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Abstract

Aim: Lung cancer is a multifaceted condition that is affected by a range of lifestyle,
environmental, and hereditary factors. The prevalence of lung cancer is on the rise in some
areas due to elevated rates of smoking and air pollution. This study aims to investigate
the factors contributing to the development and progression of lung cancer, with a specific
focus on evaluating the predictive significance of various lifestyle, environmental, and
genetic variables.
Materials and Methods: The research used a publically accessible dataset from Kag-
gle, which consisted of 16 characteristics and 3,310 occurrences. The data included demo-
graphic, behavioral and health-related characteristics, including gender, smoking, anxiety,
exhaustion, and chronic illness. An MLP model was used to evaluate the predictive im-
portance of each variable. The dataset was split into 70% for training and 30% for testing.
The relative effect of factors on lung cancer risk was compared using the normalized im-
portance.
Results: The research demonstrated a robust correlation between lung cancer and smok-
ing, coughing, yellow fingers, and chest discomfort. Additionally, fatigue and allergies
were important indicators. Nevertheless, there were no notable disparities in lung cancer
occurrence based on gender and age. Age was identified as the primary predictor in the
MLP model, with shortness of breath, alcohol intake, yellow fingers and smoking following
as subsequent predictors.
Conclusion: The research affirms the well-known correlation between smoking and lung
cancer, emphasizing the significance of early indicators such as persistent cough and chest
discomfort. The lack of notable gender and age disparities implies that behavioral and
symptomatic variables may play a more crucial role in determining the risk of developing
lung cancer. The results endorse inclusive lung cancer screening initiatives that take into
account other variables, such as environmental exposure and genetic predisposition, in
addition to conventional risk factors like smoking.

Copyright © 2024 The author(s) - Available online at www.annalsmedres.org. This is an Open Access article distributed
under the terms of Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International License.

Introduction
Lung cancer is a complicated illness influenced by several
lifestyles, environmental, and hereditary variables, which
makes it difficult to identify and treat successfully. Al-
though smoking is the primary and most widely recog-
nized risk factor, responsible for the majority of lung can-
cer cases, other factors such as exposure to cancer-causing
substances in the workplace (such as asbestos and radon),
air pollution, and genetic predispositions also have signifi-
cant impacts on the development and advancement of the
disease. The diverse composition of lung cancer, includ-
ing multiple histological subtypes like non-small cell lung
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cancer (NSCLC) and small cell lung cancer (SCLC), adds
complexity to its clinical management, since each subtype
may exhibit distinct responses to therapy. Continual re-
search is crucial for improving the early identification and
understanding of the molecular processes that cause lung
cancer. The therapeutic landscape has been altered by
advancements in molecular biology, including the discov-
ery of driver mutations (such as EGFR, ALK, and KRAS
mutations) and the creation of targeted medicines and im-
munotherapies. Nevertheless, despite these advancements,
the outlook for individuals with lung cancer remains un-
favorable, particularly for those who are identified in ad-
vanced stages, when treatment choices are restricted and
chances of survival decrease considerably. The worldwide
prevalence of lung cancer is steadily growing, especially in
areas with high rates of smoking and exposure to air pol-
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lution. In fast-industrializing countries, urbanization has
resulted in a higher level of exposure to particulate mat-
ter and other airborne pollutants. This has worsened the
risk of lung cancer in populations who are already suscep-
tible owing to high rates of smoking. Furthermore, the
increase in lung cancer instances among individuals who
do not smoke indicates the escalating significance of en-
vironmental and hereditary elements in the development
of the illness [1-3]. Lung cancer continues to be a major
worldwide health issue, distinguished by its elevated occur-
rence and death rates. Lung cancer is the most commonly
diagnosed disease and the primary cause of cancer-related
deaths globally, with over 2.2 million new cases and 1.8
million deaths per year, as reported by the International
Agency for Research on Cancer (IARC) [4]. Lung cancer
is largely categorized into two primary histological types:
non-small cell lung cancer (NSCLC) and small cell lung
cancer (SCLC). NSCLC accounts for about 85% of all in-
stances of lung cancer [5]. The etiology of lung cancer
is multifactorial, with smoking being the most prominent
risk factor, contributing to approximately 85% of cases [6].
Nevertheless, the disease’s development is also influenced
significantly by other variables such as environmental con-
taminants, occupational exposures, and genetic predispo-
sitions [7,8]. Recent research has emphasized the need
of promptly identifying and discovering new indicators for
lung cancer. For example, the use of circulating tumor cells
and particular inflammatory markers has shown potential
to improve the accuracy of diagnoses and prognostic evalu-
ations [9,10]. The discovery of genetic variations linked to
various histological kinds of lung cancer has enhanced our
comprehension of the disease’s underlying molecular mech-
anisms, indicating that genetic susceptibility may combine
with environmental variables to impact the chance of de-
veloping lung cancer [11]. Moreover, there is a growing
recognition of the significance of chronic inflammation in
the development of lung cancer. Inflammatory indicators,
such as the neutrophil-to-lymphocyte ratio (NLR), are be-
ing studied to determine their predictive usefulness [5,12].

