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Abstract Lung cancer is one of the leading causes of
death worldwide. According to statistics from the World
Health Organization (WHO) for the year 2020, lung can-
cer has caused the death of about 1.80 million people. It is
the most common form of cancer, and it is often diagnosed
in later stages when metastatic spread to other areas of the
body has occurred. Early detection and treatment can help
reduce the high death rate. In this research, we present a
novel approach for predicting lung cancer using artificial
intelligence (AI) techniques. We evaluated and compared
several machine learning (ML) models, including artificial
neural networks (ANN), K-nearest neighbors (KNN), and
support vector machine (SVM), to identify the best-perform-
ing model. However, to enhance accuracy and efficiency,
we introduced a hybridization optimization approach known
as Crow Search Algorithm -Artificial Bee Colony-Support
Vector Machine (CSABC-SVM). The CSABC-SVM algo-
rithm combines the strengths of the CSABC Optimizer
and SVM to create a powerful predictive model. Our study
yielded a remarkable accuracy of 98.36%, demonstrating
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the effectiveness of the CSABC-SVM hybrid model in lung
cancer prediction. These results underscore the potential of
Al in transforming medical diagnostics, helping to improve
healthcare outcomes.
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intelligence - Optimization - CSABC-SVM

1 Introduction

Lung cancer is one of the leading causes of death worldwide
[1-3]. According to the WHO study, lung cancer was the
deadliest cancer, with about 1.80 million people dying
from it in 2020 [4]. It is the second most prevalent kind of
cancer and is often diagnosed at later stages when metastatic
dissemination to other regions of the body has occurred [2].
As it originates in the lining of the bronchi and bronchioles,
lung cancer obstructs gas exchange in the lungs and causes
breathing difficulties [4]. It begins as an abnormal growth
of cells in the lungs and can spread to other parts of the
body [4]. Difficult to evaluate and discover in the early
stages since it does not create pain or symptoms in certain
situations [5]. A patient diagnosed with Lung cancer may
experience symptoms such as chest pain, cough, shortness
of breath, wheezing, hemoptysis i.e. coughing up blood,
Pancoast syndrome (shoulder pain), hoarseness (paralysis of
vocal cords), weakness, weight loss, fatigue [5]. Symptoms
are classified according to the location and size of the tumor
[5]. Early detection and treatment can help to lower such a
high death rate [6].

In recent years, there has been continuous development
in cancer research [7]. Multitudes of procedures are used
to diagnose cancer and predict the outcomes of cancer
treatment [4]. Researchers used a variety of methods,
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including early-stage screening, to identify cancer types
before they caused specified degrees of symptoms [7].

Al is the ability of robots to mimic human behavior and
is particularly effective at managing large volumes of data
[8]. Al also possesses the ability to analyze complex medical
data [9]. ML is a branch of AI [10, 11]. That combines
several statistics and finds difficult-to-detect patterns in
big or complicated data sets [11]. Due to the availability of
clinical data, ML has achieved an important role in medical
decision-making [12]. Creating an ML model could greatly
assist in identifying illnesses and making appropriate
healthcare choices in real time [12]. Additionally, it would
enable better utilization of hospital resources by identifying
individuals with major risk factors at an early stage [12].

