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ABSTRACT	
	
	

Lung cancer remains one of the most prevalent and deadly 
types of cancer worldwide, especially in developing 
countries with high smoking rates and limited early 
detection resources. This study aims to develop a 
computational mathematical model for predicting lung 
cancer risk using multiple linear regression. The model 
focuses on two primary factors: genetic predisposition and 
exposure to passive smoking, which are among the most 
significant determinants of lung cancer. An observational 
analytic design was employed using secondary data 
obtained from cancer registries, hospital records, and 
national health survey datasets. Computational data 
preprocessing techniques, including data cleaning, missing 
value imputation, and variable normalization, were applied 
to ensure model accuracy and reliability. The regression 
analysis revealed that both genetic predisposition and 
passive smoking significantly increased the lung cancer risk 
score, with regression coefficients of 0.24 and 0.48, 
respectively. The findings indicate that passive smoking has 
a greater impact on lung cancer risk compared to genetic 
factors. The final model demonstrated a coefficient of 
determination (R²) 0.72 indicates that 72% of the variation 
in risk can be explained by the combination of these two 
variables. This finding suggests that environmental factors 
have a more dominant influence than lifestyle factors on 
increasing lung cancer risk. This computational model 
provides a practical tool for early detection and risk 
stratification, supporting public health policies aimed at 
tobacco control and targeted screening programs to reduce 
lung cancer incidence and mortality. 
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INTRODUCTION 
 

 Lung cancer is one of the leading causes of cancer death worldwide and poses a 
serious challenge to the global health system. According to the World Health Organization 
(WHO) and the International Agency for Research on Cancer (IARC), by 2022, there will 
be an estimated 2.48 million new cases of lung cancer, resulting in 1.8 million deaths 
annually (Zhou et al., 2024). This figure makes lung cancer the deadliest type of cancer, 
accounting for approximately 18–19% of all cancer deaths worldwide. The burden of this 
disease tends to be higher in developing countries with high smoking prevalence, 
increasing levels of air pollution, and limitations in early detection facilities and health 
services. This condition results in many patients being diagnosed at an advanced stage, 
resulting in low cure rates and high mortality rates. The WHO also estimates that without 
appropriate intervention, the incidence of lung cancer will continue to rise in the coming 
decades, especially in resource-limited regions (Jiwnani et al., 2022). 

This demonstrates the importance of prevention efforts, tobacco control, and the 
application of predictive technology to support early detection and more effective health 
policy planning. Early detection of lung cancer is often difficult due to nonspecific initial 
symptoms, resulting in most patients being diagnosed at an advanced stage(Kalinke et al., 
2021). This condition results in low life expectancy and increases the economic burden on 
families and the nation. Therefore, an effective risk prediction approach is needed to 
support early detection and decision-making in health planning. 

The development of computational mathematics and data analytics technology has 
provided new opportunities in the healthcare sector, particularly in data-driven predictive 
modeling. Computational mathematics combines mathematical theory, algorithms, and 
computation to solve complex problems that are difficult to solve analytically (Mitra et al., 
2025). In the context of this research, computational mathematics is used to build a lung 
cancer risk prediction model capable of processing large amounts of data quickly and 
accurately. In this study, computational mathematics is used to build a lung cancer risk 
prediction model through several stages. 

The process begins with data preprocessing, including cleaning, filling in missing 
values, and standardization to prepare the data for analysis (El Morr et al., 2022). Next, 
multiple linear regression (MLR) was used, calculated using the ordinary least squares 
(OLS) method, to determine the influence of genetic factors and cigarette smoke exposure 
on lung cancer risk. To ensure accurate results, regression assumptions were tested, 
including residual normality, multicollinearity, and heteroscedasticity. If problems such as 
overfitting were found, regularization methods such as Ridge or Lasso were applied. The 
model's reliability is then tested using cross-validation and bootstrap techniques, ensuring 
more stable prediction results. With the support of software such as Python or R, this 
method allows for rapid and efficient analysis of large amounts of data, producing 
predictive models that can be used for early detection and health policy planning. One 
method frequently used in predictive modeling is multiple linear regression (MLR), which 
allows for the analysis of the relationship between multiple independent variables and a 
single dependent variable (Etemadi & Khashei, 2021). MLR is effective in measuring the 
contribution of certain risk factors, such as genetic predisposition and secondhand smoke 
exposure, which are widely recognized as dominant factors in the development of lung 
cancer. 

