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| ABSTRACT 

Lung cancer is one of the main causes of cancer-related death worldwide, with high fatality rates due to late-stage detection, in 

many countries The situation is exacerbated by a lack of access to improved diagnostic technology and an increase in exposure 

to environmental risks. To address these problems, this study provides a machine learning-based framework for predicting lung 

cancer severity, with Explainable AI (XAI) techniques used to improve model interpretability- and clinical applicability. The study 

makes use of a large dataset, which includes demographic, lifestyle, environmental, and clinical variables. Following extensive 

data pre-processing, such as outlier removal and categorical encoding, the study creates and tests a variety of machine learning 

models, including XGBoost, Random Forest, Support Vector Machines, and Logistic Regression. XGBoost performed well, with 

an accuracy of 71.73% and an AUC-ROC of 0.7677. Explainable AI approaches, such as SHAP and LIME, were used to increase 

transparency and interpretability, guaranteeing that healthcare practitioners can trust and comprehend the model’s predictions. 

The data show that age, biomass fuel consumption, and tumor size had the most impact on prediction outcomes. The 

incorporate of XAI approaches not only increases the model’s transparency, but also provides doctors with interpretable 

information to help them make informed decisions, eventually improving patient outcomes. This work demonstrates the 

potential of using AI-driven predictive models to aid in early diagnosis and improve lung cancer management. 
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1. Introduction  

Lung cancer is one of the most serious worldwide health issues, with s of new cases and fatalities recorded each year. In 2020, lung 

cancer was responsible for 18.4% of cancer-related fatalities worldwide, with an expected 2.2 million new cases and 1.8 million 

deaths [1]. Despite advances in medical imaging methods like as computed tomography (CT) and positron emission tomography 

(PET), early identification is still challenging due to the lack of identifiable symptoms in the early stages of the disease. As a result, 

the majority of lung cancer patients are identified in advanced stages, dramatically lowering survival rates and treatment efficacy. 

In worldwide many countries, the situation is exacerbated by limited access to advanced diagnostic technologies, underdeveloped 

healthcare infrastructure, and the growing burden of environmental risk factors, such as air pollution and smoking. Millions of 

people, with a large proportion of the population exposed to biomass fuels and air pollution, both of which are strong risk factors 

for lung cancer. The World Air Quality Report states has some of the highest ambient air pollution levels in the world, which raises 

the risk of respiratory illnesses and lung cancer [2].  
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Machine learning (ML) and artificial intelligence (AI) technologies provide tools for early diagnosis and risk prediction using patient 

data [3]. Current ML models [4] for lung cancer prediction have some shortcomings. These include the use of homogenous 

datasets, the lack of interpretability in forecasts, and the inability to account for environmental and demographic elements that 

are critical for successful prediction models in heterogeneous populations. Furthermore, most current models are black boxes, 

which means that, although they may be accurate, physicians and healthcare professionals often struggle to explain or trust the 

model’s decision-making process. The motivation for this study is the need to improve the clinical applicability, transparency, and 

accuracy of lung cancer prediction models. This research proposes a machine learning-based paradigm for lung cancer prediction, 

addressing major gaps in the present literature [5]. 

This framework will use Explainable AI (XAI) approaches [6] to improve model transparency and build confidence in healthcare 

decision-making. This study focusses on the lack of comprehensive model assessment, the scarcity of robust data preparation 

approaches, the scarcity of datasets that have been modified for particular demographics, and the lack of XAI integration in lung 

cancer prediction. The goal of this research is to create a lung cancer prediction model that incorporates clinical, demographic, 

and environmental factors specific to the world population. By combining XAI approaches such as SHAP and LIME, the suggested 

strategy improves model interpretability and gives a clear explanation for predictions. Furthermore, the study presents a thorough 

data pretreatment pipeline that solves typical data quality concerns such as missing values, outliers, and imbalances, which often 

impact the performance of machine learning models in healthcare. The study evaluates various machine learning models, including 

XGBoost, Random Forest, and Logistic Regression, using performance metrics such as accuracy, precision, recall, F1-score, and 

AUC-ROC to determine the best-performing model for predicting lung cancer outcomes. 

This paper makes several key contributions: it proposes an innovative framework for lung cancer prediction by incorporating 

explainable AI techniques, making the model interpretable and fostering trust among healthcare practitioners; it develops a specific 

lung cancer dataset, providing more relevant and modified predictions. it introduces a comprehensive data preprocessing 

approach that addresses the unique challenges posed by healthcare data, improving the overall performance of prediction models; 

and it provides a detailed comparison of several machine learning models, identifying the most effective approaches for lung 

cancer prediction in real-world clinical settings. 

The research question is How can XAI techniques improve the interpretability and trustworthiness of lung cancer prediction models, 

especially when considering specific data? Machine learning (ML)[7], [8], [9] and artificial intelligence (AI) technology have shown 

significant promise in addressing these challenges by providing tools for early diagnosis and risk prediction based on patient data. 

However, current ML models for lung cancer prediction suffer from a number of limitations. These include the use of homogeneous 

datasets, the lack of interpretability in predictions, and the failure to incorporate environmental and demographic factors that are 

crucial for accurate prediction models in diverse populations. Moreover, most existing models are black-boxes, meaning that while 

they can be accurate, clinicians and healthcare professionals are often unable to interpret or trust the model’s decision-making 

process. 

This study is motivated by the need to improve the accuracy, transparency, and therapeutic relevance of lung cancer prediction 

models. This research seeks to address significant deficiencies in the current literature by introducing a complete machine learning 

frame- work for lung cancer prediction that incorporates Explainable AI (XAI) approaches to enhance model transparency and 

cultivate confidence in healthcare decision-making. This study notably examines the deficiency of XAI integration in lung cancer 

prediction, the restricted datasets tailored to certain demographics, the inadequacy of rigorous data preparation procedures, and 

the lack of thorough model validation. 

The project objective is to create an interpretable lung cancer prediction model using XAI approaches (SHAP, LIME), integrating 

specific demographic and environmental data to enhance accuracy and clinical relevance. The proposed approach improves the 

interpretability of the model and offers a transparent explanation for the predictions made by integrating XAI techniques [10], such 

as SHAP and LIME. Furthermore, the research introduces a comprehensive data preprocessing pipeline that addresses common 

data quality issues, including imbalances, outliers, and missing values, which frequently impact the performance of machine 

learning models in healthcare.  

The study assesses the performance of a variety of machine learning models, such as XGBoost, Random Forest, and Logistic 

Regression, by utilizing performance metrics such as accuracy, precision, recall, F1-score, and AUC-ROC, to identify the most 

effective model for predicting lung cancer outcomes. 

This paper makes several key contributions: it proposes an innovative framework for lung cancer prediction by incorporating 

explainable AI techniques, making the model interpretable and fostering trust among healthcare practitioners; it develops a specific 

lung cancer dataset, providing more relevant and modified predictions for the world population; it introduces a comprehensive 
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data preprocessing approach that addresses the unique challenges posed by healthcare data, improving the overall performance 

of prediction models; and it provides a detailed comparison of several machine learning models, identifying the most effective 

approaches for lung cancer prediction in real-world clinical settings. The rest of the paper is organized as follows: Section 2 presents 

a re- view of the related works in the field of lung cancer prediction using machine learning and highlights the gaps in current 

research. Section 3 outlines the methodology, detailing the data sources, preprocessing techniques, and machine learning models 

used. Section 4 presents the experimental results, followed by a discussion on the model evaluation. Finally, Section 5 concludes 

the paper, summarizing the contributions and providing suggestions for future research. 

2. Literature Review 

Lung cancer remains one of the leading causes of cancer-related deaths worldwide, making it essential to develop improved 

predictive models to enhance early diagnosis and treatment outcomes. Recent advancements in machine learning (ML) techniques 

have shown promise in improving the accuracy of lung cancer diagnosis and treatment. Lung cancer remains the leading cause of 

cancer-related deaths globally, necessitating urgent advancements in treatment strategies. Recent studies have identified 

promising therapeutic targets and novel treatment approaches. For instance, in a recent lung cancer study [11] highlighted Ro-

lapitant as a small molecule inhibitor of the deubiquitinate OTUD3, which plays a role in lung tumorigenesis. This inhibitor not only 

suppressed lung cancer cell proliferation but also enhanced apoptosis through the upregulation of death receptor 5 (DR5), 

indicating its potential as a therapeutic agent. 

Additionally, in a study [12] discussed the efficacy of glutamine antagonists like DRP-104 in promoting antitumor immunity in 

specific lung cancer mutations, showcasing the potential of targeted therapies in improving patient outcomes. Furthermore, 

advancements in liquid biopsy techniques [13] have provided non-invasive methods for early diagnosis and monitoring of lung 

cancer, which could significantly enhance treatment efficacy and patient survival rates.  

Despite the advancements in lung cancer treatment, significant challenges remain. Another study on lung cancer monitoring and 

diagnosis [13] pointed out that many patients are diagnosed at advanced stages due to the lack of effective early diagnostic 

methods, leading to poor clinical outcomes. More- over, the emergence of chemotherapy resistance complicates treatment options 

for advanced lung cancer patients.  The study by Iwai et al. [14] on mucus producing lung tumors also emphasizes the diagnostic 

confusion and clinical consequences that arise from overlapping pathologic features, which can hinder effective treatment. 