Singh and Gupta [13] presented a methodology for detect-
ing and classifying Computed Tomography (CT) images
associated with lung cancer into two categories: benign and
malignant. They first applied image processing techniques
to pre-process the images. Then, they used supervised learn-
ing algorithms to classify them. They extracted texture fea-
tures along with statistical features and provided many of
the extracted features to the classifiers. They used a dataset
of 15,750 clinical images consisting of 6910 benign images
and 8840 malignant lung cancer images, and seven different
classifiers known as the KNN, SVM, Decision Tree (DT),
Multinomial Naive Bayes, Stochastic Gradient Descent
(SGD), Random Forest (RF), and Multi-Layer Perceptual
(MLP). They obtained simulation results using three param-
eters, namely accuracy, F1 score, precision, and recall. The
outcomes revealed that the MLP exhibited the highest accu-
racy, achieving 88.55%, surpassing other classifiers. The
MLP model comprised a total of 3 hidden layers, each with
100 hidden units. The Rectified Linear Unit (ReLU) served as
the activation function for this model. The aim of the research
conducted by Faisal et al. [14] is to evaluate the discrimina-
tory power of several predictors including an SVM, C4.5
decision tree, MLP, neural network, and Naive Bayes (NB),
and Gradient-boosted Tree to increase the efficiency of lung
cancer detection by its symptoms. The researchers extracted
datasets from the University of California at Irvine (UCI)
repository and performed pre-processing to clean the data.
Subsequently, they trained and tested the selected classifiers
using standard tenfold cross-validation. Results for each clas-
sifier were calculated, and the top three classifiers, based on
performance metrics such as accuracy, were chosen to form
an ensemble using Majority Voting. This ensemble, com-
bined with RF, was utilized to compute the results, enabling
a comprehensive performance comparison of both individual
and ensemble classifiers. Notably, the Gradient-boosted Tree
achieved an accuracy of 90%, surpassing all other individual
and ensemble classifiers in terms of performance. Wu et al.
[15] introduced an RF model designed for the identification
of lung cancer using routine cancer indices. The validation
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of the model was conducted through a tenfold cross-valida-
tion method. The dataset utilized in this study was gathered
from the Second Hospital of Lanzhou University, consist-
ing of 277 patients. The results demonstrated an accuracy of
95.7%, sensitivity of 96.3, and specificity of 94.97. In 2022,
Mamun et al. [4] conducted a comprehensive review of pre-
vious studies related to lung cancer prediction models. They
developed and introduced ensemble learning techniques,
including XGBoost, LightGBM, Bagging, and AdaBoost
for the prediction of lung cancer based on a survey dataset of
309 individuals. The attributes used in lung cancer predic-
tion models included age, smoking, yellow fingers, anxiety,
peer pressure, chronic diseases, fatigue, allergies, wheezing,
alcohol, cough, shortness of breath, and swallowing. The
dataset was processed using the Synthetic Minority Over-
Sampling Technique (SMOTE) oversampling method to bal-
ance it and make it suitable for analysis. The proposed mod-
els were trained and tested on the dataset using a standard
tenfold cross-validation approach. XGBoost outperformed
the other techniques, achieving an accuracy of 94.42%, pre-
cision of 95.66%, recall of 94.46%, and an Area Under the
Curve (AUC) of 98.14%. Lakshmanaprabu SK et al. [16]
proposed an innovative method for automated lung cancer
diagnosis using CT images. The approach involves employ-
ing an Optimal Deep Neural Network (ODNN) for deep
feature extraction from CT lung images. Linear Discrimi-
nate Analysis (LDA) is then applied to reduce the dimen-
sionality of these features, followed by the optimization of
the ODNN using the Modified Gravitational Search Algo-
rithm (MGSA). The classifier achieved promising results,
with a sensitivity of 96.2%, a specificity of 94.2%, and an
overall accuracy of 94.56%. This method aims to enhance
early detection of lung cancer, crucial for improving patient
survival rates. Dritsas and Trigka [17] utilized supervised
learning to create models for detecting lung cancer in indi-
viduals based on various symptoms. Several models, includ-
ing NB, Bayesian Network (BayesNet), SGD, SVM, Logistic
Regression (LR), ANN, KNN, Logistic Model Tree (LMT),
Random Tree (RT), Rotation Forest (RotF), Reduced Error
Pruning Tree (RepTree), RF, and AdaBoostM 1, were evalu-
ated for accuracy, precision, recall, F-Measure, and AUC.
After applying SMOTE with tenfold cross-validation, RotF
emerged as the top-performing model, achieving an accu-
racy, precision, recall, and F-Measure of 97.1% and an AUC
of 99.3% in identifying lung cancer. Maulidina F et al. [18]
proposed an ML approach for lung cancer diagnosis using
the Particle Swarm Optimization-Genetic Algorithm-Support
Vector Machine (PSO-GA-SVM) method. The research uti-
lized a CT Scan dataset from Cipto Mangunkusumo Hospital,
Jakarta, Indonesia. Swarm Optimization-Genetic Algorithm
(PSO-GA) was employed to optimize SVM parameters, and
the method’s performance was assessed based on accuracy,
precision, recall, and f1-score. In comparison to the SVM
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without parameter optimization, PSO-GA-SVM achieves
an accuracy value of 97.69%. K. Vijila Rani et al. [19] pre-
sented an intellectual classification system to differentiate
between normal and abnormal lung CT images to address
the task of predicting cancer cells in lung images. They used
Gray Wolf Optimization and Whale Optimization-Support
Vector Machine (GWO & WOA-SVM) algorithms for lung
tumor detection. The investigations focused on the segmenta-
tion and classification part to find the lung lesion area. The
process involved four stages: image acquisition, preprocess-
ing, and optimization using advanced clustering, segmenta-
tion using the Advanced Surface Normalized Overlapping
(ASNO) lung segmentation algorithm, and classification
using a hybrid classifier with optimization techniques differ-
ent. The hybrid classifier (KNN-SVM) achieved a remarkable
classification accuracy rate of 97.6% when applied to 700
images, outperforming other methods. Nanglia P et al. [20]
explored the application of a combinational Feed-Forward
Back Propagation Neural Network (FFBPNN) for making
judgments in lung cancer diagnosis. To improve classifica-
tion efficiency, the study integrates SVM with the FFBPNN,
creating a hybrid algorithm. The research employs a dataset
of 500 images, with 75% used for training and the remaining
25% for classification. The proposed three-block mechanism
involves dataset preprocessing, feature extraction using the
Speeded Up Robust Features (SURF) technique optimized
by Genetic Algorithm (GA), and classification via FFBPNN.
The hybrid classification algorithm, named Kernel Attribute
Selected Classifier (KASC), achieves an impressive overall
classification accuracy of 98.08%. Vijh S et al. [21] presented
a comprehensive approach for the automated detection of
lung cancer tumors in CT images. The proposed intelligent
system involves various image processing steps, including
enhancement, segmentation, post-processing, feature extrac-
tion, feature selection, and classification using the SVM ker-
nel. The Gray Level Co-occurrence Matrix method is uti-
lized to extract 19 texture and statistical features from lung
CT images. The Whale Optimization Algorithm (WOA) is
employed for selecting the best prominent feature subset.