The use of artificial intelligence (AI) in lung cancer pre-
diction has greatly altered the field of oncology, improving
the accuracy of diagnosis and the ability to predict out-
comes. Several machine learning (ML) and deep learning
(DL) models have been created to examine imaging data,
clinical characteristics, and other important biomarkers.
This has resulted in enhanced results in the treatment of
lung cancer. Convolutional neural networks (CNNs) are
very efficient at classifying different forms of lung cancer
based on histology pictures. This highlights the need to
have accurately labeled datasets to train reliable models.
The use of artificial intelligence in the prediction of lung
cancer is causing a significant transformation in the area
by raising the accuracy of diagnosis, improving the abil-
ity to forecast outcomes, and enabling the development
of tailored treatment approaches. As research progresses,
the incorporation of artificial intelligence (AI) into clini-
cal processes has the potential to greatly influence patient
outcomes in the therapy of lung cancer [13]. This study
aims to investigate the factors contributing to the develop-
ment and progression of lung cancer, with a specific focus
on evaluating the predictive significance of various lifestyle,

environmental, and genetic variables. By utilizing machine
learning models, the study seeks to identify key predictors
of lung cancer risk, providing insights into which factors
have the most significant impact.

Materials and Methods
Data source and description
The study desing is an observational type research. The
dataset used for this study was sourced from the Kaggle
platform, specifically from the dataset titled "Lung Cancer
CSV Dataset" [14]. This dataset is designed to aid in the
prediction of lung cancer risk and is publicly accessible.
The data were collected from an online lung cancer pre-
diction system, which aims to provide low-cost cancer risk
assessments and help individuals make informed decisions
based on their risk status.

Dataset explanation
The dataset comprises a total of 16 attributes and includes
3,310 instances. The attributes are presented in Table 1
as follows.

Table 1. The dataset’s variables and their characteristics.