Additionally, the socioeconomic disparities highlighted by Cao et al. [15] indicate that access to advanced treatments and early 

detection methods is not uniform, potentially exacerbating outcomes for disadvantaged populations. This suggests that while new 

treatments are being developed, systemic issues in healthcare access and diagnostic accuracy continue to pose significant barriers 

to effective lung cancer management. Several ML techniques, including decision trees, random forests, and deep learning models 

[16], [17], have demonstrated their efficacy in lung cancer pre- diction. Sim et al. [18] utilized health-related quality of life (HRQOL) 

factors to improve five-year survival predictions, achieving area under the curve (AUC) values of 0.898 and 0.966 with AdaBoost 

and random forest models, respectively. Takahashi et al. [19] integrated multi-omics data and unsupervised learning for survival 

subtype prediction in non-small cell lung cancer (NSCLC).  

The combination of imaging data and biomarkers has also shown promise in enhancing prediction accuracy for lung cancer. Arturo 

[20] integrated image features with ctDNA analysis, while Xie et al. [21] identified specific plasma metabolites that distinguished 

early-stage lung cancer, achieving an AUC of 0.989. Deep learning models have outperformed traditional ML models [22], [23], 

[24] in lung cancer survival prediction. Doppalapudi et al. [25] showed that deep learning achieved a classification accuracy of 

71.18%. Yuan et al. [26] applied deep learning to electronic health record (EHR) data for NSCLC prognosis, achieving AUCs of 0.828 

for one-year predictions and 0.812 for five-year pre- dictions. 

The integration of large EHR datasets has proven valuable in lung cancer prediction. Chandran et al. [27] used large EHR datasets 

to predict three-year lung cancer risk, achieving an AUC of 0.76. Similarly, Zhou [28] developed a risk prediction model for lung 

cancer patients undergoing immunotherapy, emphasizing personalized treatment strategies. Data preprocessing plays a vital role 

in improving the accuracy of lung cancer prediction models. Sajjadnia et al. [29] demonstrated that preprocessing breast cancer 

data significantly improved classification metrics, including accuracy and precision. Kareem et al. [30] achieved 89.88% accuracy in 

lung cancer detection using SVM after applying image preprocessing techniques. 

Dunn et al. [31] used deep learning on CT scans and achieved 92.7% ac- curacy with SVM after preprocessing, highlighting the 

importance of data preparation for achieving reliable results. 

Explainable AI (XAI) techniques, such as SHAP and LIME, improve the interpretability of machine learning models, fostering greater 

trust and understanding in medical AI systems. Dave et al. [32] shown that XAI enhances trust among healthcare professionals, 

promoting broader acceptance of AI technologies. Similarly, Moreno-Sanchez [33] developed an explainable model for chronic 

kidney disease (CKD) prediction, demonstrating the value of interpretability in clinical decision-making. Ahmed et al. [34] presented 
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an interpretable framework for diabetes prediction using XAI, which could be beneficial for lung cancer diagnosis as well. Ghoshroy 

et al. [35], Aldughayfiq et al. [36], and Wani et al. [37] further emphasized the importance of XAI in improving the transparency and 

trustworthiness of medical diagnoses, particularly in cancer care. 

Despite its advantages, XAI faces several challenges. Alufaisan et al. [38] found that while AI predictions improved human decision-

making, XAI did not significantly enhance decision-making processes, suggesting that the added “why” information cannot always 

be beneficial. Moreover, there is a lack of consensus on how to evaluate the effectiveness of XAI systems, which could hinder their 

widespread application [39].  

Additionally, cognitive biases in AI- assisted decision-making can further complicate the practical implementation of XAI [40]. The 

ability to acquire diverse and large datasets remains a significant challenge in developing robust AI models. Studies by Technische 

University Dresden [41] and Avery [42] highlight difficulties in data collection and the need for extensive testing across diverse 

populations to assess the reliability of AI models in clinical settings. 

Lung cancer remains a significant cause of mortality in globally. The application of Explainable AI (XAI) offers a promising solution 

to the” black-box” nature of deep learning models, which currently hinders trust and adoption in critical healthcare applications 

[43], [44]. XAI can provide interpretable explanations of AI decisions, thereby increasing transparency and facilitating trust among 

healthcare professionals and patients [43], [45], [46]. This is especially critical, where limited access to advanced healthcare and a 

reliance on informal care providers complicate lung cancer diagnosis and treatment [47]. Studies indicate that XAI could 

significantly enhance clinical decision-making, improving diagnostic accuracy and treatment decisions. Moreover, integrating XAI 

with existing healthcare infrastructure could help address some of the challenges faced in [50].  

Despite the promise of XAI, several challenges remain in implementing it within the healthcare system. Studies show that delays 

in healthcare-seeking behavior, reliance on informal healthcare providers, and limited access to medical infrastructure can 

undermine the effectiveness of even the most advanced AI tools [47], [50]. These factors could impede the adoption of AI systems 

designed to assist in the diagnosis and treatment of lung cancer. Furthermore, a lack of consensus on evaluating XAI effectiveness 

and the challenges of addressing cognitive biases in decision-making processes can complicate the implementation of XAI in 

clinical practice [40], [39].  

Additionally, the multifactorial nature of lung cancer etiology, including genetic and environmental factors, makes accurate risk 

prediction challenging even with advanced machine learning techniques [51], [52]. While XAI holds great potential in improving 

the diagnosis and treatment of lung cancer, the evidence supports a more cautious optimism. The ability of XAI to increase 

transparency, trust, and decision-making accuracy is promising [43], [44], [47], but substantial challenges remain, including delays 

in care-seeking behavior, the complexity of lung cancer risk prediction, and the need for standardized methods to evaluate XAI’s 

real-world impact [40], [51]. Therefore, further research focusing on evaluating XAI’s effectiveness in healthcare system, along with 

overcoming systemic challenges, is crucial for the practical implementation of XAI in lung cancer diagnosis and treatment. 

3. Methodology 

3.1 Dataset Description 

This study utilizes the Lung Cancer dataset, which is publicly accessible via Kaggle [53]. The dataset comprises a record collected 

to reflect demographic, lifestyle, environmental, and clinical factors relevant to lung cancer within the world population. Each 

patient’s data includes demographic variables such as age and gender, along with lifestyle indicators including smoking status and 

dietary habits. Additionally, environmental exposure factors like air pollution, biomass fuel use, and occupational factory exposure 

have been recorded. Clinical variables cover the presence of specific symptoms (e.g., hemoptysis, chest pain, fatigue, 
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Figure 1: Dataset lung cancer stages distribution 

Persistent cough, and weight loss), histological tumor classification (such as adenocarcinoma, small cell carcinoma, and squamous 

cell carcinoma), tumor size measured in millimeters, clinical stage at diagnosis (Stage I to Stage IV), and a record of family history 

related to lung cancer. 

In fig1 The distribution of cancer stages within the dataset was analyzed to evaluate the proportion of each stage among patients. 

This illustrates this distribution, highlighting the relative frequency of patients diagnosed at various clinical stages. This distribution 

was done for identifying any potential class imbalance, which can influence the accuracy and reliability of machine learning models 

used subsequently in the study. Furthermore, the dataset details treatment modalities administered (chemotherapy, surgery, 

targeted therapy) and identifies the type of healthcare facility (government, private, or medical college hospital) where treatment 

was provided. An additional key variable, Survival 1 Year, indicates whether patients survived at least one year after diagnosis, 

offering potential for survival analysis. The major outcome variable, Lung Cancer, is a binary indicator that distinguishes individuals 

diagnosed with lung cancer (coded as 1) from those not diagnosed (coded as 0), as described in Equation (1): 

Y = { 1 (lungcancerdiagnosed), 0(nolungcancerdiagnosis)  (1) 

This dataset is intended to support thorough statistical studies and predictive modelling, offering insights into key risk variables 

impacting lung cancer diagnosis in the world population. The breadth and depth of these variables enable thorough examination 

of demographic trends, lifestyle influences, environmental exposures, and clinical presentations related with lung cancer incidence. 

3.2 Data Preprocessing 

The dataset underwent a comprehensive Missing Value Analysis to validate its completeness and integrity. Missing values can 

significantly reduce the accuracy of forecasts by adding bias and mistakes. To quantify the extent of missing data, the percentage 

of missing values (MV) was calculated and stated mathematically in Equation (2): 

𝑀𝑉(\%) =
Total missing entries

𝑁×𝑀
× 100\%   (2) 

Detailed investigation of the dataset found no missing values, resulting in a MV value of 0%. This result indicates great data 

dependability, eliminating the need for data imputation procedures, which often require assumptions and can create biases. 
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After assessing missing values, the dataset went through a thorough outlier identification and remedy phase. Outliers, which are 

defined as data points that deviate considerably from the overall distribution of data, can have a negative impact on statistical 

analysis, model performance, and forecast accuracy. As a result, identifying and addressing these outliers consistently was critical. 

Outliers were identified using the widely accepted Interquartile Range (IQR) method, chosen for its robustness to extreme values. 

