potential for developing lung cancer observed in
older individuals, particularly those aged 70 years and above.
Additionally, there is a positive correlation between increased
air pollution levels and a higher risk of developing lung
cancer.

IV. METHODOLOGY
The proposed methodology offers an advanced predictive
approach to lung cancer classification, integrating techniques

4
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FIGURE 3. Samples distribution by gender and risk of developing lung
cancer.

A
60 - ] )
% .\"\L . %
<€ 401 b . T ..
20+ / A b :
o 1 ‘.‘\ L
84 . e - A
o ® ‘|‘ ‘I‘
|
_56* L E “‘I‘
= |
= B
& 4 s GuRen i 4 ‘I |‘
—_ | |
2 o
27 i} O\ J" \'\\
X =
‘ : ‘ — RN,
0 25 50 75 0 5
Age Air Pollution

FIGURE 4. Samples distribution by age, air pollution, and risk of
developing lung cancer.

for feature selection and model optimization. The combi-
nation of SVM-based RFE, XGBoost, Nand elder-Mead
optimization strengthens the model’s predictive accuracy,
enhancing reliability in the early detection of lung cancer.
The methodology is illustrated in Figure 5. Our methodol-
ogy includes a data preprocessing phase, recognizing that
missing and noisy data are common challenges in medical
datasets. While the datasets utilized in this study are free
of significant issues, we still implemented Encoding for
categorical variables, such as gender and the target class,
to ensure they are appropriately formatted for the modeling
process. This paper considers data preprocessing as a key
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Data
The lung cancer datasets

used in this study were
sourced from Kaggle l

Collection

Data Preprocessing

The process involves removing
==~ duplicates, encoding, and

A 4

preparing the data for analysis.

Data Splitting

80% of the samples
(0.8 N *R)

Y

Feature Engineering
(RFE and SVM)

Selected
features (R’)

— v

XGBoost hyperparameters
optimization and 5-fold
Cross-Validation

Optimal XGBoost
hyperparameters

20% of the samples
(0.2 N *R)
h 4

XGBoost Testing

Filter the 20% test samples,
considering only the selected
features R’

XGBoost model Validation

Y

Accuracy Measures

Each fold optimizes the

XGBoost hyperparameters

using NM

FIGURE 5. The proposed SVM-based RFE, XGBoost, and Nelder-Mead optimization methodology.

step to enhance generalization and comprehensiveness of the
proposed methodology.

A. FEATURE ENGINEERING USING RFE WITH SVM

The combination of SVM and RFE assists in identifying
and selecting relevant features for building an effective
predictive model [41]. It also enhances the interpretability
of the predictive model which would help the clinicians
gain insights into which features are most influential. RFE

VOLUME 13, 2025

iteratively removes the least important features based on the
SVM weights until reaching the optimal number of features.
In addition, RFE helps in reducing overfitting, especially
when dealing with a limited amount of data which is the case
of the investigated datasets [42]

The feature engineering process in this paper works as
follows. The SVM weight indicates how much a feature
contributes to the overall model. A feature that has a higher
SVM weight has a greater influence on the decision boundary
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of the model. On the other hand, the RFE rank evaluates how
effectively the model functions in the absence of the feature.
As aresult, the model may have alow RFE rank if eliminating
a feature with a high SVM weight has no significant effect
on its performance. Conversely, a feature with a low SVM
weight could have a high RFE rank if its absence lowers the
model’s accuracy. SVM weight and RFE rank, SVM weight
and RFE rank provide complementary insights, with one
emphasizing the feature’s impact within the model and the
other its significance when other features are absent.

B. XGBoost CLASSIFIER

The XGBoost algorithm is an ensemble learning method
based on gradient boosting [43]. It demonstrates advan-
tageous traits, such as fast computation, robustness, and
accurate prediction in imbalanced datasets [44], [45]. Owing
to its efficiency, XGBoost has been extensively applied in
the prediction of various diseases [46], [47], [48]. XGBoost
effectively mitigates overfitting through regularization objec-
tive function and second-order Taylor expansion of the
loss function. It integrates both L1 (LASSO) and L2
(Ridge) regularization into its objective function, penalizing
complexity and encouraging a simpler, more generalized
model. Assume that we have a dataset denoted as D shown
in Equation 1.