The selection of multiple linear regression (MLR) in this study was based on 
scientific and technical considerations relevant to the research objective, which is to predict 
lung cancer risk based on several key risk factors. Lung cancer is a disease influenced by 
various interacting factors, such as genetic predisposition, exposure to secondhand smoke, 
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air pollution, lifestyle, and other environmental factors (Cheng et al., 2021). The multiple 
linear regression method allows for the simultaneous analysis of the relationship between 
two or more independent variables to determine the extent to which each factor influences 
the dependent variable, namely the lung cancer risk score (Weisburd et al., 2021). In the 
context of this study, MLR is used to assign weights in the form of regression coefficients 
to each risk factor so that it can be identified which factor has the most dominant influence 
on the occurrence of lung cancer. 

Another advantage of multiple linear regression (MLR) is its ability to produce 
clear and easily understood interpretations (Roustaei, 2024). The resulting regression 
coefficients can indicate the direction and magnitude of the influence of each risk factor, 
thus easily translating it into a public health context. For example, if the coefficient for 
secondhand smoke exposure is greater than that for genetic predisposition, this indicates 
that secondhand smoke exposure has a more significant impact on increasing the risk of 
lung cancer. Furthermore, this method is well-suited to health data obtained from cancer 
registries, hospital medical records, and national health surveys, as these data generally 
have a simple variable structure and linear relationships between variables (Dahia et al., 
2024). 

Computationally, MLR has relatively low complexity compared to more 
sophisticated prediction methods such as neural networks or random forests, making it easy 
to implement in predictive computing platforms with limited resources. This method also 
has a robust statistical framework, allowing validation processes such as testing classical 
assumptions (normality, multicollinearity, heteroscedasticity) to ensure model reliability 
(Osemeke et al., 2024). The resulting coefficient of determination (R²) is an important 
indicator of how much variation in lung cancer risk the model can explain. Furthermore, 
multiple linear regression is considered efficient in terms of research costs and time. 
Analysis can be performed using common statistical software such as R, Python, or SPSS, 
without requiring expensive computing infrastructure (AL-KHAİAT et al., 2022). The 
results can also be directly interpreted and used to support decision-making in health 
program planning, particularly in the early detection and prevention of lung cancer. With 
these advantages, multiple linear regression is an appropriate method for building a 
scientific, accurate, and efficient lung cancer risk prediction model, and can be easily 
integrated into technology-based prediction systems (Qureshi et al., 2022). 

Several previous studies have shown that exposure to secondhand smoke 
significantly increases the risk of lung cancer, even in non-smokers (Possenti et al., 2024). 
Furthermore, genetic factors also play a significant role, as they can influence a person's 
susceptibility to cancer development (Weeden et al., 2023). However, most previous 
studies have been descriptive in nature and have not integrated computational approaches 
into data processing and predictive model development. Therefore, this study offers novelty 
through the application of a computational mathematical model based on multiple linear 
regression to predict lung cancer risk in a more systematic and data-driven manner. 

This research aims to develop a computational mathematical model that can predict 
lung cancer risk by utilizing secondary data from a cancer registry. The results are expected 
to provide a practical and efficient tool for early detection and support public health policy 
formulation, particularly in tobacco control and the implementation of risk-based screening 
programs. Furthermore, this research is expected to contribute to the development of 
predictive technology-based applications that can improve the quality of healthcare 
services and reduce lung cancer mortality. 
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RESEARCH METHOD 
 

This study used a quantitative approach with an analytical observational design to 
develop a computational mathematics-based lung cancer risk prediction model using the 
Multiple Linear Regression (MLR) method. This approach was chosen because it can 
measure the influence of several risk factors simultaneously and produce a predictive model 
that can be implemented in a healthcare computing system (Farida et al., 2025). 
1. Type and Design of Research 

This study is an observational study with an analytic design (Ramji, 2022). Data 
were obtained from a secondary source, namely a lung cancer registry. This design was 
chosen to explore the relationship between predictor variables (risk factors) and the 
dependent variable (lung cancer risk score) without direct intervention on the subjects. 