The IQR represents the middle 50% of data and is calculated by subtracting the first quartile (Q1, 25th percentile) from the third 

quartile (Q3, 75th percentile), as illustrated in Equation (3): 

𝐼𝑄𝑅 = 𝑄3 − 𝑄1  (3) 

Using this computed IQR, outlier boundaries were established at 1.5 times the IQR below Q1 and above Q3, forming standard 

thresholds widely accepted in statistical literature for delineating normal data points from extreme values. The boundaries are 

explicitly defined by Equation (4): 

𝐿𝑜𝑤𝑒𝑟𝐵𝑜𝑢𝑛𝑑 = 𝑄1 − 1.5 × 𝐼𝑄𝑅,  𝑈𝑝𝑝𝑒𝑟𝐵𝑜𝑢𝑛𝑑 = 𝑄3 + 1.5 × 𝐼𝑄𝑅   (4) 

After identifying the outliers, they were carefully adjusted using the Win- sorization technique. Winsorization provides a statistically 

robust method to limit extreme data values by replacing data points that lie outside the predefined lower and upper boundaries 

with the respective boundary values. This method maintains data usability while significantly reducing the influence of outliers, 

mathematically represented in Equation (5): 

𝑋𝑖
(𝑎𝑑𝑗)

=Ⓒ (
𝐿𝑜𝑤𝑒𝑟𝐵𝑜𝑢𝑛𝑑𝑖𝑓𝑋𝑖 < 𝐿𝑜𝑤𝑒𝑟𝐵𝑜𝑢𝑛𝑑@𝑈𝑝𝑝𝑒𝑟𝐵𝑜𝑢𝑛𝑑𝑖𝑓𝑋𝑖 >

𝑈𝑝𝑝𝑒𝑟𝐵𝑜𝑢𝑛𝑑@𝑋𝑖𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
)    (5) 

Figure 2 presents a comparative visualization of two critical numerical variables—Age and Tumor Size—from the Lung Cancer 

dataset. The upper row of box plots illustrates the original distributions of these variables, potentially containing outliers that could 

distort statistical analysis and predictive modeling outcomes. Specifically, the original distribution of Age ranged broadly between 

approximately 30 and 80 years, while Tumor Size varied significantly between about 10 mm and 80 mm, indicating a substantial 

variability among patients. 

The lower row demonstrates the effectiveness of the Winsorization technique, wherein extreme values beyond predetermined 

boundaries (based on the interquartile range method) were capped rather than entirely removed. Post-Winsorization, the 

distributions of Age and Tumor Size became more condensed, effectively reducing skewness and variability induced by outliers. 

This adjustment facilitates more stable and reliable statistical inferences and enhances the robustness of subsequent predictive 

models. 

 
Figure 2: Box plots showing the distribution of Age and Tumor Size variables before (top row) and after (bottom row) 

Winsorization. 

Subsequently, categorical data preparation was done via Categorical Variable Encoding process. Proper encoding is crucial because 

most machine learning algorithms [54] require numerical input, necessitating the trans- formation of categorical variables into 

numeric formats. Nominal categorical variables, such as Gender, Smoking Status, Residence, Biomass Fuel Use, Factory Exposure, 

Genetic Risk Factor, Family History, Diet Habit, Symptoms, Histology Type, Treatment, Hospital Type, and Survival Status were 
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encoded using the One-Hot Encoding technique. This technique transforms each nominal category into a binary indicator 

(presence or absence), thereby preserving the original categorical distinctions without artificially implying any numerical order or 

magnitude, as explicitly defined in Equation (6): 

𝑋𝑏𝑖𝑛𝑎𝑟𝑦 = 1𝑖𝑓𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦𝑖𝑠𝑝𝑟𝑒𝑠𝑒𝑛𝑡; 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒    (6) 

The variable representing clinical cancer stages (Stage I through IV), inherently possessing an ordinal relationship, was encoded 

using Label Encoding. This approach assigns numerical values reflecting the inherent clinical progression of cancer stages, 

maintaining the natural ordinarily inherent in the clinical assessment. This encoding is explicitly detailed in Equation (7): 

Stage = \{I:1,\ II:2,\ III:3,\ IV:4\}   (7) 

Figure 3 illustrates the graphical architecture of the comprehensive data preprocessing pipeline applied in this study. The diagram 

visually outlines the logical sequence of preprocessing steps implemented to refine and structure the dataset systematically for 

subsequent machine learning analysis. Starting from the raw dataset, the pipeline initially undergoes Missing Value Analysis, 

ensuring the integrity of data by quantifying missing. Following this, an Outlier Detection process is performed utilizing the 

Interquartile Range (IQR) method, subsequently applying the Winsorization technique to cap extreme values and minimize their 

distorting effects. Next, the pipeline progresses through the Categorical Encoding phase, wherein nominal variables are 

transformed via One-Hot Encoding, and ordinal variables undergo Label Encoding. Finally, the processed data is structured, 

ensuring readiness for subsequent statistical analyses and machine learning modeling. The graphical representation clearly 

illustrates each pre-processing step, elucidating the sequential flow and logical coherence of the data preparation process. 

 
Figure 3: Data preprocessing pipeline illustrating sequential steps from raw data collection to fully preprocessed data 

ready for modeling. 

This structured, carefully justified, and quantitatively rigorous preprocessing strategy ensures that the dataset is optimally 

conditioned, facilitating high-quality and reliable outcomes from subsequent statistical analysis and machine learning model 

development. 

3.3 Descriptive Statistics and Correlation Analysis 

Descriptive statistical measures were thoroughly computed to gain a com- prehensile quantitative understanding of the central 

tendency and variability of the dataset, thereby providing foundational insights critical for further analysis. Specifically, the 

arithmetic mean (µ), representing the central tendency or the average value of numerical features, was calculated as the sum of all 

observations divided by the total number of observations (N).  

Mathematically, the mean is defined by Equation (8): 

𝜇 =
1

𝑁
∑ 𝑋𝑖

𝑁
𝑖=1     (8) 

This measure offers a quantitative representation of typical values observed within each numerical feature, such as patient age or 

tumor size, providing essential context for interpreting data distribution. Complementary to the mean, the standard deviation (σ) 

was computed to quantitatively measure the variability or dispersion of the dataset.  
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Standard deviation captures the average deviation of data points from the mean, providing insights into the degree of variation 

or consistency present in the dataset. Formally, standard deviation is calculated using the following formula, as shown in Equation 

(9): 

𝜎 = √
1

𝑁−1
∑ (𝑋𝑖 − 𝜇)2𝑁

𝑖=1    (9) 

In this equation, each data point’s deviation from the mean (Xi − µ) is squared to prevent positive and negative deviations from 

cancelling out. The resulting measure thus robustly quantifies how spread-out data points are around the mean. Pearson 

correlation coefficients (ρ) were used to assess the linear correlations between numerical features. Pearson’s correlation is a 

statistical metric that quantifies the strength and direction of linear correlations between pair of variables. It ranges from -1 to +1. 

A correlation value of +1 implies a perfect positive linear relationship, -1 shows a perfect negative linear relationship, and 0 

indicates no linear correlation. Pearson correlation between two variables X and Y is mathematically represented by Equation (10): 

   (10) 

Here, (Xi−X¯) and (Yi−Y¯) represent deviations of individual observations from their respective means, and the denominator 

normalizes these deviations to provide a bounded measure of linear association. Figure 4 provides a correlation analysis among 

the predictor variables within the Lung Cancer dataset, using the Pearson correlation coefficient (ρ). Correlation coefficients range 

numerically from −1 to +1, where +1 indicates a perfect positive linear correlation, −1 indicates a perfect negative linear correlation, 

and values near zero signify negligible linear relationships. In this correlation matrix, diagonal values equal 1, as each variable 

correlates perfectly with itself. Observing off-diagonal values, most variable pairs exhibited correlation coefficients close to zero 

(ranging predominantly between −0.03 and +0.04), indicating very weak linear relationships. Notably, the strongest observed 

correlations remained below |ρ| = 0.05, highlighting a generally low level of linear dependency among features in this dataset. 

This Figure 4 shows that the predictors possess substantial independence from each other, minimizing concerns regarding 

multicollinearity during sub- sequent predictive modelling phases. The heatmap thus provides a rigorous quantitative foundation, 

assisting in effective feature selection and ensuring stable and interpretable model construction. 

3.4 Model Development and Evaluation 

The dataset was systematically partitioned into two distinct subsets to facilitate reliable model training and unbiased evaluation of 

predictive performance. The dataset was separated into two sets: a training set (80% of total observations) and a testing set (20%). 

The training subset is used to fit and optimize the parameters of several prediction models, allowing each model to understand 

the fundamental patterns involved in lung cancer detection. In contrast, the testing set is only dedicated to evaluating the 

generalization.  

 
Figure 4: Correlation heatmap visualizing Pearson correlation coefficients among variables in the dataset. 
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capabilities of these models, offering an unbiased assessment of how well each model can predict outcomes on previously 

unknown data. Several predictive modelling approaches were chosen for comparison, including Logistic Regression, Support 

Vector Machines (SVM), Random Forest, and Extreme Gradient Boosting (XGBoost). These models were chosen for their proven 

efficacy in binary classification tasks, resistance to overfitting, and ability to handle both linear and nonlinear correlations among 

variables. This wide range of models guarantees thorough coverage of alternative algorithmic methodologies, allowing for robust 

selection of the most appropriate and accurate model for forecasting lung cancer incidence in the context of the supplied dataset. 

