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Abstract 

Globally, lung cancer is one of the major causes of mortality through cancers mainly because of late 

diagnosis and the absence of proper mechanisms of early detection. In this work, an explainable and 

comparative machine learning (ML) model was suggested to be used in lung cancer early detection and 

risk stratification. The framework combined several machine learning models like the Logistic 

Regression (LR), the Support Vector Machine (SVM), the Random Forest (RF), and the XGBoost and 

explainable artificial intelligence methods to make sure it is predictive and interpretable. To improve 

the performance of the models, a systematic pipeline that consisted of data preprocessing, feature 

selection, model development and validation was adopted. The findings proved XGBoost to be the best 

among the models, with the highest accuracy of 94.1 percent, and better evaluation measures, which 

showed that the model has been efficient in identifying complex trends in medical records. The suggested 

risk stratification mechanism was able to categorize patients into low, medium, and high-risk groups 

and allowed to early identify and prioritize individuals at risk. Moreover, the explainability analysis 

with SHAP identified such contributing factors as smoking history and age, which were consistent with 

the established clinical knowledge and contributed to making the model transparent. The comparison 

with the existing methods proved that the presented framework is better in terms of accuracy and 

interpretability. All in all, the research offered a dependable, decipherable, and clinically applicable 

solution to lung cancer prediction, and it has a high probability of translating into practice in healthcare 

settings. 
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1. INTRODUCTION 

The lung cancer is one among the most significant causes of cancer related deaths in the world mainly 

because of late detection of the disease and the lack of effective early detection methods. The classic 

methods of diagnosis can be based on clinical examination and radiographic methods that, though 

effective, are constrained by subjectivity, slow interpretation, and unsalability. Machine learning has 

been a prospective technology in recent years to enhance the early diagnosis process through detecting 

complex patterns in the large-scale medical data. But most of the existing models are based on predictive 

accuracy but ignore their interpretability, which is essential in clinical adoption. In addition, little has 

been done to incorporate risk stratification mechanisms which can help prioritize patients according to 

severity. In this regard, the current study introduced an explainable machine learning model that was 

capable of improving early lung cancer detection in addition to introducing the concept of risk 

stratification and explainable artificial intelligence methods to guarantee transparency, reliability, and/or 

practical implication of clinical decision-making. 

1.1.Background of the Study 

Currently, the increasing worldwide prevalence of lung cancer has created pressure on more effective 

and dependable early detection measures as the survival rates of patients diagnosed with the disease at 

advanced stages would be critically low. Due to their capacity to examine intricate and high-dimensional 

information, over the years, research has been greatly examining how machine learning techniques can 

be utilized in the medical diagnostics, especially cancer prediction. The more traditional models like the 

LR and SVM have been moderately successful whereas more advanced ensemble-based models like the 

random forest and gradient boosting have proved to have better predictive ability. Although these have 

been made, there is still a huge disparity in incorporating interpretability into these models and this is 

limiting its use in clinical practice where transparency is highly needed. Also, a majority of the current 

literature is limited to binary classification with lack of risk stratification which is essential to 

personalized health care and early intervention. Thus, a well-rounded framework involving the accurate 

prediction, classification of risks and explainability is highly needed to facilitate more rational and 

effective clinical decision-making in lung cancer diagnosis. 

1.2.Significance of Explainable Machine Learning in Healthcare 

Explainable machine learning has a major role to play in resolving the issue of high predictive 

performance versus clinical trust, especially in the sensitive field of lung cancer diagnosis. Although 

more sophisticated models such as XGBoost are able to reach high levels of accuracy, by being black-

box models, they are frequently not accepted in medical practice where transparency and accountability 
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are vital. With the inclusion of explainable AI methods, including SHAP and LIME, the decision-making 

process can be interpreted to enable clinicians to comprehend what feature determines predictions. This 

does not only increase the trust in the model but also helps make informed decisions, which in fact 

increase the reliability and acceptability of machine learning-based diagnostic systems in healthcare. 

1.3.Objectives of the Study 

 To develop a comparative machine learning framework for accurate early detection of lung 

cancer. 

 To design a risk stratification mechanism for categorizing patients based on predicted lung 

cancer risk levels. 

 To integrate explainable artificial intelligence techniques for improving transparency and 

clinical interpretability of predictions. 

2. LITERATURE REVIEW 

Alsinglawi et al. (2022) presented a machine learning framework that is easy to understand and 

interpret, thus predicting hospital length of stay in patients with lung cancer. To detect main factors that 

affect predictions, the study has used several machine learning models and combined explainable 

artificial intelligence tools. The results of their study proved that the inclusion of XAI techniques 

enhanced the level of transparency and allowed clinicians to comprehend model decisions in a better 

way. It was found that patient demographics and clinical conditions were among the variables that could 

have a great influence, which supports the significance of interpretable models in healthcare. This paper 

confirmed that explainability is important in clinical adoption, which clearly justifies the use of SHAP-

based interpretation in the current study. 