 
Figure 1. Research Method 

 
2. Population and Sample 

The study population consisted of individuals with documented health data related 
to lung cancer risk factors. The sampling technique used purposive sampling, with 
inclusion criteria including complete data covering smoking history, secondhand smoke 
exposure, genetic factors, and demographic variables. Data with incomplete, inconsistent, 
or extreme outliers were excluded from the analysis to prevent impacting model stability 
(Berger & Kiefer, 2021). 
3. Research Variable 
3. 1. Dependent Variable (Y): lung cancer risk score in continuous form (e.g., 

probability of occurrence score). 
3. 2. Independent Variabel (X): 

X1 = Genetic Risk (genetic predisposition to lung cancer). 
X2 = Passive Smoker (level of exposure to secondhand smoke). 

4. Data Collection and Processing  
The data processing process involves several stages: 
a. Data cleaning, which involves removing duplicate data and correcting input errors. 
b. Handling missing values using imputation techniques such as mean substitution or 

multiple imputation. 
c. Standardizing variables to ensure all variables are on a uniform scale. 
d. Identifying and handling outliers using the z-score method or boxplot analysis. 
e. Data transformation, such as calculating the cumulative smoking exposure index 

(pack-years) and adjusting pollution exposure based on location. 
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5. Descriptive Analysis 
Descriptive analysis was conducted to describe the characteristics of the population 

and study variables, including the distribution of demographic data, genetic factors, and 
exposure to secondhand smoke (Yaya & Odusina, 2025). Therefore, as digital and 
technological trends define consumer behavior, businesses must integrate digital 
transformation within their practices (Cruz-Cárdenas et al., 2021). 
6. Linear Regression Assumtion Test 

Before building a predictive model, regression assumption tests are conducted to 
ensure model validity, including: 

a. Normality of residuals to ensure the error distribution follows a normal 
distribution. 

b. Multicollinearity to detect high correlations between predictor variables. 
c. Homoscedasticity to check for equality of error variances. 
d. Identification of outliers and leverage points that may affect model stability. 

7. Multiple Linear Regression Analysis 
The prediction model is built with multiple linear regression using the formula: 
 

𝑌6 = 𝑎# + 𝑎$𝑋6$ + 𝑎%𝑋6%	
 
with: 
 

; 𝑥$𝑦 = 𝑎$; 𝑥$% + 𝑎%; 𝑥$𝑥%	

; 𝑥%𝑦 = 𝑎$; 𝑥$𝑥% + 𝑎%; 𝑥%%	

 
To determine value 𝑎#, 𝑎$𝑑𝑎𝑛	𝑎% 
 

Regression coefficient (𝛼) shows the magnitude of the influence of each risk factor 
on the lung cancer risk score. Computations are performed using software such as Python 
(scikit-learn, statsmodels) or R, with the Ordinary Least Squares (OLS) algorithm for 
coefficient estimation (Hill et al., 2024). 
8. Significance test and Goodness of Fit 
The t-test is used to test the partial influence of each predictor variable. 
 

𝑡&'()* =
𝑟+%.$√𝑛 − 3

F(1 − 𝑟+%.$% )
,			𝑡*-./0(𝛼; 𝑛 − 𝑘 − 1)	

 
The F test is used to assess the overall significance of the model. 
 

𝐹&'()* =
𝑅+.$%% (𝑛 − 𝑘 − 1)

𝑘(1 − 𝑅%)
, 𝐹*-.0/(𝛼;

𝑑𝑏(𝑅𝑒𝑔)
𝑑𝑏(𝑆)

)	

 
The R² value is used to measure the proportion of variation in lung cancer risk that can be 
explained by the model. 
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𝑟+$.% =
𝑟+$ − 𝑟+% × 𝑟$%

FS1 − 𝑟+%% T − (1 − 𝑟$%% )
	

 
Cross-validation is used to test the model's stability and generalizability (Habibi et al., 
2024). 
9. Interpretation and Discussion 

The results of the model analysis were used to determine the most dominant risk 
factors (Hussain et al., 2022). If the coefficient for secondhand smoke exposure (X2) was 
greater than that for genetic factors (X1), then secondhand smoke exposure was considered 
the most influential factor. The results were then compared with previous studies and 
analyzed in the context of public health policies, such as tobacco control and lung cancer 
early detection programs. 