3.5 Model Development and Evaluation 

The pre-processed dataset was separated into two subsets: the training set (80% of observations) and the test set (20%). The 

training set of 800 observations was used to train and improve machine learning models, while the test set of 200 observations 

remained hidden during model training. This segmentation was deliberately chosen to allow for a thorough analysis of each 

model’s prediction performance while also guaranteeing robustness to potential overfitting. 

 

Several predictive modelling techniques were used systematically, include Logistic Regression, Support Vector Machine (SVM), 

Random Forest, and Extreme Gradient Boosting. Logistic regression was selected primarily for its statistical interpretability and 

ability to quantify relationships be- tween predictor variables and binary target outcomes (lung cancer diagnosis). Equation 11 

expresses this relationship numerically: 

𝑃(𝑌 = 1|𝑋) =
1

1+𝑒
−(𝛽0+∑ 𝛽𝑖

𝑀
𝑖=1 𝑋𝑖)

    (11) 

In Equation (11), P (Y = 1|X) reflects the likelihood of lung cancer diagnosis given predictors X, and coefficients (βi) show the degree 

and direction of each predictor’s influence on lung cancer risk. Support Vector Machine (SVM) was used because of its stability 

and efficacy in capturing nonlinear connections via kernel modifications, making it ideal for data with complicated and nuanced 

interactions among predictors. Random Forest was used for its ensemble-based method, which combines findings from several 

decision trees to improve stability and accuracy by lowering variance. Random Forest’s ensemble prediction is mathematically 

expressed as the average output of individual decision trees, which improves the model’s predictive accuracy. Extreme Gradient 

Boosting (XGBoost), an improved gradient boosting approach, was also used because of its high efficiency, scalability, and 

predictive performance in large, multidimensional datasets. 

3.5.1 Hyperparameter Tuning 

To optimize model performance and enhance generalizability, hyper parameter tuning was performed using GridSearchCV, 

RandomizedSearchCV, and Bayesian Optimization, depending on the model complexity and search space. The tuned hyper 

parameters for each model, along with their optimal values, are summarized in Table 1. The table 1 provides a summary of the 

hyper parameters optimized for each model, the search method used, and the selected optimal values. Logistic Regression was 

tuned using GridSearchCV for C, whereas SVM and Random Forest were optimized using RandomizedSearchCV. For XGBoost, 

Bayesian Optimization was applied, allowing efficient exploration of the hyper parameter space while minimizing overfitting. The 

final models were evaluated based on AUC-ROC, F1-score, and accuracy to ensure optimal performance. 

These prediction models were carefully evaluated using basic quantitative measures often used in classification problems: accuracy, 

precision, re- call (sensitivity), F1-score, and Area Under the Receiver Operating Characteristic curve (AUC-ROC). Accuracy is the 

total correctness of predictions throughout the entire dataset (Equation 12). Precision is the fraction of valid positive predictions 

among all positive classifications, as indicated in Equation (13). Equation (14) illustrates how recall, also known as sensitivity, 

evaluates a model’s ability to recognize real positive cases among all positive cases. Equation (15) calculates the F1-score, which is 

the harmonic mean of accuracy and recall. This balanced metric is beneficial in circumstances with class imbalance. These metrics 

are mathematically defined as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
   (12) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
   (13) 

 

Model Tuned Hyperparameters Search Method Optimal 

Value 

Logistic 

Regression 

Regularization Strength (C) Range: {10⁻⁴, 10⁻³, 10⁻², 10⁻¹, 1, 10, 

100} 

GridSearchCV (5-fold) 0.1 

SVM Kernel (K): {Linear, Polynomial, RBF, Sigmoid} RandomizedSearchCV RBF  
Regularization (C) Range: {0.01, 0.1, 1, 10, 100} RandomizedSearchCV 10  
Gamma (γ) Range: {0.001, 0.01, 0.1, 1, 10} RandomizedSearchCV 0.01 
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Random Forest Number of Trees (n_estimators) Range: {100, 200, 300, 500} RandomizedSearchCV 300 

 
Maximum Depth (max_depth) Range: {10, 20, 30, 50} RandomizedSearchCV 30  
Minimum Samples Split (min_samples_split) Range: {2, 5,10} RandomizedSearchCV 5 

XGBoost Learning Rate (learning rate) Range: {0.01, 0.05, 0.1, 0.2} Bayesian Optimization 0.05 

 
Number of Boosting Rounds (n_estimators) Range: {100, 500, 

1000} 

Bayesian Optimization 500 

 
Maximum Tree Depth (max_depth) Range: {3, 6, 9} Bayesian Optimization 6 

 

Table 1: Hyperparameter Tuning for Machine Learning Models 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
    (14) 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
   (15) 

In these equations, TP (True Positives), TN (True Negatives), FP (False Positives), and FN (False Negatives) represent the elements 

of the confusion matrix, capturing the performance characteristics of each classification model clearly and quantitatively. 

3.5.2. Logistic Regression 

Figure 5 illustrates the fundamental architecture of the Logistic Regression model utilized in this study. The diagram clearly 

represents the computational steps that transform input variables into a binary classification prediction. Initially, multiple input 

features (x1, x2, . . . , xm), along with a bias term (represented as 1), are multiplied by their respective weights (w0, w1, w2, . . . , 

wm). These weighted inputs are then summed in a net input function (symbolized by Σ), which produces a single linear combination 

of in- put features. This linear combination is then sent via the sigmoid activation function, which mathematically transforms it into 

a conditional probability between 0 and 1. The sigmoid function accurately assesses the chance that the input characteristics 

belong to class 1 (lung cancer diagnosis). After sigmoid activation, a threshold function (often set at 0.5) is used to establish the 

final class label. If the resultant probability exceeds or equals this threshold, the anticipated class label is 1 (positive class); otherwise, 

it is 0 (negative class). The design also features an error feedback system, which allows for repeated weight modification during 

model training to reduce classification mistakes and improve forecast accuracy. 

3.6  Support Vector Machine (SVM) 

Figure 6 presents a clear depiction of the Support Vector Machine (SVM) architecture employed in this research. This architecture 

succinctly high- lights the critical computational steps involved in the SVM classification process. Initially, the input vector (x), 

representing patient features, is trans- formed via kernel functions denoted as K(x, xi). These kernel functions compute similarity 

or distance measures between input data points and a subset of critical data points known as support vectors. The outputs from 

these 

 
Figure 5: Architectural diagram of Logistic Regression, illustrating the input features, weight multiplication, summation 

function, sigmoid activation, decision thresholding, and final predicted class label. 

kernels are then weighted by their corresponding Lagrange multipliers (αi), emphasizing the significance of individual support 

vectors in determining the classification boundary. Additionally, a bias term (b) is included to shift the decision boundary, providing 
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flexibility in the classification decision. All these weighted kernel outputs and the bias term are subsequently summed, producing 

a decision value that directly determines the output class (y). 

This architectural representation clearly emphasizes the importance of support vectors, kernel functions, and Lagrange multipliers, 

thus illustrating how the SVM effectively handles complex, non-linear relationships inherent in the classification of lung cancer 

data. 

3.7 Random Forest 

Figure 7 visually depicts the Random Forest algorithm utilized in this study, clearly illustrating its ensemble-based approach. 

Random Forest is an ensemble learning technique that systematically constructs multiple independent decision trees, each trained 

using distinct bootstrapped subsets of the training dataset. Each tree independently learns a classification rule, generating diverse 

predictions to capture a broad range of potential relationships and interactions among predictors. During the training phase, 

several decision trees are built separately, each using a random portion of the training data and randomized feature. 

 
 

Figure 6: Architecture of the Support Vector Machine (SVM) model, illustrating input vectors, kernel transformations, 

Lagrange multipliers, bias, summation, and output classification. 

This approach guarantees that individual decision trees are sufficiently diverse, lowering correlation across trees and increasing 

forecast resilience. After individual trees produce classification predictions, Random Forest aggregates these outputs using a voting 

mechanism. Specifically, the class that receives the majority vote across all trees becomes the final prediction, greatly reducing 

variance and typically yielding higher ac- curacy and stability than single-tree models. 

Such ensemble approaches significantly improve predictive accuracy by capitalizing on the “wisdom of crowds,” where diverse 

weak classifiers collectively provide a stronger and more reliable prediction than any single classifier individually. Thus, this model 

architecture effectively manages complexities and nonlinear interactions present within the dataset, producing consistently robust 

predictions. 

3.8  XGBoost Model 

Figure 8 provides an illustrative and detailed visualization of the Extreme Gradient Boosting (XGBoost) model architecture, 

emphasizing its iterative and adaptive learning process. XGBoost is an advanced ensemble learning algorithm that constructs 

predictive models by sequentially training multiple decision trees in an additive manner. Each tree is specifically designed to ad- 

dress the residual errors produced by preceding trees, systematically refining predictive performance with each iteration. 

Mathematically, this iterative boosting approach optimizes an objective function, which typically combines a loss function 

quantifying prediction error with a regularization term to control model complexity and prevent overfitting. 
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Figure 7: Random Forest model architecture, illustrating independent training of multiple decision trees on subsets of 

training data, followed by aggregation via majority voting to determine the final classification outcome. 