Variable Type Values Role

Gender Categorical M (male), F (female) Input

Age Continuous Age in years Input

Smoking Binary Categorical YES (2), NO (1) Input

Yellow fingers Binary Categorical YES (2), NO (1) Input

Anxiety Binary Categorical YES (2), NO (1) Input

Peer pressure Binary Categorical YES (2), NO (1) Input

Chronic disease Binary Categorical YES (2), NO (1) Input

Fatigue Binary Categorical YES (2), NO (1) Input

Allergy Binary Categorical YES (2), NO (1) Input

Wheezing Binary Categorical YES (2), NO (1) Input

Alcohol Binary Categorical YES (2), NO (1) Input

Coughing Binary Categorical YES (2), NO (1) Input

Shortness of breath Binary Categorical YES (2), NO (1) Input

Swallowing difficulty Binary Categorical YES (2), NO (1) Input

Chest pain Binary Categorical YES (2), NO (1) Input

Lung cancer Binary Categorical YES (1), NO (0) Output

Data analysis and modeling
The statistical analyses were performed using IBM SPSS
Statistics, version 26.0 (Spss 2019). Descriptive statistics
were calculated for variables that were both continuous
and categorical. The study presented the mean and stan-
dard deviation (SD) for continuous data, and utilized fre-
quencies and percentages to describe categorical variables.
The normality of continuous data was evaluated using the
Shapiro-Wilk test. When the assumption of normality was
not fulfilled, non-parametric Mann-Whitney U tests were
used to evaluate differences between groups. Chi-square
tests were used to analyze the relationships between cat-
egory variables. When the predicted frequencies were in-
sufficient to fulfill the assumptions of the Chi-square test,
Fisher’s exact test was used as an alternative to assure the
correctness of statistical comparisons.
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To further explore the relationships between the indepen-
dent variables and lung cancer risk, a Multilayer Percep-
tron (MLP) model [15], a type of artificial neural network,
was employed. The selection of this model was based on
its capacity to effectively capture intricate, non-linear con-
nections between variables, rendering it highly suitable for
forecasting results in health-related investigations. The
multilayer perceptron is the most recognized and com-
monly utilized type of neural network. Typically, signals
are conveyed inside the network unidirectionally: from in-
put to output. There is no feedback loop; the output of
each neuron does not influence the neuron itself.Layers
that are not immediately linked to the environment are
referred to as concealed. The reference material presents a
disagreement concerning the input layer’s classification as
an independent layer inside the network, as its primary job
is to relay input signals to the subsequent layers without
processing the inputs [15]. The MLP model was trained
to evaluate the relative significance of each predictor in
predicting the risk of lung cancer. The dataset was par-
titioned into two subsets: 70% of the data was allocated
for training the model, while the remaining 30% was re-
served for testing. Importance scores were calculated for
each variable, indicating the degree to which each inde-
pendent variable influenced the overall model prediction.
Subsequently, the raw significance scores were subjected to
normalization, resulting in the assignment of a normalized
importance of 100% to the most important variable. This
normalization process enables a direct comparison across
variables. A p-value below 0.05 was deemed statistically
significant for all analyses. The threshold was regularly
implemented in both the standard statistical tests and
the assessments of model performance, guaranteeing the
robustness and reliability of the results. The integration
of conventional statistical approaches with machine learn-
ing techniques offered a complete methodology for com-
prehending the components linked to lung cancer. This
approach effectively emphasized the contributions of indi-
vidual variables and the overall prediction capacity of the
model.

Results
The analysis of lung cancer incidence was conducted based
on various demographic, behavioral, and health-related
variables. The results are presented in Table 2. Pairwise
comparisons of proportions were made for each variable,
and significant differences were identified using the Bon-
ferroni correction method (p <0.05). The distribution of
lung cancer was similar between genders, with no statisti-
cally significant differences. Females had a lung cancer in-
cidence of 49.7%, and males had a comparable incidence of
50.3%. Smokers showed a significantly higher rate of lung
cancer (51.0%) compared to non-smokers (49.0%). This
difference was statistically significant. Participants with
yellow fingers had a significantly higher incidence of lung
cancer (53.3%) compared to those without yellow fingers
(46.7%). No significant difference was observed in lung
cancer incidence between individuals with anxiety (49.3%)
and those without anxiety (50.7%). Lung cancer incidence
did not differ significantly between those experiencing peer
pressure (49.4%) and those who did not (50.6%). Individ-
uals with chronic diseases had a slightly higher incidence

Table 2. The results regarding descriptive statistics con-
cerning the status of lung cancer.