WOA_SVM was developed to automate an ancillary diag-
nostic system, determining whether a CT lung image is nor-
mal or abnormal. The proposed methodology achieved a high
accuracy of 95% using a Radial Bias Function (RBF) support
vector kernel.

After a comprehensive examination of the existing litera-
ture, we now provide a summarized overview of key findings
and characteristics of the reviewed studies, the best perform-
ing models of the studies containing multiple models are in
bold in Table 1

In this study, we conducted a comprehensive evaluation
and comparison of various machine learning models,
including ANN, KNN, and SVM for prediction of lung
cancer prediction. To enhance accuracy and efficiency in the
prediction of lung cancer, and to make the model clinically
valuable for healthcare decision-making, we adopted an
optimization approach by hybridizing the best-performing
model with two nature-inspired optimization algorithms:
the Crow Search Algorithm (CSA) and the Artificial Bee
Colony (ABC). CSA and ABC excel in efficiently exploring
complex search spaces, each employing different techniques
for exploration and exploitation. This hybridization
approach aims to leverage the strengths of these algorithms
and overcome their limitations, making it particularly
advantageous for challenging problems like prediction of
lung cancer prediction.

ABC is distinguished by its ability to search effectively
but lacks exploration capability, while the Crow Search
Algorithm utilizes the position and memory of each crow
for objective function evaluation. This combination of
strengths motivated us to propose an alternative method of
prediction based on hybridization, avoiding the limitations
of traditional technologies. The hybridization technique aims
to provide a robust and clinically relevant predictive model,
addressing the shortcomings of individual models. Through
this research effort, we aim to advance the field of lung
cancer prediction, enabling early diagnosis and proactive
patient care, ultimately benefiting healthcare professionals
and patients alike.

Table 1 Summary of literature

. Authors Year Models Accuracy (%)
review
[4] 2022 XGBoost, LightGBM, Bagging, AdaBoost 94.42
[13] 2019 KNN, SVM, DT, Multinomial Naive Bayes, SGD, RF, MLP 88.55
[14] 2019 SVM, C4.5 DT, MLP, neural network, NB, Gradient Boosted Tree 90
[15] 2019 RF 95.7
[17] 2022 NB, BayesNet, SGD, SVM, LR, ANN, KNN, LMT, RT, RotF, 97.1
RepTree, RF AdaBoostM1
[18] 2021  PSO-GA-SVM 97.69
[19] 2022  GWO & WOA-SVM 97.6
KNN-SVM
[21] 2020  WOA_SVM 95
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Fig. 1 The organizational structure of the applied procedure