 

In this model, each new decision tree (fk(x)) targets the residual errors from previous ensemble predictions, thereby incrementally 

reducing predictive errors and enhancing overall model accuracy. At iteration t, a new tree (ft(x)) is added to the existing ensemble 

to minimize the following function: 

𝐿(𝑡) = ∑ 𝑙 (𝑦𝑖 , 𝑦𝑖
(𝑡−1)̂

+ 𝑓𝑡(𝑥𝑖))

𝑛

𝑖=1

+ Ω(𝑓𝑡) 

 

where l is the chosen loss function (commonly logistic loss for binary classification), yi is the actual label, yˆ(t−1) is the predicted 

value from the ensemble up to the (t − 1)-th tree, and ft(xi) represents the incremental improvement brought by the t-th tree. 

Through this iterative optimization, the algorithm progressively reduces the residuals between actual and predicted outcomes, 

improving accuracy and predictive reliability. 

 

Furthermore, XGBoost incorporates techniques such as regularization and gradient-based optimization, allowing it to effectively 

manage overfitting and ensure strong generalization capabilities. The final classification decision is computed as an aggregation 

(sum or majority voting) of all decision trees’ outputs, resulting in a robust and accurate prediction capable of handling complex, 

nonlinear relationships and interactions among predictors in the lung cancer dataset. 

 

The complete architecture diagram in Figure 8 visually depicts the de- tailed operational flow, clearly illustrating the iterative 

building of decision trees, optimization processes, and aggregation mechanisms underpinning the XGBoost algorithm. This 

diagram significantly enhances interpretability, clearly communicating the logical sequence and robust quantitative basis of this 

powerful modelling technique. 

3.9  Explainable AI (XAI) 

Interpretability and transparency of predictive models are especially important in medical settings, when understanding the 

reasoning behind a pre- diction is just as important as forecast accuracy. In this work, we used two sophisticated Explainable 

Artificial Intelligence (XAI) techniques SHAP (SHapley Additive Explanations) and LIME (Local Interpretable Model- agnostic 

Explanations) to provide useful insights into model predictions at both the global and individual levels. 

 

3.9.1. SHAP (SHapley Additive explanations) 

SHAP is grounded in principles derived from cooperative game theory, particularly the concept of Shapley values. Shapley values 

quantitatively determine each feature’s contribution to a particular prediction by computing an average marginal contribution 

across all possible feature subsets.  
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Specifically, the SHAP value for the feature Xi, denoted as ϕi, reflects how the inclusion of this feature modifies the predicted 

outcome, averaged across various subsets of other features. This rigorous, mathematically robust method ensures that each 

feature’s contribution is calculated accurately, considering interactions and dependencies among features comprehensively. The 

inter- pretation afforded by SHAP is both local (explaining individual predictions) 

 

 
Figure 8: Illustration of the XGBoost model architecture, clearly depicting the iterative construction of decision trees, residual 

adjustments, node splitting guided by objective functions, and aggregation of results to form the final output. 

 

 
Figure 9: SHAP architecture 

and global (providing overall feature importance across the dataset). This dual-level interpretability facilitates nuanced insights 

into the predictively Relevance of each feature, supporting informed clinical decision-making. Figure 9 clearly depicts the 

architectural workflow of the SHAP (SHapley Additive explanations) method, a prominent model-agnostic interpretability 

technique employed in this research. SHAP provides a rigorous approach to quantifying how each input feature individually and 

collectively influences the predictions of complex, otherwise opaque machine learning models. Initially, the input features (x1, x2, 

. . . , xn) are processed by the trained predictive model, generating a prediction. SHAP subsequently computes Shapley values, 

leveraging cooperative game theory, to quantify the precise contribution of each feature to the obtained prediction. 

To address the inherent opacity of advanced predictive models such as XGBoost and Random Forest in medical diagnosis contexts, 

Shapley Additive explanations (SHAP) were employed, providing rigorous, quantitative explanations for model predictions. SHAP 

leverages the concept of Shapley values derived from cooperative game theory, quantitatively assessing each feature’s contribution 

to model predictions through a systematic approach that fairly allocates credit or relevance to features. The Shapley value (ϕi) for 

a feature Xi is calculated by considering all possible subsets (S) of the remaining features and computing each feature’s average 

marginal contribution to the model prediction. This mathematical representation is explicitly presented in Equation (16): 

𝜙𝑖 = ∑
|𝑆|!(𝑀−|𝑆|−1)!

𝑀!
[𝑓𝑆∪{𝑥𝑖}(𝑥𝑆∪{𝑥𝑖}) − 𝑓𝑆(𝑥𝑆)]𝑆⊆{𝑥1,…,𝑥𝑝}∖{𝑥𝑖}    (16) 
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In Equation (16), the subset size |S| indicates the number of features within the subset being evaluated, while M represents the 

total number of features. The terms fS∪{Xi}(xS∪{Xi}) and fS(xS) denote model predictions with and without the inclusion of feature 

Xi, respectively. The SHAP technique guarantees a theoretically justifiable distribution of feature contributions, which is firmly based 

on cooperative game theory, ensuring fairness and stability in feature attribution. 

3.9.2. LIME (Local Interpretable Model-agnostic Explanations) 

To supplement SHAP’s global interpretability, LIME (Local Interpretable Model-agnostic Explanations) provides highly localized 

explanations by approximating sophisticated black-box models with simple, interpretable surrogate models around particular 

instances. This approximation entails fitting an interpretable model—typically a linear regression—around the instance of interest, 

with the local behavior of the complicated model closely approximated. LIME accomplishes interpretability by minimizing a loss 

function in conjunction with a complexity penalty. This method ensures that explanations are both locally correct and globally 

accessible, allowing users to comprehend the model’s logic behind specific forecasts without compromising simplicity. 

The procedure begins with a black-box model, such as XGBoost or Random Forest, that has been trained on lung cancer patient 

data, including tumor characteristics, smoking history, genetic risk factors, and other clinical aspects, based on accuracy and 

validation. LIME creates perturbed samples from a given patient instance by gently changing the feature values around the original 

instance. These perturbations imitate modest differences in patient attributes, allowing the model to assess how minor changes 

effect predictions. Typically, N = 500 perturbed samples are generated to assure statistical reliability in explanations. After the 

disturbed samples are detected, a proximity-based weighting technique is used to priorities samples that are closer to the original 

instance. This weighting is determined with an exponential kernel function: 

π𝑥(𝑧) = 𝑒−
𝐷(𝑥,𝑧)2

σ2    (17) 

where d(x, z) is the Euclidean distance between the original instance x and the perturbed sample z, and σ is the spread of the local 

region. This ensures that explanations are tailored to the individual patient rather than influenced by distant, irrelevant situations. 

After weighting the altered samples, the next step is to use the black-box model to create predictions. This stage offers information 

on how the original predictive model operates around the chosen instance. After obtaining predictions, LIME applies an 

interpretable surrogate model, such as a linear regression or decision tree, to approximate the decision boundary in the local 

neighborhood. The weighted dataset (Z, f (Z)) is used to train the surrogate model, with Z representing the altered samples and f 

(Z) denoting the black-box model’s predictions for them. 

The final stage in the LIME architecture is to extract feature contributions from the surrogate model. LIME analyses the learnt 

coefficients or decision rules and offers a breakdown of how each factor affects the prediction for the given patient. The surrogate 

model in this study found that tumor size (27.5%), smoking history (21.8%), and age (18.6%) all had an impact on the final risk 

estimate for lung cancer. The LIME architecture effectively transforms black-box predictions into interpretable insights, ensuring 

that medical professionals can verify AI- generated diagnoses. By providing numerical justifications for each prediction, LIME 

enhances clinical trust in AI-driven decision support systems. 

In addition to SHAP and LIME, Permutation Feature Importance was employed as an additional explanatory tool to quantify the 

global importance of predictors. Permutation Importance evaluates the sensitivity of the model to random shuffling of each 

predictor variable, providing a clear indication of how each feature affects overall predictive accuracy. The increase in model error 

when permuting each feature individually reflects its relevance. Features causing substantial increases in prediction error upon 

permutation are thus quantitatively identified as highly influential, contributing significantly to the model’s predictive capability. 

This analysis further complements SHAP and LIME by providing a robust, model-agnostic perspective on feature importance. 

Collectively, these XAI methods provide in-depth, and transparent explanations of the predictive models used, addressing both 

global interpretability (via SHAP and Permutation Importance) and instance-level explanations (via LIME), ensuring the clinical 

applicability and reliability of predictive insights in critical healthcare settings for lung cancer diagnosis. 



JCSTS 7(12): 573-598 

 

Page | 587  

 
Figure 10: LIME interpretability process: Generating local perturbations, training an interpretable surrogate model, and 

quantifying individual feature contributions in lung cancer diagnosis. 

 

4.1. Model Performance Evaluation 

Using the test set, this study evaluated the performance of various machine learning models, such as XGBoost, Random Forest, 

Logistic Regression, and Explainable Boosting. The data was evaluated using a number of classification metrics, which are crucial 

for establishing the models’ ability to distinguish between lung cancer (positive class) and non-cancer (negative class) cases. The 

primary evaluation criteria are Accuracy, ROC-AUC. 

  

(Receiver Operating Characteristic - Area Under the Curve), Precision, Recall, and F1-Score. These measurements provide a 

comprehensive understanding of how each model performs, particularly in imbalanced classification problems when one class is 

more dominant than the other. 

 

4.1.1. Model Performance Summary 

Table 2 summarizes each model’s performance, including accuracy, ROC- AUC, precision, recall, and F1-Score. To guarantee a fair 

comparison, each model was assessed using the same test set. 