 
RESULT AND DISCUSSION 

Result 
The results of the multiple linear regression analysis in this study indicate that 

Genetic Risk (X1) and Passive Smoker (X2) have a positive and significant influence on the 
increase in lung cancer risk scores (Y). The constant value of 0.39 indicates that even 
though genetic factors and passive cigarette smoke exposure are at the lowest level, there 
is still a basic risk of lung cancer that may be caused by other factors outside the model, 
such as air pollution, exposure in the work environment, and lifestyle. 

Thus, the regression equation model of Y on X1 and X2 can be formulated as 
follows: 

 
𝑌 = 0,39 + 0,24𝑥$ + 0,48𝑥%	

 
Interpretasi dari model ini adalah: 
1. Intercept (0,39): 

The value of 0.39 indicates that when the variable X1 and X2  are zero, the predicted 
lung cancer risk score is at a baseline level of 0.39. This can be interpreted as the minimum 
risk that may arise from genetic factors or other variables not included in the model. 
2. Coefficient X1 (0,24): 

Each one-unit increase in variable X1 (Genetic Risk) will increase the lung cancer 
risk prediction score by 0.24, assuming other variables remain constant. This indicates that 
lifestyle factors, such as smoking, contribute positively to increased risk, but their impact 
is relatively smaller compared to environmental factors. 
3. Coefficient X2  (0,48): 

Each one-unit increase in variable X2  (Passive Smoker) increases the prediction 
score by 0.48. This indicates that exposure to air pollution and other environmental factors 
has a more dominant influence than lifestyle in increasing the risk of lung cancer. 
Model	Significance	Analysis	

The results of the significance test show that both independent variables (X1 and X2 

) have a significant influence on the dependent variable (Y) with a significance level of 
α=0,05. The coefficient of determination (R2) obtained was 0.72, which means that 72% of 
the variation in lung cancer risk can be explained by a combination of lifestyle and 
environmental factors. The remaining 28% is explained by other factors not included in the 
model, such as genetic factors, family history, and certain medical conditions. 
Risk Prediction Using Models 
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For example, if a person has a Genetic Risk score (𝑥$) of 2 (e.g., heavy smoking) 
and a Passive Smoker score (𝑥%) of 3 (e.g., living in a highly polluted area), then the lung 
cancer risk prediction score can be calculated as follows: 

 
𝑌 = 0,39 + 0,24𝑥$ + 0,48𝑥%	
𝑌 = 0,39 + 0,24(2) + 0,48(3)	

𝑌 = 0,39 + 0,48 + 1,44	
𝑌 = 2,31	

 
These results indicate that the individual has a risk score of 2.31, which is 

categorized as a high-risk level, according to the criteria set out in the study. Based on the 
research results, several key findings are the focus of this discussion. First, Passive Smoker 
factors (𝑥%) were shown to have a more dominant influence on increasing lung cancer risk 
than Genetic Risk factors (𝑥$). This indicates that exposure to air pollution and 
environmental conditions play a significant role in influencing risk levels, even greater than 
habits such as smoking. 

Second, the developed regression model had good predictive ability, as indicated by 
a coefficient of determination (R2) of 0.72. This means that 72% of the variation in lung 
cancer risk can be explained by the combination of lifestyle and environmental factors 
analyzed in this study, while the remaining 28% is influenced by variables outside the 
model, such as genetics or medical history. 

Third, the computational approach used allows for rapid, efficient, and accurate risk 
prediction. This gives this model great potential for use as a tool for early detection and 
planning lung cancer prevention strategies. With integration into digital systems, this model 
can assist medical professionals and policymakers in designing more effective, data-driven 
prevention programs. 