Table 2 Description of database attributes

Attribute Description

Gender Female=0, Male=1
Age Age In Years (21-87)
Smoking Yes=2,No=1
Yellow fingers Yes=2,No=1
Anxiety Yes=2,No=1

Peer pressure Yes=2,No=1
Chronic disease Yes=2,No=1
Fatigue Yes=2,No=1
Allergy Yes=2,No=1
Wheezing Yes=2,No=1
Alcohol consuming Yes=2,No=1
Coughing Yes=2,No=1
Shortness of breath Yes=2,No=1
Swallowing difficulty Yes=2,No=1
Chest pain Yes=2,No=1
Lung cancer Yes=1, No=0

2 Materials and method

In this study, the methodology was structured around a series
of steps outlined in the flow diagram depicted in Fig. 1.

@ Springer

2.1 Data collection

In this study, we processed a lung cancer dataset to develop
our proposed model. The dataset was sourced from Kaggle
[22], encompassing a total of 16 attributes. Within this
dataset, we found records for 309 patients, comprising 162
males and 147 females. Among these patients, 39 were
categorized as normal, while 270 were diagnosed with
lung cancer (see Table 2).

2.2 Data preprocessing

In this study, Python software was employed for our data
analysis. The dataset we utilized was characterized by the
absence of any missing values or outliers, rendering further
data preprocessing unnecessary. To discern correlations
among the features, we employed a heatmap visualization
technique. Moreover, we employed Kernel Density
Estimation (KDE) plots to compare the distribution of
patients by age, distinguishing those with lung cancer from
those without.

2.3 Model building

In this study, we performed an exhaustive analysis of a lung
cancer dataset, employing multiple classification algorithms,
including ANN, KNN, and SVM. To evaluate their efficacy,
we partitioned the dataset into a training set (comprising
80% of the data) and a testing set (20%), subsequently
computing performance metrics for each model. We
conducted a comprehensive comparison of the performance
of the three models to determine the most promising model.

2.3.1 Artificial neural network

ANN is an ML technique that imitates the function and
workings of the human brain [23]. A neural network’s
artificial neuron utilizes specific input information to apply
appropriate mathematical weights, which can ultimately
predict an output object [8, 24]. In various healthcare
domains, ANN approaches are valuable, such as in diagnosis
and indicating breast cancer, lung cancer, and other ontology
prediction, diagnostic systems, and drug analysis [5].

2.3.2 K-Nearest Neighbors

The KNN algorithm used for classification and regression is
a non-parametric method [25]. It is a distance-based method
(either Euclidean or Manhattan) to calculate the similarity
or dissimilarity between two instances in a data set [26].
KNN is often used when there is little prior knowledge of the
data [8]. It is sensitive to outliers in the data set [24]. In the
classification, the number of k neighbors, where k is equal to
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the square root of the instances’ number and distance [24].
It is possible to determine the perfect collection of k-values
for best predictions [24, 27].

2.3.3 Support vector machine

SVM is a supervised machine learning algorithm utilized to
classify text into different categories [28]. It is used for both
classification and regression tasks [5, 29]. It uses boundaries
known as hyperplanes to divide the incoming data set in
half and classify it [5]. This differentiation is magnified by
increasing the margin on either side of the hyperplane [24].
In the end, the hyperplane-bounded region with the largest
possible margin is used for analysis [24]. Finding nonlinear
correlations by using a kernel function is one of the SVM
method’s features [24, 30].

2.4 Optimization

Following the identification of the most promising model,
our focus shifted to optimization to enhance accuracy and
other performance metrics. This optimization strategy was
distinctive, as we leveraged a novel approach that combined
the strengths of the CSA and ABC algorithm in conjunction
with the best-performing model. This hybridization was
designed to further enhance the model’s capabilities and
deliver superior results. Our unwavering dedication to
achieving heightened accuracy underscores our commitment
to providing reliable predictions with precision in the
domain of lung cancer prediction.

2.4.1 Artificial bee colony

ABC algorithm is a stochastic optimization algorithm
that inspiration by honeybee behavior, used in many
optimization problems [31]. Karaboga proposed it in 2005
[32]. Individual bees are categorized into three sorts in the
algorithm (employed, observer, and scout), with each agent
having a particular function to perform in the process [31,
33].