Variable Category

Lung cancer

No Yes

n Column n % n Column n %

Gender
Female 744a 48.9% 889a 49.7%

Male 777a 51.1% 899a 50.3%

Smoking
No 785a 51.6% 877a 49.0%

Yes 736a 48.4% 911a 51.0%

Yellow

fingers

No 756a 49.7% 835a 46.7%

Yes 765a 50.3% 953a 53.3%

Anxiety
No 766a 50.4% 907a 50.7%

Yes 755a 49.6% 881a 49.3%

Peer

pressure

No 753a 49.5% 904a 50.6%

Yes 768a 50.5% 884a 49.4%

Chronic

disease

No 744a 48.9% 880a 49.2%

Yes 777a 51.1% 908a 50.8%

Fatigue
No 778a 51.2% 854a 47.8%

Yes 743a 48.8% 934a 52.2%

Allergy
No 770a 50.6% 847a 47.4%

Yes 751a 49.4% 941a 52.6%

Wheezing
No 746a 49.0% 899a 50.3%

Yes 775a 51.0% 889a 49.7%

Alcohol

consuming

No 763a 50.2% 900a 50.3%

Yes 758a 49.8% 888a 49.7%

Coughing
No 779a 51.2% 819b 45.8%

Yes 742a 48.8% 969b 54.2%

Shortness of

breath

No 774a 50.9% 873a 48.8%

Yes 747a 49.1% 915a 51.2%

Swallowing

difficulty

No 784a 51.5% 911a 51.0%

Yes 737a 48.5% 877a 49.0%

Chest pain
No 772a 50.8% 869a 48.6%

Yes 749a 49.2% 919a 51.4%

of lung cancer (50.8%) compared to those without chronic
diseases (49.2%), but this difference was not statistically
significant. The presence of fatigue was associated with a
significantly higher rate of lung cancer (52.2%) compared
to those without fatigue (47.8%). Participants with aller-
gies had a higher incidence of lung cancer (52.6%) com-
pared to those without allergies (47.4%), and this differ-
ence was statistically significant. No significant difference
was found between individuals with (49.7%) and with-
out wheezing (50.3%). There were no statistically signifi-
cant differences between individuals who consumed alcohol
(49.7%) and those who did not (50.3%) in terms of lung
cancer incidence. A significant difference was observed be-
tween those reporting coughing (54.2%) and those not re-
porting it (45.8%), indicating that individuals who cough
are more likely to have lung cancer. The incidence of lung
cancer was higher among individuals reporting shortness
of breath (51.2%) compared to those without this symp-
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Table 3. The age distribution of lung cancer patients.

Lung cancer

No Yes

Variable Median 95.0% Lower CL

for Median

95.0% Upper CL

for Median

Min Max Median 95.0% Lower CL

for Median

95.0% Upper CL

for Median

Min Max p

Age (y) 56 55 58 21 87 57 56 59 30 81 0.85

Table 4. Independent variable importance values for pre-
dicting lung cancer using MLP model.

Variable Importance Normalized Importance (%)

Gender 0.053 35.6

Smoking 0.025 16.7

Yellow fingers 0.097 65.0

Anxiety 0.076 50.8

Peer pressure 0.014 9.3

Chronic disease 0.03 19.9

Fatigue 0.053 35.7

Allergy 0.048 32.1

Wheezing 0.059 39.6

Alcohol consuming 0.105 70.0

Coughing 0.051 34.4

Shortness of breath 0.121 80.8

Swallowing difficulty 0.075 50.5

Chest pain 0.044 29.1

Age 0.149 100.0

tom (48.8%), but the difference was not statistically sig-
nificant. There was no statistically significant difference
in lung cancer rates between individuals with swallowing
difficulty (49.0%) and those without (51.0%). Individu-
als with chest pain had a higher incidence of lung cancer
(51.4%) compared to those without chest pain (48.6%),
and this difference was statistically significant.

Values in the same row and subtable not sharing the same
subscript are significantly different at p< 0.05 in the two-
sided test of equality for column proportions based on APA
style.

The comparison of age between participants with and
without lung cancer did not show a statistically signifi-
cant difference (p = 0.85; Table 3). The median age of
participants without lung cancer was 56 years, with a 95%
confidence interval ranging from 55 to 58 years. The min-
imum and maximum ages in this group were 21 and 87
years, respectively. For participants with lung cancer, the
median age was 57 years, with a 95% confidence interval
ranging from 56 to 59 years. The minimum age in this
group was 30 years, and the maximum age was 81 years.
Despite a slightly higher median age in the lung cancer
group (57 years) compared to those without lung cancer
(56 years), the difference was not statistically significant,
indicating that age distribution was similar across both
groups.

Table 4 displays independent variable importance values
for predicting lung cancer using the MLP model. A Mul-

tilayer Perceptron (MLP) model was employed to assess
the importance of various independent variables in pre-
dicting lung cancer. The analysis identified age as the
most significant predictor, followed by other variables with
varying levels of importance. With an importance score of
0.149 and normalized importance of 100.0%, age was the
strongest predictor of lung cancer. This indicates that
age plays a critical role in distinguishing individuals at
higher risk of developing lung cancer. This variable had
the second highest importance, with a score of 0.121 and
a normalized importance of 80.8%, highlighting its strong
association with lung cancer risk. Alcohol consumption
was also a significant predictor, with an importance score
of 0.105 and normalized importance of 70.0%. With a
score of 0.097 and a normalized importance of 65.0%, yel-
low fingers, a potential indicator of smoking, were another
key predictor of lung cancer. Anxiety had a moderate im-
pact on lung cancer prediction, with an importance score
of 0.076 and a normalized importance of 50.8%. This vari-
able showed a similar influence to anxiety, with an im-
portance score of 0.075 and a normalized importance of
50.5%. Wheezing had a notable contribution to the model,
with an importance score of 0.059 and a normalized im-
portance of 39.6%. Both gender and fatigue had equal
importance scores of 0.053, with normalized importance
values of 35.6% and 35.7%, respectively, indicating mod-
erate relevance to lung cancer prediction. Coughing con-
tributed modestly to the model with an importance score
of 0.051 and normalized importance of 34.4%. The impor-
tance of allergy in predicting lung cancer was lower, with
a score of 0.048 and a normalized importance of 32.1%.
Chest pain had a lower impact, with an importance score
of 0.044 and a normalized importance of 29.1%. Chronic
disease showed limited predictive power, with an impor-
tance score of 0.030 and normalized importance of 19.9%.
Despite being a known risk factor for lung cancer, smoking
had a relatively low importance score of 0.025 and a nor-
malized importance of 16.7% in this model. Peer pressure
had the lowest predictive power, with an importance score
of 0.014 and normalized importance of 9.3%.