 

Model Accuracy ROC-AUC Precision (Class 1) Recall (Class 1) F1-Score (Class 1) 

XGBoost 71.73% 0.7677 0.71 0.70 0.71 

Random Forest 69.51% 0.7445 0.68 0.73 0.70 

Logistic Regression 63.99% 0.6776 0.64 0.63 0.64 

Explainable Boosting 66.64% 0.7085 0.67 0.67 0.67 

Table 2: Model Performance Evaluation 

4.1.2. XGBoost Performance 

XGBoost surpasses all other models in accuracy (71.73%) and ROC-AUC (0.7677), indicating its superior efficacy in differentiating 

between lung cancer and non-cancer patients within this dataset. This model attains a Precision of 0.71 and a Recall of 0.70, 

yielding an F1-Score of 0.71. The elevated accuracy signifies that the majority of the model’s positive predictions are accurate, 

while the recall indicates that the model successfully identifies a substantial proportion of real positive cases. The amalgamation 

of elevated Precision and Recall renders XGBoost a dependable model for this task. 

 

4.1.3. Random Forest Performance 

The Random Forest model has an accuracy of 69.51% and a ROC-AUC of 0.7445. This model attains a Precision of 0.68, a Recall of 

0.73, and an F1- Score of 0.70. Although Random Forest exhibits somewhat poorer precision than XGBoost, its superior recall 

indicates enhanced capability in spotting cancer patients, a critical factor in a medical environment where overlooking a positive 

diagnosis might have significant repercussions. Nonetheless, its accuracy is somewhat inferior, resulting in a higher incidence of 

false positive predictions compared to XGBoost. 

 

4.1.4. Logistic Regression Performance 

The Logistic Regression model has the lowest performance of the four models, with an accuracy of 63.99% and a ROC-AUC of 

0.6776. It attains a Precision of 0.64, a Recall of 0.63, and an F1-Score of 0.64. The suboptimal performance of Logistic Regression 

suggests that the assumption of a linear connection may fail to encapsulate the dataset’s intricacies, particularly for non-linear 

interactions among components. 
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4.1.5. Explainable Boosting Performance 

The Explainable Boosting model demonstrates a Precision of 0.67 and a Recall of 0.67, resulting in an F1-Score of 0.67. While it has 

a decent ROC- AUC score of 0.7085, its performance is slightly behind both XGBoost and Random Forest in terms of accuracy and 

precision. However, it provides the advantage of explain ability, which can be beneficial in clinical settings where model 

interpretability is important. 

 

4.1.6. Comparison and Interpretation 

From the analysis, it is clear that XGBoost is the best model in terms of overall performance, closely followed by Random Forest. 

Both of these models are able to balance Precision and Recall, making them ideal candidates for applications in lung cancer 

prediction where both false positives and false negatives can have significant consequences. Logistic Regression and Explainable 

Boosting provide reasonable results but are outperformed by the more complex ensemble methods. 

In healthcare applications, Recall is often prioritized over Precision, especially when dealing with life-threatening conditions like 

cancer, where failing to identify true positives (i.e., missed diagnoses) is critical. However, both XGBoost and Random Forest offer 

a good balance between Precision and Recall, making them the most suitable choices for this task. The evaluation of multiple 

models shows that ensemble methods like XG- Boost and Random Forest provide the best trade-offs between model complexity, 

interpretability, and performance, especially in real-world applications where accuracy, recall, and precision are all of paramount 

importance. 

 
Figure 11: XAI-Based Detailed Confusion Matrix for XGBoost Model 

4.2. Confusion Matrix, Precision-Recall, and ROC Curves 

To assess the performance further, we present the confusion matrix, precision recall curve, and ROC curve for XGBoost, which 

achieved the best performance. As seen in the confusion matrix (Figure 11), XGBoost effectively distinguishes between positive 

and negative cases of lung cancer, with 453 true negatives and 441 true positives. The matrix is broken down into the following 

four categories: 

• True Negatives (TN): 474 (33.93%) – These are the non-cancer cases that the model correctly classified as non-cancer. This 

indicates that the model is able to accurately identify 33.93% of the non-cancer in- stances in the dataset as negative (non-cancer). 

• False Positives (FP): 225 (16.11%) – These are the non-cancer cases that the model incorrectly classified as cancer. This is a 

crucial metric, as false positives can lead to unnecessary medical follow-ups, tests, or treatments. In this case, 16.11% of non-cancer 

instances were wrongly classified as cancer. 

• False Negatives (FN): 241 (17.25%) – These are the cancer cases that the model incorrectly classified as non-cancer. False 

negatives are particularly critical in healthcare applications because they represent missed diagnoses, which can delay treatment. 

In this case, 17.25% of actual cancer cases were missed by the model. 

• True Positives (TP): 457 (32.71%) – These are the cancer cases that the model correctly identified as cancer. This indicates the 

model’s success rate in detecting cancerous cases, with 32.71% of the cancer instances being correctly identified. 

The Precision-Recall Curve for XGBoost is presented below, showing an AUC of 0.639, which indicates a balanced performance 

between precision and recall.  
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Figure 12 depicts the XGBoost model’s precision-recall curve, which has an AUC of 0.710. At a low recall (near zero), precision 

begins at 1.0, signifying perfect precision with very few good predictions. As recall grows, precision steadily declines until it reaches 

0.7, illustrating the trade-off be- tween accuracy and recall. The AUC of 0.710 reflects a decent balance of accuracy and recall, 

indicating that the model does a reasonable job discriminating cancer from non-cancer patients. The ROC curve of the XGBoost 

model, shown in Figure 13, displays the model’s capacity to discriminate between positive (cancer) and negative non-cancer). The 

curve shows the True Positive Rate (TPR) versus the False Positive Rate (FPR), providing information about the model’s performance 

at different categorization criteria. 

 
Figure 12: Precision-Recall Curve for XGBoost Model (AUC = 0.710) 

 

 
Figure 13: ROC Curve for XGBoost Model (AUC = 0.710) 

• True Positive Rate (TPR): Also known as recall, TPR is the ratio of correctly predicted positive cases (cancer cases) to the total 

actual positive cases. In this model, as the classification threshold is lowered, the model becomes more sensitive and predicts more 

cases as positive, resulting in an increase in TPR. The maximum value of TPR is 1.0, which represents perfect recall (all positive cases 

are correctly identified). 

• False Positive Rate (FPR): FPR is the ratio of incorrectly predicted negative cases (non-cancer cases) to the total actual negative 

cases. As the threshold is lowered, more non-cancer cases are predicted as cancer, which causes FPR to increase. The minimum 

value of FPR is 0.0, indicating no false positives. 

• Area Under the Curve (AUC): The AUC for this ROC curve is 0.78, indicating a good ability of the model to distinguish between 

the two classes. An AUC value of 0.78 means that there is a 78% chance that the model will correctly rank a randomly chosen 

cancer case higher than a randomly chosen non-cancer case. 

• Model Performance: The ROC curve starts at the point (0, 0) , indicating no true positives and no false positives. As the threshold 

for classifying a positive case is lowered, the curve moves upward and to the right, increasing both TPR and FPR. The ROC curve 

for XG- Boost moves significantly away from the diagonal dashed line (random classifier), indicating that the model is better than 

random guessing. 
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• Interpretation of the ROC Curve: The curve achieves a maximum true positive rate of 1.0 (100%) as the threshold is lowered, 

but at the cost of an increase in false positive rate, as reflected in the curve’s upward trajectory. The AUC of 0.78 confirms that the 

model is well above random performance and effectively discriminates between the positive and negative classes. 

The XGBoost model shows a strong ability to classify cancer cases with an AUC of 0.78, indicating solid model performance. The 

ROC curve shows the model’s effectiveness in distinguishing between cancer and non-cancer cases. 

4.3. Feature Importance and SHAP Analysis 

To further understand the model’s decision-making process, we analyzed feature significance using SHAP values. The SHAP 

summary diagram shows how each feature influences the XGBoost model’s output. The most impor- tant factors were age, biomass 

fuel use, and tumor size. The SHAP summary plot shown is figure14 illustrates the contribution of each feature to the XGBoost 

model’s output. Each point in the plot represents a data instance, and the color indicates the value of the feature for that instance: 

red for high values and blue for low values. The x-axis represents the SHAP values, which show how each feature influences the 

prediction—positive values increase the predicted probability, while negative values decrease it. 

 

Significant Attributes: 

• Age: This feature exhibits the highest impact on the model’s out- put. The SHAP values for Age range from approximately -1.2 

to +1.4. Higher values (red) correspond to a higher predicted likelihood of lung cancer, indicating that older individuals are more 

likely to receive a positive diagnosis. This suggests that the model recognizes age as an important risk factor for lung cancer. 

• Biomass Fuel Use: The feature Biomass Fuel Use shows a strong positive correlation with the model’s output, with SHAP values 

ranging between -0.4 and +1.0. Positive SHAP values indicate that higher biomass fuel usage increases the probability of lung 

cancer, consistent with known health risks related to air pollution. 

• Tumor Size: Tumor size also plays a significant role in the model’s prediction. The SHAP values for Tumor Size range from -0.6 

to +1.2, with larger tumors (indicated by higher SHAP values, shown in red) shifting the model’s prediction toward a positive 

diagnosis. This aligns with medical literature, where larger tumor sizes are linked to more severe stages of cancer. 

