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ABSTRACT	
	
	

Lung cancer remains one of the leading causes of cancer-
related mortality worldwide, particularly in developing 
countries where smoking prevalence is high. This study aims 
to develop a predictive model for lung cancer risk using 
multiple linear regression based on two main factors: 
genetic predisposition and exposure to passive smoking. 
The research was conducted using an observational analytic 
design with secondary data derived from cancer registries, 
hospital medical records, and national health surveys. Data 
processing included cleaning, imputation of missing values, 
and standardization of exposure variables. The results of 
the regression analysis showed that both genetic risk and 
passive smoking significantly increased the lung cancer risk 
score, with coefficients of 0.24 and 0.48, respectively. 
Interestingly, passive smoking demonstrated a stronger 
impact compared to genetic predisposition, indicating its 
role as a more dominant determinant of lung cancer risk. 
The model explained 20.5% of the variation in risk, while the 
remaining was influenced by other factors such as air 
pollution, occupational exposure, and lifestyle. These 
findings highlight the importance of strengthening public 
health policies, particularly tobacco control in public spaces, 
and implementing targeted risk-based screening strategies. 
This predictive model offers a practical tool for early 
detection, efficient allocation of health resources, and 
effective cancer prevention strategies. 

KEYWORDS	 Lung	cancer,	multiple	linear	regression,	genetic	risk,	passive	
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INTRODUCTION 

 
Lung cancer remains a major global health problem. In 2022, approximately 2.5 

million new cases were recorded. More than 1.8 million people died from lung cancer that 
same year. Lung cancer is the most common cancer worldwide (Arsunan, 2023). 
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Furthermore, this disease is also the leading cause of cancer deaths globally. This situation 
highlights the need for better strategies, including prevention, early detection, and risk 
prediction. In Indonesia, the situation is no less serious. Lung cancer ranks second in terms 
of cancer incidence. However, it is the leading cause of cancer deaths. The high mortality 
rate indicates that many cases are detected at an advanced stage. Early symptoms of lung 
cancer are often nonspecific, and awareness of screening remains low (Dianita et al., 2025).  

The primary cause of lung cancer is tobacco. Approximately 85 percent of cases 
are linked to tobacco use. Environmental cigarette smoke increases the risk in passive 
smokers. Besides tobacco, air pollution is also a significant factor. Fine particulate matter, 
such as PM2.5, is associated with lung cancer. The risk even increases in nonsmokers. 
Exposure to PM2.5 can trigger tumor development in lung tissue(Sinaga et al., 2024). 
Recent studies have shown an interaction with latent mutations. Inflammatory processes 
also play a role in carcinogenesis. Occupational factors also increase the risk. Exposure to 
asbestos, diesel exhaust, and welding fumes are examples of occupational risks. Radon is 
also a known cause of lung cancer. Household biomass burning increases the risk. Poor 
home ventilation exacerbates the situation(Basuki et al., 2025).  

Inequality in healthcare access worsens patient outcomes. Many people receive 
diagnosis and treatment late. This reduces patients' chances of survival. The burden on 
families and the healthcare system increases. Risk prediction strategies are crucial. Risk 
prediction helps identify high-risk individuals (Edoh et al., 2024). This supports more 
targeted screening programs. Limited healthcare resources can be allocated more 
efficiently.  

In epidemiological research, multiple linear regression is widely used. This method 
relates a continuous outcome variable to a number of predictors. The outcome can be a risk 
score or the probability of lung cancer (Dritsas & Trigka, 2022). The advantage of linear 
regression is its clear interpretation. The resulting coefficients are easy for clinicians and 
policymakers to understand. Simple interpretation facilitates risk communication. 
However, there are challenges with multicollinearity between variables, for example, 
between smoking intensity, smoking duration, and cumulative exposure. Therefore, 
variable selection is crucial. 

 Data quality significantly impacts model results. Ideally, data should include 
demographics, smoking history, and air pollution. Employment history should also be 
recorded. Comorbidities such as chronic lung disease influence risk. Environmental 
indicators such as PM2.5 concentration can be added (Wang & Liu, 2023). Geospatial 
information strengthens model accuracy. Model validation is necessary for reliable results. 
External validation ensures the model's applicability across different regions. Model 
performance is assessed through calibration and discrimination. Good calibration prevents 
both overestimation and underestimation of risk.  