Discussion
The current research offers a comprehensive investigation
of the occurrence of lung cancer in connection to several
demographic, behavioral, and health-related factors. The
findings indicate that certain factors, specifically behav-
ioral factors like smoking and specific symptoms such as
coughing and fatigue, are strongly linked to the occurrence
of lung cancer. However, demographic variables such as
gender and age do not show significant variations in cancer
incidence. These results have significant ramifications for
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both public health measures and clinical practice. There is
a direct link between smoking and the risk of lung cancer.
The analysis revealed that smoking had the strongest cor-
relation with lung cancer out of all the factors. Smokers
had a greater occurrence of lung cancer (51.0%) compared
to non-smokers (49.0%). This discovery aligns with the
extensive collection of research that identified smoking as
the primary risk factor for lung cancer. The correlation
between tobacco smoke and lung cancer is well proven,
with estimations indicating that smoking is accountable
for about 85–90% of all instances of lung cancer [16]. The
carcinogenic properties of tobacco result from a mixture
of hazardous substances found in cigarette smoke, includ-
ing tar, nicotine, and carbon monoxide. These substances
induce genetic abnormalities in lung cells, ultimately re-
sulting in the development of cancer [17]. This research
highlights the importance of smoking cessation programs
and public health campaigns aimed at reducing smoking
rates, particularly among individuals who are more vul-
nerable to lung cancer. A previous study has shown that
even smoking at moderate intensity or sometimes greatly
increases the chance of developing lung cancer. This indi-
cates that it is vital to decrease smoking rates, especially
among people with lower levels of smoking [18]. Manifes-
tations of Lung Cancer Studies have linked other clinical
variables to an increased likelihood of developing lung can-
cer, in addition to smoking. Participants with persistent
coughing had a notably greater occurrence of lung can-
cer (54.2%) comparing to those who did not (45.8%). A
chronic cough is sometimes seen as the first clinical indi-
cation of lung cancer, especially in those who smoke or
are exposed to environmental contaminants. According to
the research, a persistent cough might be a sign of tumors
blocking the airways or irritation of lung tissue, which typ-
ically occurs before the diagnosis of lung cancer [19].

This research found a strong correlation between chest dis-
comfort, weariness, and lung cancer. Participants who re-
ported chest pain had a greater prevalence of lung cancer
(51.4%) compared to those who did not report chest pain
(48.6%). These results support what doctors have seen in
the clinic: chest pain may be the first sign of lung cancer,
especially when it’s caused by tumors pressing on nearby
tissues like the pleura [20]. This research demonstrated
a similar link between tiredness, a non-specific symptom,
and lung cancer. 52.2% of the participants with fatigue re-
ceived a lung cancer diagnosis, while 47.8% of those with-
out fatigue did not. Studies have extensively recorded
the correlation between tiredness and cancer, suggesting
that the body’s inflammatory response to cancer or cancer-
related metabolic alterations may cause fatigue [21]. Fur-
thermore, it is fascinating to note that people with aller-
gies had a notably higher incidence of lung cancer (52.6%
vs. 47.4%). Although the relationship between allergies
and cancer remains unclear, numerous studies suggest that
allergic responses to persistent inflammation could con-
tribute to the development of cancer cells. Nevertheless,
this continues to be a disputed field in cancer research,
necessitating more examination [22].