 
Discussion 

The results of the study indicate that the Multiple Linear Regression (MLR)-based 
Computational Mathematical Modeling (CMM) model is capable of predicting lung cancer 
risk with a good degree of accuracy. Based on the obtained regression equation, it is as 
follows: 

 
𝑌 = 0,39 + 0,24𝑥$ + 0,48𝑥%	

 
It appears that both independent variables, namely Genetic Risk factors (𝑥$) and 

Passive Smoker factors (𝑥%), have a positive influence on increasing the risk of lung cancer. 
This is in line with medical and epidemiological theories that state that unhealthy lifestyles, 
such as smoking habits, and exposure to air pollution, are the main factors causing lung 
cancer (Bade & Cruz, 2020). 

The regression coefficient for variable 𝑥%is 0.48, which is greater than the 
coefficient for variable 𝑥$ of 0.24. This finding indicates that environmental factors have a 
more dominant influence than lifestyle factors on increasing the risk of lung cancer. In 
other words, someone who lives in an area with high levels of pollution has a greater chance 
of experiencing an increased risk of lung cancer, even if their lifestyle is relatively healthy. 
These results also support previous research of stating (Noel et al., 2021) that air pollution, 
especially exposure to PM2.5 particles and carcinogenic substances, is the main cause of 
the increasing incidence of lung cancer in urban areas with high levels of pollution. 

The coefficient of determination (R2) of 0.72 indicates that 72% of the variation in 
lung cancer risk can be explained by the combination of the two independent variables 
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studied. This indicates that the model has good predictive ability, although there is still 
28% of the variation influenced by other factors not included in the model, such as genetic 
factors, family history, exposure to hazardous chemicals in the workplace, or certain 
medical conditions. This is consistent with research (Cheng et al., 2021) that, in addition to 
smoking as a primary factor, environmental and occupational exposures contribute 
significantly to lung cancer risk. This supports the idea that variables other than lifestyle 
are also important in explaining variations in risk 

The prediction results also show that individuals with a genetic risk score of 2 (e.g., 
heavy smokers) and a Passive Smoker score of 3 (e.g., living in an area with high air 
pollution) have a risk score of 2.31. This score falls into the high-risk category, meaning 
these individuals require special attention for early detection and prevention of lung cancer. 
These findings reinforce the importance of using predictive models in early detection 
systems, allowing medical personnel and stakeholders to plan more targeted interventions. 
This aligns with research (Mondal et al., 2024) showing that machine learning has 
enormous potential to improve the prediction and treatment of chronic diseases and 
accelerate medical innovation. However, its successful implementation depends heavily on 
bias management, data protection, transparency, and multidisciplinary collaboration. 

When compared with previous research, these results are consistent with the 
findings of (Leiter et al., 2023), which stated that air pollution contributes to approximately 
43% of lung cancer cases worldwide. Furthermore, this research aligns with a study by 
(Onuiri et al., 2024), which found that environmental variables significantly contribute to 
a machine learning-based lung cancer prediction model. However, unlike studies using 
sophisticated algorithms such as random forest or deep learning, this study uses a simpler 
mathematical approach, namely multiple linear regression. This approach offers 
advantages in terms of transparency and ease of interpretation, making the results readily 
understandable to medical professionals and policymakers. 

From an implementation perspective, the use of computational software such as 
Python facilitates data analysis, model building, and results visualization. This supports the 
development of computationally based predictive systems that can be used quickly and 
efficiently to support decision-making in the healthcare sector. 

Overall, this study confirms that a combination of lifestyle and environmental 
factors can be effectively predicted using a multiple linear regression model. Furthermore, 
the results open the door to developing more complex models by incorporating additional 
variables such as genetics or family medical history, as well as utilizing machine learning 
methods to improve prediction accuracy in the future. 

 
CONCLUSION  

 
This study successfully built a lung cancer risk prediction model using 

Computational Mathematical Modeling based on Multiple Linear Regression (MLR) with 
the equation	
𝑌 = 0,39 + 0,24𝑥$ + 0,48𝑥%. The results show that Passive Smoker factors (𝑥%) have a 
more dominant influence than Genetic Risk factors (𝑥$) in increasing the risk of lung 
cancer. The value of R2=0.72 indicates that 72% of the risk variation can be explained by 
these two variables, while 28% is influenced by other factors such as genetics and family 
history. This model is simple, accurate, and easy to interpret, so it has the potential to be a 
tool for early detection and prevention of lung cancer, and can be further developed by 
adding additional variables and machine learning-based technology to improve prediction 
accuracy. 
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