Multiple linear regression is also easy to implement. Simple models are suitable 
for developing countries like Indonesia. They require low computational requirements, 
making them efficient. Transparent coefficients facilitate policy evaluation. The burden of 
lung cancer increases with population aging. Urbanization worsens air quality. Southeast 
Asia faces a combination of high risks. Predictive models must be tailored to the local 
context. Exposure to biomass smoke remains prevalent in rural areas. The interaction of 
risk factors needs to be analyzed(Mitra et al., 2025). 

Linear regression allows testing for variable interactions. Nonlinear relationships 
can be addressed with simple transformations (James et al., 2023). Outcome definitions 
must be clear and consistent. Measurement of exposure variables must be precise. Tobacco 
control policies remain a priority. Air pollution reduction brings significant benefits. Risk 
prediction supports population health policies. Multiple linear regression forms the basis 
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of initial modeling. Simple models remain important despite the availability of 
sophisticated methods. Overall, transparent and contextualized predictive models are 
essential (Busari & Bolanle, 2025). 

 
RESEARCH METHOD 

 
1. Type and Design of Research 

This study is an observational study with an analytical design. These studies are able 
to show the incidence of a disease or outcome, and the relationship between exposure and 
outcome is usually expressed as relative risk. They are valuable for assessing causality, 
though high dropout rates among participants and the presence of confounding factors may 
pose challenges  (Ramji, 2022), where data were obtained from secondary sources such as 
cancer registries, hospital medical records, and national health surveys. This design was 
chosen to explore the relationship between predictor variables (risk factors) and the 
dependent variable (lung cancer risk). 

 

 
Figure 1. Research Method 

 
2. Population and Sample 

The study population included individuals with documented health data related to 
lung cancer risk factors. The sampling technique was purposive, with inclusion criteria 
being the availability of complete data, including smoking history, pollution exposure, and 
demographic variables. Data with incomplete information, inconsistencies, or extreme 
outliers were excluded from the analysis(Berger & Kiefer, 2021). 
3. Research Variable 

a. Dependent Variable (Y): lung cancer risk score in continuous form (e.g., 
probability of occurrence score). 

b. Independent Variable (X): genetic risk is the possibility that a person will 
develop certain conditions or diseases based on their genetic makeup and passive 
smokers are passive smokers. 

4. Data Collection and Processing 
The obtained data will undergo a data cleaning process to eliminate duplication and 

correct input errors (Ilyas & Rekatsinas, 2022). Missing values will be handled using 
appropriate imputation techniques (Farida et al., 2025). Next, variable transformations will 
be performed, such as calculating the cumulative smoking exposure index (pack-years) or 
standardizing air pollution exposure by location. 
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5. Descriptive Analysis 
Descriptive analysis was conducted to describe the sample characteristics, both 

demographic and exposure to risk factors. The results of the analysis are presented in the 
form of distribution tables, diagrams, and measures of central tendency. Accordingly, 
external factors include government initiatives, technology, and social media. To address 
this, marketing strategies have been redesigned to reduce potential risks faced by 
consumers. 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 
Prior to the main analysis, regression assumption tests were conducted, 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: 
 

𝑌7 = 𝑎# + 𝑎$𝑋7$ + 𝑎%𝑋7% 
 
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. 
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. 
 

𝑟+$.% =
𝑟+$ − 𝑟+% × 𝑟$%

FT1 − 𝑟+%% U − (1 − 𝑟$%% )
 

9. Interpretation and Discussion 
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The analysis results are interpreted to determine the dominant risk factors for lung 
cancer. Discussions are conducted comparing the results with previous studies and 
outlining the implications of the findings for prevention strategies and health policy. 

10. Conclusion 
The study's conclusion confirms the multiple linear regression model obtained, the 

significant variables influencing lung cancer risk, and its potential application in risk-based 
screening and intervention programs. 

 
RESULT AND DISCUSSION 

 
The results of the multiple linear regression analysis indicate that the Genetic Risk 

(X1) and Passive Smoker (X2) factors have a positive influence on the lung cancer risk score. 
A constant value of 0.39 indicates that even though both predictor variables are at their 
lowest levels, individuals still have a baseline risk of lung cancer. This is in line with the 
concept that other risk factors outside the model, such as air pollution or occupational 
exposure, still play a role in triggering lung cancer. 