2.4.2 Crow search algorithm

The CSA an algorithm proposed by Askarzadeh in 2016 is
a meta-heuristic algorithm [34]. That mimics the strategies
of crows for hiding and stealing food [35]. It is said that the
most intelligent bird is the crow [34]. Crows can recognize
faces and can communicate with one another to warn
when an unfamiliar one is around [34]. In addition, they
can communicate in sophisticated ways and remember the
hiding place of their food several months later [34, 36].
Crows watch where other birds hide their food and steal it

[36]. They use their own experience with theft to predict
the behavior of thieves, to avoid becoming a victim in the
future, and they can determine the safe path to protect their
caches [36]. The primary source for this algorithm was the
way crows hide their food [37].

The following definitions outline the four major CSA
tenets [36]:

e Crows exist in the shape of a flock.

o Crows remember where to hide their food.

e When the robbery is committed, each of the members
tracks down the others.

e Crows guard their caches by being extremely vigilant
against theft.

2.5 Performance evaluation metrics

Once our models were trained, we proceeded to assess
their performance through the application of relevant
metrics. We gauged the performance of each algorithm by
calculating performance measures utilizing a confusion
matrix, a valuable tool for delineating the actual and
expected outcomes of a classification system [37]. This
matrix includes True Positive (TP), True Negative (TN),
False Positive (FP), and False Negative (FN) elements.
Various statistical metrics, such as accuracy, sensitivity,
specificity, precision, recall, F-measure, Matthew’s
correlation coefficient (MCC), and Receiver Operating
Characteristic (ROC), were utilized to evaluate and compare
the effectiveness and efficiency of the diverse algorithms.
Our study encompassed a thorough comparative analysis
of these algorithms based on the performance evaluation
metrics employed.

The accuracy (Ac) describes the classification task’s
performance and counts the number of accurately predicted
examples from all data instances [17]. It is calculated using
Eq. 1.

Ac=TP+TN /(TP + TN + FP + FN) (1)

The sensitivity (Se) is the ability of the model to correctly
identify positive instances [38, 39]. It is calculated using
Eq. 2.

Se = TP/ (TP + FN) )

The specificity (Sp) is the classifier’s ability to identify
negative outcomes [38, 39]. It is calculated using Eq. 3.

Sp=TN/ (TN + FP) 3)

The precision (Pr) is an evaluation measure that calcu-
lates the percentage of expected positives that are actual
positives [38, 39]. It is calculated using Eq. 4.
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Pr = TP/ (TP + FP) @)

The recall is the percentage of successfully classified
positives [38]. It is calculated using Eq. 5.

Recall = TP/ (TP + FN)

®)

F-Measure is a statistically significant measure of
accuracy and recall that maintains a balance between the
accuracy and recall of a classifier [38, 39]. F-Measure is
calculated using Eq. 6.

F — Measure = 2 % Precision * Recall / (Precision + Recall)

(6)

MCC is a correlation coefficient value between -1 and + 1
[38]. MCC is calculated using Eq. 7.

MCC = (TP % TN) — (FP % FN)/

\/ (TP + FP)(TP + FN)(TN + FP)(TN + FN)
@)
ROC is used to gauge how well a model can discriminate
across classes [38]. The area under the ROC curve is a com-

bined space of the true positive rate and the false positive
rate [38].

Fig. 2 Heatmap displaying
correlations between all of the
features
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3 Results and discussion
3.1 Result from exploratory data analysis

In Fig. 2, we present a heatmap illustrating the correlations
between various features. Each cell within the heatmap is
populated with values and colors, serving as indicators of the
strength of the associations between these features. In this
representation, warmer colors denote a higher correlation,
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while cooler colors signify a lower degree of correlation
among the features. Turning our attention to Fig. 3, it depicts
the density distribution of a lung cancer dataset, differentiat-
ing between patients with and without the disease. Notably,
the age group of 50-70 years emerges as the most signifi-
cantly affected, with the peak incidence observed at 60 years
of age.

3.2 Results of the proposed models

In this study, we processed a lung cancer dataset and applied
various classification algorithms, including (SVM, ANN,
and KNN). We conducted a comprehensive assessment of
their performance on a dataset divided into 80% for training
and 20% for testing.