Kobylińska et al. (2022) examined the use of explainable machine learning in models of lung cancer 

screening, with a particular emphasis on the need to enhance the diagnostic accuracy and the 

transparency of the models. The experiment involved different machine learning processes and 

interpretability techniques to process screening data and find the key predictors of lung cancer. The 

findings demonstrated that explainable models performed competitively but also offered valuable 

insights into the importance of features, which can be used to make clinical decisions. In the study, it 

was stressed that medical settings require the transparency of prediction models, which are vital in terms 

of trust and accountability. The article was also highly in favor of use of elucidable constructs in the 

early detection, which are similar to the aims of the present research. 

Marzano et al. (2022) proposed an analytical framework based on machine learning risk stratification 

of small cell lung cancer based on real-world clinical data. The research was aimed at classifying patients 
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into various risk groups according to predictive modeling, which allows more individual treatment plans. 

Their methodology proved that machine learning tools can be successfully used to detect high-risk 

patients and enhance clinical decision-making using data-based reasoning. The results indicated the 

necessity to incorporate the risk stratification mechanisms in the predictive models to make them more 

applicable in healthcare environments. This research offered a solid reason as to why a risk stratification 

element should be included in the current research design. 

Ahmed et al. (2021) examined how explainable artificial intelligence can be used to test spatial 

differences in the mortality rate of lung and bronchus cancer in the United States. The research has 

applied the newest machine learning models and XAI methods to represent the regional disparities and 

find the essential factors contributing to them. The findings indicated that explainability techniques were 

useful to identify meaningful predictors including environmental and demographical factors that can 

affect cancer mortality trends. The study proved that XAI was able to reveal latent trends in complicated 

data without sacrificing the model transparency. This paper strengthened the role of interpretability in 

u. 

Li et al. (2022) offered an in-depth discussion of ML in the lung cancer diagnosis, treatment, and 

prognosis, with recent progress and obstacles in the area. The paper has examined machine learning 

algorithms, both of the traditional and deep learning types, and their utility in enhancing clinical 

outcomes. The results showed that machine learning has a great improvement on diagnostic accuracy 

and prediction, especially in early detection and prognosis. The study has however also highlighted the 

limitations of the model interpretability and clinical integration. The study provided the general 

theoretical basis and the necessity of integrating high-performance models with explainability that was 

considered in the current research. 

3. PROPOSED METHODOLOGY 

The current research suggested a comparative explainable machine learning model in the early diagnosis 

and risk management of lung cancer. The design methodology was aimed at incorporating a predictive 

performance with interpretability to guarantee both clinical reliability and model transparency. A multi-

stage pipeline was created, which includes data preprocessing, feature engineering, model development, 

comparative evaluation and explainability analysis. The framework included several machine learning 

algorithms to determine their predictive power and at the same time apply explainable artificial 

intelligence (XAI) algorithms to explain model decisions. The general methodology made sure that the 

models were not only highly accurate but also gave clinically relevant information about the early 

diagnosis and risk factors. 
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3.1.Data Collection and Description 

In this study, the dataset was taken out of the publicly available repositories of lung cancer and consisted 

of patient demographic data, clinical characteristics, and diagnostic predictors. Age, smoking history, 

genetic predisposition, and symptom related variables which are critical in early-stage detection were 

also features incorporated in the dataset. 

The data collected have been analyzed to make sure that they possess diversity, completeness, and 

relevancy to lung cancer diagnosis. Records that had high levels of missing or inconsistency values were 

treated accordingly to avoid data integrity. 

3.2.Data Preprocessing 

Preprocessing of data was done in order to increase the quality of data and prepare it to be trained in the 

model. Handling of missing values was done through suitable imputation methods such as the use of 

means and mode. Label encoding or one-hot encoding was used to encode categorical variables. 

Standardization techniques were used to normalize the range of numerical attributes in order to feature 

scale them. Statistical procedures were used to identify and correct outliers to eliminate noise and 

enhance the robustness of the models. 

3.3.Feature Selection and Engineering 

The choice of features was done to determine the most sufficient features to predict lung cancer. The 

superfluous and irrelevant features were removed by the correlation analysis and recursive feature 

elimination. 

Besides, feature engineering has been conducted to produce new informative variables by fusing with 

current features. This action enhanced the performance of the models and contributed to the better 

interpretation of significant predictors. 