 
<𝑥$𝑦 = 𝑎$<𝑥$% + 𝑎%<𝑥$ 𝑥% 

<𝑥% 𝑦 = 𝑎$<𝑥$ 𝑥% + 𝑎%<𝑥%% 

46 = 226𝑎$ + 167𝑎% 
24 = 167𝑎$ + 330𝑎% 

[226 167
167 330\ 𝑎$ = [46 167

24 330\ 
46.691𝑎$ = 11.172 → 𝑎$ = 0,24 

[226 167
167 330\ 𝑎% = [226 46

167 24\ 
46.691𝑎% = 22.258 → 𝑎% = 0,48 

𝑎# = 𝑦a − 𝑎$𝑥$aaa − 𝑎%𝑥%aaa 
𝑎# = 3,2 − (0,24 × 5,27) − (0,48 × 4,85) = 0,39 

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

𝑌a = 0,39 + 0,24𝑥$ + 0,48𝑥% 
 
Interpretation :  

a. If Genetic Risk (X1) and Passive Smoker (X2) are close to or equal to 0, then the 
cancer risk score (Y) = 0.39. With the interpretation that if Genetic Risk (X1) and 
Passive Smoker (X2) are low, then the average Cancer Risk Score (Y) remains at 
0.39. This means that the overall Cancer Risk Score (Y) remains the same. 

b. If Genetic Risk (X1) increases by one unit, while Passive Smoker (X2) remains the 
same, then the cancer risk score (Y) = 0.24 times. With the interpretation that every 
increase in Genetic Risk (X1) by one unit will have an impact on increasing the 
Cancer Risk Score (Y) by 0.24. 

c. If Passive Smoker (X2) increases by one unit, while Genetic Risk (X1) remains the 
same, then the Cancer Risk Score (Y) will increase by 0.48 times. With the 
interpretation that each increase in Passive Smoker (X2) will have an impact on 
increasing the Cancer Risk Score (Y) by 0.48. 

Specifically, a one-unit increase in Genetic Risk (X1) will increase the risk score 
by 0.24, while a one-unit increase in Passive Smoker (X2) will increase the risk score by 
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0.48. These results imply that the role of secondhand smoke exposure is more dominant 
than genetic predisposition in the context of this study. This finding is consistent with 
previous studies that stated that environmental cigarette smoke exposure contributes to 
more than 20% of lung cancer cases in non-smokers, especially in developing countries 
with high smoking prevalence (Cheng et al., 2021). This suggests that many non-smokers 
are diagnosed at advanced stages of the disease, when treatment becomes more difficult. 
The study highlights the importance of advancing early detection approaches, informed by 
research from 2020 to 2024 as well as practical insights from the Republican Specialized 
Scientific and Practical Medical Centre of Oncology and Radiology in Tashkent, 
Uzbekistan. Effective lung cancer prevention requires addressing the full spectrum of risk 
factors, not merely those linked to smoking (Alimkhodjayeva et al., 2025). 

Biologically, exposure to secondhand smoke contains thousands of harmful 
chemicals, including carcinogens such as benzene, arsenic, and nitrosamines, which can 
trigger DNA damage and chronic inflammation in lung tissue (Dehghani et al., 2024). This 
explains why the regression coefficient for the Passive Smoker variable is greater than that 
for Genetic Risk. Meanwhile, genetic factors play a predisposing role through certain 
germline mutations, for example in the EGFR or TP53 genes, which increase an 
individual's susceptibility to environmental carcinogens. 

This increasing risk trend is also consistent with the multiple-hit carcinogenesis 
theory, which states that cancer generally results from the accumulation of genetic damage 
exacerbated by environmental factors (Weeden et al., 2023). Thus, the combination of 
genetic predisposition and exposure to secondhand smoke increases the likelihood of lung 
cancer. 