Table 3 presents the performance parameters of the clas-
sification algorithms employed, specifically accuracy, sen-
sitivity, specificity, Recall, precision, and F-Measure. Fig-
ure 4 illustrates the ROC curve for the applied classification
algorithms.

Among the algorithms tested, SVM emerged as the top-
performing individual algorithm, demonstrating an excep-
tional balance between accuracy, sensitivity, and specificity.
It achieved the highest accuracy, reaching up to 96.80%,
surpassing all other algorithms across various performance

metrics, including sensitivity, recall, and F-Measure. This
well-rounded performance positions SVM as the optimal
choice for predicting lung cancer.

3.3 Optimization Results

Following the evaluation of the algorithms using
performance metrics, our analysis revealed that the
SVM outperformed the other algorithms, underscoring
its superior performance. Nevertheless, it is important
to acknowledge that while SVM displayed remarkable
performance compared to other models in our study, its
accuracy may not yet meet our desired threshold for Lung
cancer prediction. As we continually aspire to achieve
even greater accuracy in our predictive models, we
remain committed to the pursuit of ongoing improvement
and exploration of alternative approaches. In response
to this challenge, we have introduced the CSABC-SVM
hybrid model, designed to further enhance accuracy by
capitalizing on the synergies of its constituent components.
Specifically, the CSA and ABC algorithms are applied to
optimize the hyperparameters of the SVM model. Our
unwavering dedication to achieving heightened accuracy
underscores our commitment to providing reliable
predictions with precision in the domain of lung cancer
prediction.

Table 3 Prediction

Ac % Se % Sp % Recall % Pr % F-Mesure % MCC %
performance of the
classification algorithms ANN 95.18 93.33 100 93.33 100 96.55 55.77
KNN 95.21 96.66 50 96.66 98.30 97.47 38.42
SVM 96.80 98.33 50 98.33 98.33 98,33 48.33
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The CSABC algorithm aims to find the best hyperparam-
eters of the SVM classifier by developing a set of solutions
through iterations, where each solution represents a pair of
C and gamma values. The goal is to find the solution that
achieves the highest accuracy on the training data.

The execution steps of the CSABC-SVM are as follows:

1. Splitting the Data
Divide the data set into training (80%) and test (20%).
2. Defining the CSABC Class:

We define the CSABC class responsible for optimizing
SVM hyperparameters using the hybrid CSA and ABC
algorithm. The constructor takes two parameters: population
size (number of solutions), and maximum iterations.

3. Optimizing Hyperparameters:

Inside the optimized method of the CSABC class,
a population of potential solutions (combinations of
hyperparameters C and gamma) is randomly generated.

The population is iteratively evaluated for fitness. The
fitness of each solution is determined by training an SVM
with the given hyperparameters and computing its accuracy
on the training data.

Updates the best solution (the hyperparameters that result
in the highest accuracy) found during each iteration.

The population is evolved by selecting solutions based
on their fitness and introducing mutations to explore new
hyperparameter combinations.

The optimization process continues for 100 iterations.

4. Selecting the Best Solution:

- After the optimization process is completed, the best
solution (best hyperparameters) is obtained from the CSA
and ABC hybrid algorithm.

5. Extracting Hyperparameters:
The optimal values of the SVM hyperparameters C and

gamma are extracted from the best solutions, which are used
to construct the SVM classifier.

The performance of the new model was evaluated using
metrics such as accuracy, sensitivity, specificity, precision,
recall, F-measure, and MCC, as shown in Table 4.

The CSABC-SVM model delivered a remarkable
accuracy rate of 98.36%, representing a substantial
improvement of 1.58% when compared to the standalone
SVM model. This noteworthy enhancement in prediction
performance underscores the model’s effectiveness,
achieved through the synergistic combination of the CSA
and ABC algorithms. Furthermore, the CSABC-SVM model
exhibited a marked increase in both the MCC at 70.12%
and the F-Measure at 99.17%. The hybridization of these
algorithms played a pivotal role in elevating sensitivity and
recall, both reaching 100%, a feat accomplished through
the intelligent fusion of distinct optimization techniques.
This increase bears significant implications for the model’s
capability to accurately identify positive lung cancer cases,
a critical aspect in clinical decision-making and proactive
patient care. The hybridization approach, as employed in
the CSABC-SVM model, has effectively enhanced the
overall performance of our predictive model, solidifying
it as a robust and dependable tool for precise lung cancer
prediction. This advancement ultimately contributes to
improved healthcare outcomes for patients.