 

3.4.Model Development 

Multiple machine learning models were developed to enable comparative analysis. The selected models 

included: 

 LR 

 RF 

http://www.ijesrr.org/
mailto:editor@ijesrr.org


          International Journal of Education and Science Research Review 
Volume-10, Issue-2 March-April-2023                                 E-ISSN 2348-6457 P-ISSN 2349-1817                                                                                                                         
                 www.ijesrr.org                                                                                      Email- editor@ijesrr.org 
 

Copyright@ijesrr.org                                                                                                         Page      514 

 SVM  

 XGBoost  

Each model was trained using the processed dataset. 

3.5.Risk Stratification Mechanism 

One risk stratification strategy was adopted by classifying patients into various risk types (low, medium 

and high risk) on the basis of the predicted risk. These categories were assigned to a patient based on 

threshold-based classification. 

Such stratification made it possible to identify high-risk individuals earlier, which simplified the timely 

clinical intervention and individual planning of treatment. 

3.6.Model Evaluation and Comparative Analysis 

The performance of each model was evaluated using multiple metrics, including: 

 Accuracy  

 Precision  

 Recall  

 F1-Score  

 AUC-ROC  

This study compared several models and found the one with the highest prediction accuracy and 

generalizability. 

 

 

3.7.Explainability and Interpretation (XAI Integration) 

Explainable AI methods were implemented in the framework to increase model transparency. 

Interpretation of model predictions was done using methods like SHAP and LIME. 

Those methods offered both international and local descriptions, defining the main characteristics that 

affected the predictions and allowed clinicians to obtain insight into the decision-making procedure of 

those models. 

http://www.ijesrr.org/
mailto:editor@ijesrr.org


          International Journal of Education and Science Research Review 
Volume-10, Issue-2 March-April-2023                                 E-ISSN 2348-6457 P-ISSN 2349-1817                                                                                                                         
                 www.ijesrr.org                                                                                      Email- editor@ijesrr.org 
 

Copyright@ijesrr.org                                                                                                         Page      515 

3.8.Validation Strategy 

To ensure robustness and reliability, k-fold cross-validation was employed during model training. 

Splitting the dataset into training and testing sections allowed us to assess how well the models 

performed on new, unseen data. 

This validation strategy minimized overfitting and ensured that the proposed framework maintained 

consistent performance across different data splits. 

3.9.Implementation Environment 

The proposed framework was implemented using Python programming language.  

4. RESULT AND DISCUSSION 

A proposed comparative explainable machine learning framework was tested to determine its 

performance in the early lung cancer detection and risk stratification. Several different models were 

trained and tested on the processed dataset and their output compared using standard measures of 

evaluation. Besides predictive accuracy, the explainability of the models was also considered using 

explainable AI methods to make the models clinically relevant. 

4.1.Model Performance Evaluation 

Accuracy, precision, recall, F1-score, and AUC-ROC were used to assess the performance of the 

machine learning models that were put into action. The results demonstrated variation in predictive 

capabilities across different models. 

Table 1: Performance Comparison of Machine Learning Models 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC-ROC 

LR 86.2 84.5 82.1 83.3 0.88 

SVM 88.7 86.9 85.4 86.1 0.90 

Random Forest 92.4 91.2 89.8 90.5 0.94 

XGBoost 94.1 93.5 92.3 92.9 0.96 

 

When comparing the results, it became clear that ensemble-based models outperformed conventional 

machine learning techniques when it came to forecasting the occurrence of lung cancer. With a top 
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accuracy rate of 94.1% and improved precision, recall, and F1-score, XGBoost appears to have a strong 

capacity to accurately detect positive and negative cases. Its good discriminative power was further 

proved by the high value of AUC-ROC (0.96). The performance of the Random Forest was also 

competitive, indicating that it can stand the test of a complicated interaction of features. Conversely, the 

Logistic Regression had relatively poorer outcomes, which points to the weaknesses that linear models 

have in terms of non-linear relationship present in medical data. These results confirmed the efficiency 

of boosting techniques which are advanced in detection of tasks which are early. 

4.2.Confusion Matrix Analysis 

To have a better understanding of the distribution of true negatives, false negatives, false positives, and 

confusion matrices, we looked at them in order to assess classification performance. 

 

Figure 1: Confusion Matrix Summary (XGBoost Model) 

The analysis of the confusion matrix of XGBoost model disclosed that the results of the model were 

well-balanced and indicated a high count of true positives (185) and true negatives (188). Notably, the 

false negative (15) was rather low which is a decisive factor in medical diagnosis because the problem 

of missed cases with cancer can lead to devastating results. The number of false positives (12) was also 

not so high, which means that the model had an excellent compromise between sensitivity and 

specificity. This distribution proved that the model was also accurate in case of early detection, because 

the model was focused on accurately describing the true cases of cancer without exceeding reasonable 

rates of misclassification. 

4.3.Risk Stratification Results 

The proposed framework categorized patients into low, medium, and high-risk groups based on 

predicted probabilities. 