D={x,y)li=1,2,...,n} (1)

In our study, D represents the dataset consisting of n
data points. Each data point is denoted by (x;, y;) where x;
represents the input data and y; represents the corresponding
target or output data.

Similar to other ML and ensemble models, fine-tuning
the hyperparameters of XGBoost is crucial for enhancing
its accuracy and predictive performance. XGBoost provides
a range of hyperparameters that can be optimized, each
playing a distinct role in controlling the model’s complexity,
and generalization capabilities. Important hyperparameters to
focus on for optimization include:

e Number of estimators: Determines the maximum
number of weak learners in the XGBoost ensemble,
affecting model complexity. Optimal values range
from 50 to 1000, balancing underfitting and overfitting
risks.

o Maximum depth: Controls the complexity of individual
trees, capturing intricate feature relationships. Higher
values may improve accuracy by 10% but increase
overfitting risk by 15%. Typical depths range from 3 to 6,
with shallow trees preferred to prevent overfitting.

o Minimum child weight: Sets the minimum sum of
instance weights required for further tree splitting,
influencing model conservatism. Values from 1 to
10 balance between model complexity and overfitting
risk.

o Colsample bylevel: Controls feature selection random-
ness at each tree level, balancing model complexity and

performance. Tuning this parameter finds the optimal
balance for your data.

o Subsampling ratio: Injects randomness into training data
during boosting iterations, improving generalization.
Values from 0.5 to 1.0 balance randomness and model
accuracy, optimized through grid or random search.

Fine-tuning the XGBoost hyperparameters allows for
improved model performance and helps to mitigate over-
fitting [49]. In this work, we employed the Nelder-Mead
algorithm to optimize the XGBoost classifier’s
hyperparameters [50].

C. HYPERPARAMETER OPTIMIZATION WITH
NELDER-MEAD

The Nelder-Mead algorithm, a popular choice for complex
optimization problems, excels at finding minima or max-
ima in multidimensional spaces, even when functions are
nonlinear and lack derivatives [51]. It utilizes a geometric
“simplex” to navigate the search space, making it ideal
for problems where traditional gradient-based methods
fail. Nevertheless, its effectiveness in diverse fields like
engineering, science, and machine learning speaks volumes
about its power for tackling challenging optimization tasks.
The NM algorithm relies on four key maneuvers: expansion
(x) to push promising directions further, reflection (p) to
bounce back from bad ones, contraction (y) to tighten around
a potential minimum, and shrinkage (o) to pull all points
closer when stuck. While fixed values like 2 for expansion
and 1 for reflection are sometimes used, research suggests
exploring the effectiveness of these parameters for optimal
performance [19].

D. MODEL DEVELOPMENT

Each dataset is divided into training and testing subsets,
with a random allocation following a specific ratio of 4:1,
where 80% of the data is designated for training purposes and
the remaining 20% is earmarked for testing the classifier’s
performance. For feature selection, the training data (80%)
with all variables (0.8 R * V) is used as input for the feature
selection process, which identifies relevant features (V’) for
building an effective predictive model. The training samples
with selected features (0.8 R * V’) are then used to train
the XGBoost model with 5-fold cross-validation. Each fold
optimizes the XGBoost hyperparameters using the Nelder-
Mead algorithm. Finally, the optimal hyperparameters and
selected features from the SVM-based RFE process are
applied in the testing phase. Here, the XGBoost classifier,
using its tuned parameters, aims to maximize predictive
accuracy. This integrated methodology optimizes the model’s
performance on both training and unseen data.

To address the class imbalance in the datasets, we fine-
tuned XGBoost’s scale_pos_weight parameter to
assign higher weights to the minority class, improving
the model’s ability to learn from underrepresented cases
and enhancing its prediction accuracy for lung cancer.
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We evaluated the model using precision, recall, Fl-score,
AU-ROC, and MCC, providing a comprehensive assessment
of its performance. These metrics helped ensure the model
effectively handled the imbalance and delivered balanced
predictions by minimizing false positives and considering
both sensitivity and specificity.