3.4 Feature importance

In the realm of ML, analyzing feature importance and visu-
alizing it are significant and popular techniques [38]. Due to
the ease of use and interpretability of feature ranking or risk
analysis, these techniques are especially employed in fields
like biology and social sciences [38]. Feature importance
and ranking are determined based on the coefficient value
of each characteristic [38, 40]. Figure 5 provides a graphi-
cal representation of feature importance for CSABC-SVM
offering a clear illustration of feature order and importance.
The figure effectively showcases the most influential features
responsible for lung cancer. From Fig. 5 we can identify the
seven most significant features based on their importance.
According to Fig. 5, it is evident that age is a significant
feature or factor for lung cancer identification and prediction.
Followed by coughing, alcohol consuming, anxiety, wheez-
ing, chest pain, and allergy.

Table 4 Prediction

Ac % Se % Sp % Recall % Pr % F-mesure % MCC %
performance of the SVM and
CSABC-SVM SVM 96.80 98.33 50 98.33 98.33 98,33 48.33
CSABC-SVM 98,38 100 50 100 98.36 99.17 70.12
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Fig. S Illustration of feature
importance
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Table 5 Comparison with other studies in the prediction of lung can-
cer

Author Model Ac (%)
[17] RotF 97.1
[14] Gradient Boosted Tree 90

[4] XGBoost 94.42
[18] PSO-GA-SVM 97.69
[19] KNN-SVM 97.6
[21] WOA_SVM 95
Proposed model CSABC-SVM 98.38

4 Comparison with previous studies

Numerous high-quality studies have been conducted to
detect and predict lung cancer. In comparison with other
studies in the field of lung cancer prediction using Al,
Table 5, our research stands out due to its comprehensive
approach and novel hybridization technique. Our proposed
model CSABC-SVM achieved a remarkable accuracy of
98.36%. While previous studies have explored various
machine learning algorithms, including SVM, CNN, ANN,
XGBoost, and RotF, our work not only conducted a thor-
ough comparison of these algorithms but also introduced a
new hybrid algorithm that combines the power of SVM and
CSABC-SVM.

We underscore the significant benefits and superior
predictive power that hybridization brings to the challenges
of complex data analysis and predictive modelling. In
this comparison, we used non-hybrid models such as
SVM, CNN, and ANN because they help us to evaluate
the performance of new and innovative techniques.
Demonstrating superior performance compared to these

002 004 006 0.8 010 012 014

Feature Importance

models indicates that our approach has practical significance
and real-world applicability. It allows us to attribute the
improved accuracy to the hybridization itself, highlighting
that the combination of different algorithms or techniques
is the reason for our superior results. This emphasis on non-
hybrid models as benchmarks is crucial because it helps us
measure the true advancements and contributions made by
hybrid models in addressing complex problems like lung
cancer prediction, making them valuable tools for medical
research and clinical applications.

5 Conclusion and future scope

Our research aims to enhance cancer prediction through an
innovative hybridization optimization approach, present-
ing an intelligent framework for early-stage lung cancer
diagnosis. Recognizing the crucial role of early detection
in improving treatment success and reducing lung cancer-
related mortality, our study establishes the foundation for
an effective diagnostic approach. The evaluation of various
machine learning models revealed that the CSABC-SVM
hybrid model outperformed them all, achieving an excep-
tional accuracy of 98.36%. This high accuracy underscores
the effectiveness and practicality of our approach for real-
world clinical applications. However, limited lung cancer
data in our dataset presented challenges.

In the future, our primary focus is refining the hybrid
CSABC-SVM model by combining it with another
optimization algorithm to explore novel ways of enhancing
predictive performance. This iterative process will include
a comprehensive analysis to identify and address potential
limitations, further improving the model’s accuracy in
predicting lung cancer. Beyond lung cancer, we aim to

@ Springer
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extend the application of this hybrid model to diagnose
various cancers and predict other diseases, such as kidney
disease and stroke. This extension will not only evaluate
the model’s robustness, reliability, and generalizability in
different clinical contexts but will also incorporate advanced
optimization techniques to advance predictive medicine.
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