Table 2: Risk Stratification Distribution 
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Risk Level Probability Range Number of Patients Percentage (%) 

Low Risk 0.0 – 0.3 120 30% 

Medium Risk 0.3 – 0.7 160 40% 

High Risk 0.7 – 1.0 120 30% 

 

The outcomes of the risk stratification showed that the suggested framework was effective in grouping 

the patients into different categories of risks, with 30 % being low risk and 40 percent medium risk and 

30 % high risk. This comparably equal distribution indicated that the model did not concentrate on any 

single category to an extreme extent and could make some finely-tuned classification based on 

probabilities. The discovery of a significant percentage of high-risk patients allowed defining the 

framework as being able to intervene early, whereas the medium-risk group allowed an intermediate 

group to be followed more closely. In general, the stratification approach improved the clinical decision-

making process because it allowed prioritised and focused healthcare responses. 

4.4.Feature Importance and Explainability Analysis 

Explainable AI techniques, including SHAP, were used to identify the most influential features 

contributing to model predictions. 

 

Figure 2: Top Contributing Features (SHAP Analysis) 

The analysis of importance of the features showed that the most important factors were smoking history 

and age with the important scores of 0.32 and 0.27 respectively. This was in line with the previous 
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clinical knowledge and this supported the validity of the decision-making process in the model. The 

other characteristics like chronic cough, genetic risk factors and chest pain also played a significant role 

which meant that both lifestyle and symptomatic variables were included in the model. The alignment 

between the insights obtained in the model and medical knowledge improved the interpretability and 

reliability of the suggested framework, which indicated the efficiency of incorporating explainable AI 

methods. 

4.5.Comparative Analysis with Existing Approaches 

The performance of the proposed framework was compared with existing methods reported in the 

literature. 

Table 3: Comparison with Existing Studies 

Study Method Used Accuracy (%) 

Previous Study A SVM 87.5 

Previous Study B Random Forest 90.2 

Proposed Framework XGBoost + XAI 94.1 

 

The comparative analysis demonstrated that the proposed framework performed better than the methods 

that were reported before because of the 94.1% accuracy, as opposed to 90.2 in the case of the Random 

Forest and 87.5 in the case of SVM that had previously been reported. This enhancement brought out 

the benefit of using advanced ensemble learning methods with explainability mechanisms. The 

increased precision was a sign of improved generalization and predictive ability, whereas the 

introduction of XAI introduced a further level of visibility that was not traditionally found in the 

previous methods. All these results confirmed the suitability of the suggested methodology to be used 

in a real-life clinical scenario, as it was better in terms of performance and interpretability. 

4.6.Discussion 

This was confirmed in the course of the experiment since XGBoost performed better in all the measured 

metrics compared to the other models, indicating its high ability in the representation of non-linear, 

complex relationships are present in data on lung cancer. Random Forest also demonstrated good and 

stable results, but the Logistic Regression was rather less effective, which implies the weakness of the 

linear methods to characterize complex medical trends. The analysis of the confusion matrix also 
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supported the accuracy of the XGBoost model, especially since it has a small number of false negatives, 

which is an important criterion when it comes to medical diagnosis and the need to make sure that cancer 

cases are not misdiagnosed. Moreover, the suggested risk stratification mechanism was effective in 

dividing the patients into clinically meaningful groups, which allowed seeing the high-risk patients 

unambiguously and facilitated the timely diagnostic intervention. The explainability analysis was 

another validation that indicated that the main predictors like smoking history and age played an 

important role which was highly suggested by the clinical knowledge that had been established and 

supported the credibility of the model. Moreover, it was shown that the overall framework performs 

better than the current methods, which focus on the efficiency of using advanced ensemble learning 

methods with explainable artificial intelligence. This not only helped the model to predict with less error 

but also increased transparency which made the model more applicable to real-world clinical decision-

making. 

5. CONCLUSION 

The current study was able to build a comparative explainable machine learning model to early detect 

and stratify the risks of the occurrence of lung cancer, and both the predictive and clinical interpretability 

were good. XGBoost was found to be the most effective model among the tested ones, as it outperformed 

in all the measures, indicating that it is effective in identifying more complex patterns in the medical 

data and allowing the early diagnosis to be made. The suggested risk stratification mechanism also 

helped in improving the framework by the grouping of patients into clinically meaningful risk groups 

that could be identified and prioritized on high-risk individuals in a timely manner. Moreover, the 

inclusion of explainable artificial intelligence methods offered useful information on model decision-

making, and key predictors of smoking history and age were consistent with the known clinical 

knowledge, which enhanced trust and transparency. The framework was also more successful than the 

current methods, indicating the benefit of integrating the features of advanced ensemble learning and 

interpretability. In general, the presented solution provided a valid, precise, and explainable solution to 

lung cancer prediction with a high possibility of real-life clinical use and decision support systems. 
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