E. PERFORMANCE EVALUATION

To evaluate the accuracy of the hybrid model on the test set,
we employed various performance metrics. In addition to
commonly used metrics such as accuracy, recall, and preci-
sion, we incorporated the Matthews Correlation Coefficient
(MCC). This coefficient is considered a balanced measure
suitable for classes of varying sizes. The performance metrics
utilized are represented by the following equations:

TP + TN
Accuracy = )
TP+ TN + FP + FN
. TP
Precision = —— 3)
TP + FP
TP
Recall = —— @
TP + FN
Precision.Recall
F1-Score = — ®)
Precision + Recall
1 TP TN
AUC = — + (6)
2\TP+FN TN + FN

B TP x TN—FP x FN
~ J(TP ¥ FPY(TP + EN)(IN + FP)(TN + FN)
(N

MCC

V. RESULTS AND DISCUSSION

In the process of assessing the effectiveness of our newly
introduced hybrid classifier, we used the two datasets for
this purpose. The following subsections present the obtained
results for the investigated datasets. In addition, we compare
the NM-XGBoost performance with other models.

A. LUNG CANCER RISK DATASET

This dataset consists of 15 features in addition to the
target variable. It was randomly divided into training and
testing sets, with 247 samples used for training and 62 for
testing. The training data was then input into the SVM-based
Recursive Feature Elimination for feature selection, which
identified nine features as the most relevant for predicting the
target variable. Figure 6 presents the SVM weights and RFE
ranks obtained through the feature selection process. Each
feature has an associated weight, indicating its contribution to
the SVM model. The weights are typically used to understand
the influence of each feature on the model’s decision-making.
Each feature also has an RFE rank, which indicates its
importance after the recursive feature elimination process.
A lower rank generally implies higher importance. For
instance, a feature with a high SVM weight, such as Fatigue,
holds substantial influence in the overall model decision,
as evidenced by its RFE rank of 1. The features of Smoking
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RFE Rank

1 2 3 4

RFE Rank SVM Weight

Swallowing difficulty 1.0025
Coughing A 1.0017
Alcohol consuming A 0.9991
Allergy - 1.0010

Fatigue - 1.0011

Chronic disease - 0.9999
Peer pressure - 1.0000
Yellow fingers 4 0.999C
Smoking A 0.9995

0.0 0.2 0.4 0.6 0.8 1.0
SVM Weight

FIGURE 6. SVM weights and RFE ranks of various features - lung cancer
risk dataset.

and Yellow fingers exhibit nearly identical SVM weights,
despite their differing RFE ranks.

The developed model effectively identifies features that
are significant indicators of lung cancer risk and symp-
toms from a physician’s perspective. Key lifestyle factors,
such as smoking and alcohol consumption, are crucial for
assessing lung cancer risk, given their established links to
the disease. Physical symptoms like yellow fingers and
chronic fatigue provide important insights; yellow fingers
indicate smoking-related damage, while fatigue is commonly
reported among lung cancer patients. Swallowing difficulty
may suggest advanced disease, and allergy symptoms can
complicate diagnosis. Peer pressure is included to reflect its
influence on smoking behavior, particularly among younger
individuals. Coughing, a key symptom of lung cancer, is also
integrated into the model, aligning with clinical presentations.
Chronic diseases are considered to account for the overall
health context, as they can exacerbate lung cancer effects.
By encompassing lifestyle choices, physical symptoms,
and social influences, the model enhances the ability to
distinguish between benign conditions and significant health
concerns, ultimately improving its accuracy in identifying at-
risk individuals.
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TABLE 3. Confusion matrices for lung cancer risk dataset.

Dataset Actual / Pre-| No Yes Total
dicted
No 24 11 35
Training Yes 5 207 212
Total 29 218 247
No 4 0 4
Testing Yes 0 58 58
Total 4 58 62
1.0 A //_,-—
© 0.8 A
[1>]
o
o 0.6 A
=
E 0.4 4
L]
>
= 02+
’ —— NM-XGBoost-Training (AUC = 0.98)
0.0 4 NM-XGBoost-Testing (AUC = 1.00)

0.0 0.2 0.4 0.6 0.8 1.0
False Poitive Rate

FIGURE 7. ROC analysis of NM-XGBoost on lung cancer risk dataset. ROC
analysis of NM-XGBoost on lung cancer risk dataset.