• Residence: The Residence feature demonstrates a relatively higher influence on the model’s predictions, with SHAP values 

ranging from -0.5 to +0.8. Red values indicate that individuals residing in areas with greater environmental or health risks are more 

likely to develop lung cancer. This suggests that the model associates environmental factors with lung cancer risk. 

 

 
Figure 14: SHAP Impact Plot for XGBoost Model 

• Stage: The Stage of cancer (ranging from Stage 1 to Stage 4) has a major impact on the model’s output. The SHAP values for 

Stage range from -0.8 to +1.1. Higher stages (shown in red) are strongly correlated with positive predictions of lung cancer, as 

expected due to the severity associated with advanced cancer stages. 
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• Histology Type: The Histology Type represents the cancer’s cell origin and has a notable influence on the model’s prediction. 

SHAP values for this feature range from -0.5 to +0.8. Positive impacts suggest that certain histology types are associated with 

higher predictions of lung cancer. 

 

Observations: 

• High Feature Impact: Features such as Age, Biomass Fuel Use, and Tumor Size show high variability in their SHAP values, 

indicating their strong influence on the model’s predictions. These features are critical in predicting lung cancer, with higher values 

pushing the model’s prediction toward a positive diagnosis. 

• Negative Impact Features: Some features, such as Factory Expo- sure, Family History, and Smoking Status, demonstrate 

relatively smaller influence, as reflected by their narrower SHAP value distributions. These features play a more subtle role in the 

final prediction and are less influential compared to other factors. 

This SHAP summary map shows how individual variables influence the XGBoost model’s decision-making process. The detailed 

picture of how each feature influences the prediction benefits in the interpretation and under- standing of the model’s behavior, 

making it easier to trust and explain its assessments. 

The SHAP dependence plot presented in figure 15 shows the relationship between the feature Age and its corresponding SHAP 

values for the XGBoost model’s predictions. The color gradient represents the feature Biomass Fuel Use, where higher values are 

shown in red and lower values are in blue. The plot gives an understanding of how age influences the model’s prediction while 

considering biomass fuel use as a context for this impact. 

 
Figure 15: SHAP Value for Age with Biomass Fuel Use 

Significant finding: 

• Age Range: The age distribution in the plot ranges from approximately 30 to 90 years, with the majority of the data points 

clustered between 40 and 80 years. There are a few outliers below 40 and above 80 years. 

 

• SHAP Values: The SHAP values for Age fluctuate between -1.5 and 1.5, with the majority of the values lying between 0 and 1. 

This indicates that age has a relatively moderate influence on the model’s output, and its impact on the prediction is generally 

positive, with older individuals being more likely to receive a positive prediction for lung cancer. 

 
Figure 16: SHAP Detailed Explanation for a Single Prediction 

• Biomass Fuel Use Correlation: The color gradient represents Biomass Fuel Use, which ranges from 0 (blue) to 1 (red). Individuals 

with higher biomass fuel use (shown in red) tend to have higher SHAP values. For example, individuals aged between 60 and 80 

years with high biomass fuel use (greater than 0.5) generally have SHAP values closer to 1, indicating a stronger association with 

positive lung cancer prediction. 

• Age vs SHAP Value Trends: As age increases, the SHAP values show a tendency to increase as well, especially for individuals 

with higher biomass fuel use. For instance: 

– Individuals aged 40-50 years with low biomass fuel use (blue) have SHAP values ranging from -0.5 to 0.5. 

– Individuals aged 60-70 years with moderate to high biomass fuel use (red) have SHAP values ranging from 0 to 1.5. 
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• Outliers and Variability: A few points in the age range of 30-40 years show SHAP values above 1, which suggests that, despite 

their younger age, these individuals might still have significant risk factors (such as high biomass fuel use) influencing the 

prediction. Next, the detailed SHAP explanation for a specific case is shown, visualizing the contributions of features to a prediction. 

The following figure 16 presents a SHAP detailed explanation for a specific prediction, highlighting how various features contribute 

to the model’s output. This local explanation provides insights into which features drive the model’s prediction for a single case. 

 

Significant finding: 

• Prediction Score: The final prediction score for the individual case is -1.49, indicating a lower likelihood of being classified as 

positive for lung cancer, based on the features provided. 

• Contributing Features: Stage (2.0) contributes significantly to lowering the prediction score, with a value of -0.89. This suggests 

that the individual’s cancer stage has a negative impact on the prediction, increasing the likelihood of a negative classification. 

– Histology Type (3.0) also contributes negatively with a value of -0.59. This feature indicates a type of cancer that is associated 

with a lower likelihood of being classified as positive. 

– Residence (0.0) is a feature that has a slight negative effect, con- attributing -0.36 to the prediction score. 

– Air Pollution Exposure (1.0) adds a slight positive contribution of +0.25, suggesting that exposure to air pollution slightly increases 

the likelihood of a positive cancer classification. 

– Tumor Size (55 mm) increases the score by +0.29, showing that a larger tumor size contributes positively to the prediction. 

• Impact of Other Features: Other features, such as Treatment, Biomass Fuel Use, and Symptoms, contribute smaller amounts to 

the overall prediction. For example, the Treatment feature contributes a slight negative value of -0.17, while Biomass Fuel Use and 

Symptoms each contribute around -0.12 and -0.10, respectively. The SHAP Force Plot in figure 17 for an individual prediction 

illustrates how each feature influences the final model output. In this case, the model prediction is approximately -1.486, which 

indicates a lower likelihood of a positive outcome. The base value is represented as 0, and various features either contribute 

positively or negatively to this score. 

Significant findings: 

• The feature “Histology Type” has the largest positive impact on the prediction, contributing +0.42, making the model prediction 

more likely to be negative. 

 
Figure 17: Local Explanation for Feature Importance 

• “Residence” has a negative impact of -0.36, decreasing the likelihood of a positive prediction. 

• “Treatment” also contributes positively with +0.29, slightly increasing the likelihood of a negative prediction. 

• Features such as “Tumor Size mm,”” Air Pollution Exposure,” and “Gender” have smaller negative effects, contributing between -

0.25 and -0.12. 

• The sum of the contributions leads to the final prediction score of - 1.486, indicating the model’s output is closer to the “No” 

outcome. This detailed breakdown of feature contributions allows for an under- standing of how each factor influences the model’s 

prediction for this specific case, highlighting the importance of features like Histology Type and Residence. 

Additionally, a plot illustrating the impact of features on the model out- put is provided below. In this figure 18, the following key 

observations: 
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Figure 18: Feature Impact Plot Showing Correlation Between Features and Model Output 

• Prediction Probabilities: The model predicts a probability of 0.55 for the” No” class (no lung cancer) and 0.45 for the” Yes” class 

(lung cancer). This suggests that the model is slightly more confident in predicting” No” for this specific case, though the prediction 

is quite balanced. 

• Feature Contributions: The feature importance is displayed for both the” No” and” Yes” classes. The most influential features 

for predicting the” Yes” class (lung cancer) are: 

– Stage = 1, which shows a significant positive contribution to- wards the prediction of lung cancer. 

– Gender = 1 (Female), which also positively impacts the prediction, suggesting a higher likelihood for females to be predicted as 

having lung cancer in this instance. 

– Air Pollution Exposure = 2, which reflects a high level of exposure to air pollution, contributing significantly to the likelihood 

of predicting lung cancer for this case. 

• Feature Values: The value of each feature for this individual prediction is shown on the right side of the plot. Notably: 

– Stage = 1, Gender = 1 (Female), and Air Pollution Exposure = 2 are the feature values that were most influential in determining 

the prediction for this particular case. 

This figure 18 offers valuable insights into how individual features con- tribute to the model’s prediction for a given instance, 

providing a deeper understanding of the model’s decision-making process. 

The overall feature importance for XGBoost is also visualized in the plot below. It shows the relative importance scores for all 

features in the model. The feature importance plot for the XGBoost model is shown in Figure 19. It presents the relative importance 

of each feature used in the model to predict lung cancer. The importance score indicates how much each feature contributes to 

the model’s decision-making process, with higher values representing more influence on the prediction. 

From the plot, we observe that Biomass Fuel Use and Age have the highest importance scores, with values of approximately 0.20 

and 0.19, respectively. These two attributes substantially influence the model’s predictions. Subsequently, Tumor Size mm, 

Residence, and Stage significantly influence the model’s determinations. Their relevance ratings are comparatively elevated relative 

to other traits, underscoring their significance in differentiating among the various classes. 

Additionally, attributes such as Factory Exposure, Family History, and Smoking Status exhibit diminished significance scores, 

indicating their lesser contribution to the predictive efficacy of this model. The findings indicate the model’s emphasis on directly 

pertinent characteristics such as Tumor Size mm, Stage, and Age for predicting lung cancer. This plot offers essential insights into 

the feature importance of the XG- Boost model, elucidating the key parameters that influence lung cancer predictions. 

4.4. Statistical Analysis and Significance 

This study employed statistical tests to evaluate the importance of several variables affecting lung cancer survival. These studies 

ascertain which parameters significantly correlate with survival results, yielding insights into the most impactful elements. The Chi-

Square Test, T-test, and ANOVA were used for this research because to their appropriateness for evaluating categorical and 

continuous data. The p-values obtained for each test are as follows: 
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Figure 19: Feature Importance Plot for XGBoost Model 

 

• Chi-Square Test (Smoking Status vs. Survival): p-value = 0.1889 The Chi-Square Test was employed to assess the correlation 

between smoking status and survival rates. The p-value of 0.1889 above the significance threshold of 0.05, signifying an absence 

of a meaningful connection between smoking status and lung cancer survival. Consequently, smoking status cannot serve as a 

significant predictor for survival outcomes in this study. 