 

𝐹12*()3 =
𝑅𝐽𝐾(𝑅𝑒𝑔)
𝑅𝐽𝐾𝑆

=
11,28
0,64

= 17,625 

𝐹*-.0/ d𝛼;
𝑑𝑏(𝑅𝑒𝑔)
𝑑𝑏(𝑆)

e → 𝐹*-.0/ f0,05;
2
57g

= 3,16 

 
The results of the Deviation from Linearity analysis obtained an F of 17.625 with 

an F table value of 3.16. Because 𝐹&'()* > 𝐹*-./0 then reject Ho and accept H1. Thus, the 
correlation between x and y is positive and significant. The Deviation from Linearity test 
produced an F-value of 17.625, while the critical value from the F-table was 3.16. Since 
the calculated F (17.625) is greater than the table value (3.16), the null hypothesis (Ho), 
which assumes no significant relationship, is rejected. Instead, the alternative hypothesis 
(H1) is accepted. This indicates that there is a statistically significant and positive 
correlation between variable X and variable Y (Essam et al., 2022). 

The results of the Deviation from Linearity analysis obtained an F of 17.625 with 
an F table value of 3.16. Because 𝐹&'()* > 𝐹*-./0  then reject Ho and accept H1. Thus, the 
correlation between x and y is positive and significant. The Deviation from Linearity test 
resulted in an F-value of 17.625, compared to the F-table value of 3.16. Since the calculated 
F (F_count) is greater than the critical value (F_table), the null hypothesis (Ho) is rejected 
and the alternative hypothesis (H1) is accepted. This means that the relationship between 
X and Y is not only positive but also statistically significant, showing that changes in X are 
meaningfully associated with changes in Y 

 
 
 

Coefficient of Determination 
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𝑅+.$%% =
𝐽𝐾(𝑅𝑒𝑔)
∑𝑦%

=
22.56
110

= 0,205 

𝐾𝐷 = 𝑅+.$%% × 100% = 0,205 × 100% = 20,5% 
 
The coefficient of determination obtained R square 0.25. Thus, the coefficient of 

determination of KD obtained 20.5%. So, 20.5% of the variation in the dependent variable 
can be explained by variables 𝑥$and 𝑥% and the rest by other factors not studied. However, 
based on the results reported, the KD value is 20.5%. This means that approximately 20.5% 
of the total variation in the dependent variable (Y) can be explained by the independent 
variables 𝑥$and 𝑥% The remaining 79.5% of the variation is due to other variables or factors 
not included in the model 

Compared with previous research, these results reinforce the report by (Hecht et 
al., 2021) which emphasized that individuals with a family history of lung cancer have a 
relatively higher risk, but tobacco smoke exposure remains the strongest determinant. 
Similarly, the World Health Organization (2022) reported that exposure to secondhand 
smoke increases the risk of lung cancer by 20–30%, particularly in Southeast Asian 
populations with a high prevalence of active smoking. 

These findings have important implications for public health strategies. First, 
intervention programs need to strengthen smoking control policies in public spaces to 
reduce secondhand smoke exposure. Second, risk-based screening can be targeted to 
individuals with a genetic history of lung cancer for earlier detection. Third, the results of 
this predictive model can form the basis for developing an early warning system that 
integrates environmental, genetic, and lifestyle factors. 

Overall, the multiple linear regression model in this study proved effective in 
explaining variations in lung cancer risk based on genetic factors and secondhand smoke 
exposure. These results support the study's hypothesis that both variables significantly 
influence lung cancer risk scores, while also underscoring the urgency of stricter tobacco 
control policies in Indonesia. 

 
CONCLUSION 

 
This study demonstrates that genetic risk and passive smoking significantly 

influence the increase in lung cancer risk scores. The multiple linear regression model 
produced a constant of 0.39, with regression coefficients of 0.24 for genetic factors and 
0.48 for passive cigarette smoke exposure. This confirms that passive cigarette smoke 
exposure has a more dominant influence than genetic predisposition in increasing lung 
cancer risk. 

The coefficient of determination indicates that the model can explain 20.5% of the 
variation in risk, with the remainder influenced by other unexplored factors, such as air 
pollution, the work environment, and lifestyle. These findings align with previous studies 
that emphasized the dangers of secondhand smoke exposure as a major determinant of lung 
cancer in developing countries with a high prevalence of active smoking. 

Practically, the results of this study emphasize the importance of tobacco control 
policies in public spaces, the implementation of risk-based screening for individuals with 
a genetic history, and the development of an early warning system based on environmental 
and lifestyle factors. Therefore, this predictive model can form the basis for more effective 
public health interventions to reduce morbidity and mortality from lung cancer. 
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