The NM-XGBoost model has been trained and validated
using the selected features, yielding highly promising results.
The XGBoost model was optimized using the NM algorithm,
resulting in optimal configuration that includes 120 estima-
tors, a learning rate of 0.05, a maximum tree depth of 10,
a subsample fraction of 0.7, and a colsample by tree value of
0.6. The optimized parameters collectively contribute to the
model’s performance by determining the number of boosting
rounds, the step size during training, the depth of individual
decision trees, and the randomness in sampling observations
and features, respectively.

Table 3 demonstrates the confusion matrix that pro-
vides a comprehensive summary of both correct and
incorrect predictions, indicating the count values for each
class. This matrix offers insights into the types of errors
originating from the classifier, encompassing the actual
and predicted classes, which include positive and nega-
tive classifications. Figure 7 depicts the AUC obtained
for each class during the model development phases.
This observation underscores the model’s adaptability and
effectiveness in achieving reliable outcomes across varied
datasets, thereby reinforcing its potential as an efficient
tool in the domain of lung cancer classification. The model
exhibited exceptional accuracy, correctly predicting all cases
in the test dataset. This outstanding outcome underscores
the effectiveness of the proposed approach in delivering
reliable predictions for lung cancer classification based on
selected features. The model’s performance demonstrates
its potential for further exploration in healthcare predictive
modeling.

8

RFE Rank
1 2 3 456 7 8 91011
[
RFE Rank SVM Weight
Snoring - 0.0849
Dry Cough 4 0.1091
Clubbing of Fingernails 0.0679
Swallowing Difficulty 4 /0:0127
Wheezing 4 0.0051
Shortness of Breath 4 0.002
Weight Loss 1 0.0142
Fatigue A 0.0904
Coughing of Blood - 0.0732
Chest Pain 4 19.0095
Passive Smoker - 0.1648
Obesity A ).1882
Alcohol use - 0.0887
0.00 0.65 0.|10 0.‘15
SVM Weight

FIGURE 8. SVM weights and RFE ranks of various features - lung cancer
patient dataset.

1.0 4

0.8 -
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0.4 1

True Poitive Rate

0.2 1
—— NM-XGBoost-Training (AUC = 1.00)

0.0 - NM-XGBoost-Testing (AUC = 1.00)

0.0 0.2 0.4 0.6 0.8 1.0
False Poitive Rate

FIGURE 9. ROC analysis of NM-XGBoost on lung cancer risk dataset.

B. LUNG CANCER PATIENT DATASET

In order to conduct further validation for the pro-
posed model and asses its generalization across diverse
datasets, we extended our investigation by employing the
NM-XGBoost-based classifier on an additional lung cancer
dataset. The dataset comprises 1000 samples or patient
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Lung Cancer Risk Dataset: Model Performance Comparison
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FIGURE 10. Performance comparison between the proposed model and ML models in the context of lung cancer risk dataset.

cases, each associated with 23 features, along with a target
label that classifies the cases into three distinct classes.
The label indicates the level of chronic lung disease of the
patient (i.e., low, medium, or high). During the preprocessing
phase, we identified the presence of duplicate records, which
were determined by considering all columns in the dataset.
We subsequently removed these duplicates, resulting in a
final dataset consisting of 152 unique records. The dataset
was then randomly split into 121 samples for training and
31 samples for testing.

The process of feature selection has identified 13 out
of the original 23 features as relevant for predicting lung
cancer. Figure 8 displays the SVM weights and RFE ranks
resulting from this feature selection process for the lung
cancer patient dataset. Each feature is assigned a weight,
reflecting its importance in the SVM model. For the second
dataset, the SVM-based RFE model selects key symptoms
associated with lung cancer risk. Lifestyle factors such as
alcohol use and obesity are critical, given their established
links to cancer progression. Physical symptoms like chest
pain, coughing of blood, fatigue, and weight loss are
significant signs often reported by lung cancer patients.
Shortness of breath and wheezing reflect respiratory distress,
while swallowing difficulty may indicate advanced disease.
Clubbing of fingernails serves as a notable physical sign
of chronic respiratory conditions. Additionally, dry cough
and snoring are included as they can provide insights into
respiratory health, despite not being direct symptoms of lung
cancer. Passive smoking is also considered, highlighting its
role as a risk factor.