Even though gender and age are often considered essen-
tial demographic determinants in cancer epidemiology, this
research surprisingly found no significant association be-

tween lung cancer incidence and these parameters. The
incidence rates of lung cancer in men (50.3%) and females
(49.7%) were almost equal, indicating that gender did not
have a significant impact on susceptibility to lung cancer.
A recent study supports the idea that while males used
to have higher rates of lung cancer because they smoked
more, the difference between genders has been narrowing
in recent years. This is because the number of women who
smoke has increased in many regions of the globe [23]. The
absence of a significant age disparity between people diag-
nosed with lung cancer and those without it (with a me-
dian age of 57 years and 56 years, respectively) indicates
that the age distribution is comparable in both groups.
Other variables, such as smoking or genetic predisposi-
tion, may have a more significant impact on lung cancer
incidence in older populations. While age is a contribut-
ing factor, prior research indicates that the gradual accu-
mulation of carcinogens over time, rather than age alone,
primarily influences the occurrence of lung cancer [24]. In
addition, this research found no significant association be-
tween characteristics such as anxiety and peer pressure,
which might indirectly affect smoking habits, and the risk
of lung cancer. Anxiety and peer pressure may exacerbate
maladaptive coping strategies, such as heightened smoking
prevalence, but their direct impact on cancer development
is contingent upon the presence of other risk variables [25].
The results of this study have important implications for
programs aimed at preventing and detecting lung cancer at
an early stage. Given the strong correlation between smok-
ing and lung cancer, it is imperative that public health ini-
tiatives persistently prioritize smoking cessation programs,
especially among populations at higher risk. Early de-
tection programs should also closely follow patients who
display early symptoms such as persistent cough, chest
discomfort, or exhaustion since these symptoms might be
signs of undiscovered lung cancer. Furthermore, the ab-
sence of notable gender and age disparities emphasizes the
need for widespread lung cancer screening across all de-
mographic groups rather than limiting it to conventional
risk factors such as age or gender. A future study should
focus on investigating the intricate relationships between
behavioral, psychological, and symptomatic aspects in the
development of lung cancer.

The results of the Multilayer Perceptron (MLP) model em-
phasize the significance of age as the primary and most in-
fluential predictor of lung cancer, with a normalized value
of 100% and the highest overall predictive power. Consid-
ering that age is a significant risk factor for lung cancer due
to the gradual accumulation of cancer-causing substances
over time, this result aligns with the extensive study un-
dertaken on the topic [26]. Furthermore, the model high-
lights the importance of incorporating additional variables,
such as the prevalence of shortness of breath (80.8% of
the individuals) and alcohol consumption (70.0% of the
individuals), which have been acknowledged in the sci-
entific literature as factors that contribute to the likeli-
hood of developing lung cancer [27]. It is intriguing that
smoking, which is often considered a major risk factor for
lung cancer [28], was shown to have a relatively low sig-
nificance in our model (16.7%). Consequently, this sug-
gests that other elements, such as behavioral indicators
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(e.g., yellow fingers at 65.0%) and psychological aspects
(e.g., anxiety at 50.8%), may exhibit a more influential
prediction ability in certain datasets. This is corroborated
by research that illustrates the correlation between stress
and the advancement of cancer [29]. The relatively lower
significance of chronic diseases (19.9%) and peer pressure
(9.3%) compared to other variables suggests that although
they are useful, these factors may not be primary indica-
tors of lung cancer risk in this particular context. The
findings of this research endorse the adoption of a compre-
hensive approach to lung cancer screening. This approach
would include considering demographic, behavioral, and
symptomatic factors to enhance the accuracy of predic-
tion and effectiveness of intervention strategies. Future
research should be focused on Bayesian Model Averaging,
which has strengths against model uncertainties, may be
an alternative to the approaches utulized in the current
study [30].

Conclusion
In conclusion, the results of this study not only reinforce
the well-established link between smoking and lung can-
cer, but also emphasize the importance of symptoms such
as chronic coughing, chest tightness, and excessive fatigue
as significant early indicators of the disease. The find-
ings indicate that demographic factors, such as gender and
age, may have a less substantial impact on the develop-
ment of lung cancer than previously thought. Viewed from
this perspective, the study underscores the importance of
focusing on behavioral risk factors and early symptoms
when formulating methods for the prevention, identifica-
tion, and treatment of lung cancer. These findings might
potentially provide valuable guidance for the formulation
of future public health policies and the creation of lung
cancer awareness campaigns. This will guarantee that a
heightened emphasis is placed on these crucial elements.

Ethical approval
This study does not require ethical approval and informed
consent because the open-source data set is used.
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