• T-Test (Tumor Size vs. Smoking Status): p-value = 0.2907 A T-test was applied to assess the relationship between tumor size and 

smoking status. The p-value of 0.2907, which is greater than 0.05, suggests that tumor size and smoking status are not significantly 

related. Therefore, while both factors can influence lung cancer progression independently, they do not appear to interact in a way 

that affects survival rates significantly in this dataset. 

• ANOVA (Tumor Size and Cancer Stage vs. Survival): p-value = 0.4238 ANOVA was used to evaluate the relationship between 

tumor size and cancer stage on survival outcomes. The p-value of 0.4238 is greater than 0.05, which suggests that there is no 

significant difference in survival based on these two features in the dataset. Although tumor size and cancer stage are generally 

considered critical in clinical settings, their relationship with survival outcomes in this analysis does not meet the statistical 

significance threshold. 

Interpretation of Results: 

These results suggest that, among the variables studied, the relationship between smoking status and survival is not statistically 

significant (p-value is greater than 0.05). The p-values for tumor size and cancer stage are also above the threshold for significance, 

suggesting that these factors, while clinically relevant, did not show a strong correlation with lung cancer survival in this analysis. 

The p-value threshold of 0.05 is a conventional level, and factors with p- values above this threshold can still be clinically significant. 

Further analyses, possibly using more advanced models or larger datasets, could provide more conclusive insights into the 

relationship between these variables and survival. The statistical tests show that smoking status, tumor size, and cancer stage do 

not have significant associations with survival in the context of this analysis. This highlights the complexity of cancer survival, where 

many other unexamined factors, such as genetic markers or treatment type, can contribute to survival predictions. 

5. Discussion 

In this work, we used machine learning models to predict lung cancer severity using a dataset. Our major aim was to determine 

which model produced the most accurate and trustworthy forecasts, as well as to identify the fundamental variables that influence 

these predictions. The models evaluated include XGBoost, Random Forest, Logistic Regression, and Explainable Boosting (EBM), 

and the evaluation is based on measures such as accuracy, ROC-AUC, precision, recall, and F1-score. 
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5.1. Performance of Machine Learning Models 

The results show that XGBoost outperformed all other models in terms of accuracy and ROC-AUC, making it the most effective 

model for predicting lung cancer. XGBoost achieved an accuracy of 71.73%, a ROC-AUC of 0.7677, and a balanced precision-recall 

trade-off, making it a reliable model for distinguishing between malignant and non-cancerous cases. The high accuracy implies 

that XGBoost can discover important patterns in lung cancer data, which is consistent with its ability to handle complex, nonlinear 

relationships between parameters. 

The Random Forest model, with an accuracy of 69.51% and a ROC-AUC of 0.7445, took second place. Random Forest has slightly 

lower accuracy than XGBoost (0.68 vs. 0.71), but higher recall (0.73 vs. 0.70). This suggests that Random Forest excels in detecting 

real cancer cases, which is critical in medical settings were failing to identify a positive diagnosis can have serious consequences. 

Nonetheless, its lower accuracy means that it is more likely to generate false-positive predictions than XGBoost. 

Logistic Regression performed poorly, with an accuracy of 63.99%, ROC- AUC of 0.6776, and worse precision and recall metrics. 

This outcome is owing to the model’s reliance on linear correlations, which failed to account for the dataset’s complex, non-linear 

interactions. The inadequate performance of Logistic Regression highlights the need for more advanced models for assessing 

medical information with diverse and intricate relationships. 

Explainable Boosting performed moderately, with an accuracy of 66.64% and ROC-AUC of 0.7085. While it did not outperform the 

ensemble approaches, it does have the benefit of explain ability. In clinical settings, interpretability is critical, and models such as 

Explainable Boosting are useful because they provide transparency in decision-making, even if them performance is slightly lower 

than that of complex models. 

5.2. Confusion Matrix, Precision-Recall, and ROC Curves 

Further analysis of the XGBoost model’s performance through the con- fusion matrix, ROC curve, and precision-recall curve 

provided more insight into its strengths and weaknesses. The confusion matrix revealed that XG- Boost correctly identified 457 

cancerous cases (true positives) and 474 non- cancerous cases (true negatives). However, the model also made 225 false positives 

(non-cancer cases identified as cancer) and 241 false negatives (cancer cases missed by the model). These false positives and false 

negatives are critical to assess because, in healthcare, false negatives (missed cancer diagnoses) are particularly dangerous. 

The precision-recall curve for XGBoost, with an AUC of 0.710, showed a reasonable balance of accuracy and recall. This curve 

demonstrated that the model could efficiently discriminate between positive and negative situations, but there is still a trade-off 

between reducing false positives and false negatives. The ROC curve, with an AUC of 0.78, indicated that XGBoost is very successful 

at discriminating malignant from non-cancerous cases, out- performing random guessing by a substantial margin. 

5.3. Feature Importance and SHAP Analysis 

The analysis of feature significance, utilizing SHAP values, offered a more profound insight into the contribution of each feature to 

the model’s predictions. The most significant factors discovered were Biomass Fuel Use, Age, Tumor Size, and Stage. These 

characteristics align with established risk factors for lung cancer. The significance scores for Biomass Fuel Use and Age were notably 

high, indicating that the model predominantly depended on these factors to evaluate lung cancer severity. Age emerged as a 

major predictor, with older people exhibiting a higher likelihood of lung cancer diagnosis, as indicated by the positive SHAP values 

linked to this variable. Likewise, Tumor Size and Stage were critical markers, with bigger tumors and more advanced cancer stages 

correlating with an increased probability of a positive diagnosis. Notwithstanding the considerable contributions of these variables,  

covariates such as Smoking Status, Factory Exposure, and Family History exerted very little influences on the model’s predictions. 

This indicates that although these qualities are pertinent in the clinical context, they were less impactful in this particular dataset, 

maybe due to data constraints or the intricate interactions among features. 

5.4. Statistical Analysis and Significance 

Statistical analyses, including the Chi-Square test, T-test, and ANOVA, were conducted to evaluate the importance of variables 

such as smoking status, tumor size, and cancer stage in forecasting survival outcomes.  

Nevertheless, the p-values for these tests exceeded 0.05, indicating that these covariates did not exhibit a statistically significant 

correlation with survival in our sample. This conclusion may appear unexpected considering the clinical significance of these factors; 

nevertheless, it may be attributed to the dataset’s size or the lack of comprehensive information on genetic markers and treatment 

modalities, which might exert a greater impact on survival outcomes. 
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5.5. Limitations and Future Work 

While the XGBoost and Random Forest models produce promising results, they have a number of drawbacks. Future research 

should focus on getting a more comprehensive dataset with additional clinical and genetic variables. This would increase the 

models’ resilience and forecast accuracy. Given the small size of the dataset, deep learning models such as Convolutional Neural 

Networks (CNNs) or Long Short-Term Memory (LSTM) networks do overfitting. Therefore, future approaches can benefit from 

techniques to mitigate overfitting, such as regularization, dropout, or data augmentation, which could help prevent the model 

from becoming too complex and capturing noise. 

 

6. Conclusion 

In this study, several machine learning models—specifically XGBoost, Random Forest, Logistic Regression, and Explainable Boosting 

(EBM)—were applied to predict lung cancer severity using a dataset. The results demonstrated that XGBoost outperformed the 

other models across various performance metrics, including accuracy (71.73%), ROC-AUC (0.7677), precision, recall, and F1-score, 

making it the most effective model for distinguishing between cancerous and non-cancerous cases. Random Forest followed 

closely behind, while Logistic Regression and Explainable Boosting showed comparatively lower performance. 

One of the key strengths of this study lies in its use of Explainable AI (XAI) techniques such as SHAP and LIME. These techniques 

were used to interpret the predictions of the machine learning models, enhancing transparency and trustworthiness in medical 

decision-making. The feature importance analysis revealed that Biomass Fuel Use, Age, and Tumor Size were the most influential 

features for predicting lung cancer severity, which aligns with existing clinical knowledge. This research also faced certain 

limitations. While the study explored the use of several machine learning models, including XGBoost and Random Forest, there is 

potential to further enhance prediction accuracy by incorporating additional models, such as support vector machines (SVMs), 

neural networks, and ensemble methods. Each of these models can offer different strengths, and their comparative performance 

could provide a more robust prediction. Furthermore, model overfitting remains a concern, particularly when dealing with complex 

datasets with a limited number of samples or highly imbalanced classes. In future work, strategies like cross-validation, 

regularization techniques, and model ensembles could be employed to mitigate overfitting and improve the generalization of the 

models. 

This study highlights the effectiveness of machine learning in predicting lung cancer severity, demonstrating that AI-driven models 

can complement traditional diagnostic methods. Future research should focus on obtaining larger, more comprehensive datasets 

and exploring advanced deep learning approaches to improve prediction performance while addressing challenges such as 

overfitting. Additionally, incorporating more diverse clinical data and further enhancing model interpretability will ensure that 

these models are applicable in real world healthcare settings. 
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