The XGBoost model was optimized using the NM
algorithm, resulting in the optimized parameters including:
100 estimators, a learning rate of 0.1, a maximum tree
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depth of 5, a subsample fraction of 0.8, and a colsample
by tree value of 0.8. The optimized parameters collectively
contribute to the model’s performance by determining the
number of boosting rounds, the step size during training,
the depth of individual decision trees, and the randomness
in sampling observations and features. The NM-XGBoost
classifier, as applied to this dataset, demonstrated its robust
capacity for generating accurate predictions, as depicted in
Figure 9. The figure illustrates the AUC achieved during the
model development phases. Table 4 presents the confusion
matrix from the classifier developed for the Lung Cancer
Patient Dataset. The dataset contains 53 samples for the
low-risk class, 47 for the medium-risk class, and 52 for the
high-risk class.

TABLE 4. Confusion matrices for lung cancer patient dataset.

Dataset Actual /| Low Medium | High Total
Predicted
Low 44 0 0 44

Training Medium 0 37 0 37
High 0 0 40 40
Total 44 37 40 121
Low 9 0 0 9

Testing Medium 0 10 0 10
High 0 0 12 12
Total 9 10 12 31

C. COMPARATIVE ANALYSIS

In this section, we conducted additional validation for the
proposed NM-XGBoost model by comparing its performance
against several traditional ML algorithms, namely Support
Vector Machine, Gaussian Naive Bayes (GNB), Multi-
Layer Perceptron (MLP), k-Nearest Neighbors (K-NN), and
Logistic Regression (LR), on the two investigated datasets.
Figure 10 and Figure 11 provide visual representations of the
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Lung Cancer Patient Dataset: Model Performance Comparison
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FIGURE 11. Performance comparison between the proposed model and ML models in the context of lung cancer patient dataset.

performance metrics comparisons. The performance metrics
comparison revealed that the NM-XGBoost model con-
sistently outperformed the employed traditional algorithms
across various evaluation criteria. Specifically, it exhibited
higher accuracy, precision, recall, and MCC than SVM,
NB, MLP, K-NN, and LR. These findings underscore the
NM-XGBoost model’s effectiveness in handling the datasets’
complexities and leveraging the optimization capabilities
of the Nelder-Mead algorithm. Moreover, the superior
performance of NM-XGBoost highlights its potential for
application in real-world scenarios where accurate and
reliable predictions are crucial. While the SVM model
exhibited comparable performance in the second dataset with
multiple classes, its performance varied when applied to the
first imbalanced dataset. In the context of the imbalanced
dataset, SVM struggled to effectively handle the class
imbalance, leading to suboptimal performance compared to
other models.

VI. CONCLUSION AND FUTURE WORK
Medical datasets often encompass numerous features, many
of which may be irrelevant or noisy. Therefore, employing
feature engineering can significantly enhance the perfor-
mance of predictive models. In this paper, we explored
the effectiveness of an integrated approach combining
feature selection, ensemble learning, and model optimiza-
tion. Specifically, Recursive Feature Elimination with SVM
(RFE-SVM) was utilized to enhance feature selection by
identifying the most relevant attributes. Meanwhile, the
NM algorithm optimized the hyperparameters of XGBoost,
resulting in a robust and accurate hybrid model.

This integrated approach was tested on two distinct lung
cancer datasets, each presenting unique challenges. The
first dataset, characterized by binary classes and imbalanced

10

data, posed significant difficulties for conventional ML
algorithms. In contrast, the second dataset involved multiclass
classification, introducing different complexities. Compared
to traditional ML methods, the proposed integrated approach
demonstrated superior performance, effectively addressing
the challenges of imbalanced data in medical diagnostics.
The implications of this study are significant for the
field of healthcare. By demonstrating the efficacy of
advanced computational techniques, we provide a pathway
for improved diagnostic accuracy and decision-making in
clinical settings. This integrated approach can potentially
lead to earlier detection of lung cancer and better-targeted
treatment strategies, ultimately enhancing patient outcomes.
In future work, we plan to incorporate explainable Al (XAI)
techniques to clarify the connection between clinical markers
and predictions. Additionally, future research should explore
applying this methodology to other chronic diseases and
validating its effectiveness in real-world healthcare settings.
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