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1 |Introduction 

Despite great advancements in medicine, lung cancer still represents the most frequently occurring type of 

cancer and is the major cause of cancer-associated mortality in the world. According to GLOBOCAN, there 

were about 2.5 million cases and 1.8 million deaths from lung cancer in 2022, and the recent reports of the 

WHO still stress the problems of late diagnostics and the necessity for risk-based screening [1, 2]. Diagnostics 

is conducted according to the clinical pathway validated by medical institutions and can include such methods 

as low-dose computed tomography, imaging, biopsy, molecular testing, and the opinion of various specialists. 

A questionnaire-based machine learning model can never substitute any of these processes. 
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Questionnaire-based lung cancer datasets are widely used in machine-learning studies, yet their small size, class 

imbalance, duplicate records, and test-guided model choices can make performance appear better than it is. We 

developed Q-LungBench as a reproducible, leakage-aware framework for evaluating six classifiers on the public 

Survey Lung Cancer dataset. After exact duplicates were removed before data partitioning, 276 unique records with 

15 predictors remained. The data were divided using a stratified 80:20 development-test split. On the development 

set only, logistic regression, radial-basis-function support vector machine, random forest, gradient boosting, k-nearest 

neighbours, and Gaussian naive Bayes were tuned with five-fold stratified cross-validation. The prespecified selection 

criterion, mean balanced accuracy, identified logistic regression as the final model (0.854) before independent testing. 

On the 56-record test set, logistic regression achieved 91.07% accuracy, 94.79% balanced accuracy, 89.58% sensitivity, 

100% specificity, an F1-score of 94.51%, a Matthews correlation coefficient of 0.742, a ROC-AUC of 0.971 (95% 

bootstrap confidence interval 0.917-1.000), and a PR-AUC of 0.995. Permutation analysis highlighted allergy, 

swallowing difficulty, wheezing, coughing, and chest pain as the variables on which the fitted model relied most. The 

findings indicate that transparency in the assessment process does not necessarily mean inferiority without any fusion 

or artificial oversampling afterward. However, the limited size of negative instances and the uncertain source of the 

dataset prevent us from making any diagnosis at this point. 
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The Public Lung Cancer survey data has been widely used to compare the performance of traditional machine 

learning and deep learning approaches. In this regard, Wani et al. proposed DeepXplainer, which is based on 

a CNN-XGBoost model with SHAP explanations, achieving an accuracy of 97.43% [3]. Maurya et al. analyzed 

a few algorithms with different techniques of class balancing [4]. Pavithran et al. considered various 

combinations of augmentation methods along with classifier, where the highest accuracy of 93.55% and 

96.76% ROC-AUC was achieved using K-Means SMOTE and Multilayer Perceptron [5]. Ayad et al. 

considered Recursive Feature Elimination along with Support Vector Machines and XGBoost optimization 

in two datasets [6]. Despite their effectiveness, none of the aforementioned works are comparable. The 

handling of duplicates, data splitting, resampling, model selection, and repeated use of the test set differs from 

one pipeline to another. 

These concerns become particularly important when the dataset is small. If duplicate records are divided 

between training and testing sets, or if preprocessing and oversampling are completed before cross-validation, 

information can leak into the evaluation process. A similar problem arises when researchers inspect test results 

and then use them to choose or refine the final model. In each case, the reported performance may be overly 

optimistic. The TRIPOD+AI statement therefore calls for clear reporting of the data source, model-

development process, performance measures, and open-science materials [7]. 

Rather than proposing another complex classifier, Q-LungBench focuses on the integrity of the evaluation 

process. We make five contributions. First, exact duplicates are removed before the data are partitioned. 

Second, model development is kept separate from independent testing. Third, hyperparameters are optimized 

by cross-validation using balanced accuracy as the prespecified selection criterion. Fourth, performance is 

described with discrimination measures, class-sensitive metrics, probability error, bootstrap confidence 

intervals, and a paired model comparison. Finally, the code, figures, summary tables, and run metadata are 

released publicly. Our central question is straightforward: can a transparent conventional model remain 

competitive without post-hoc fusion or synthetic data generation? 

2 |Related Work 

Artificial-intelligence research in lung cancer now includes radiological images, electronic health records, 

molecular measurements, and questionnaire data. Imaging models can learn complex visual patterns, but they 

usually require large, carefully curated datasets and fall outside the scope of this work. Results from structured 

questionnaires are more easily analyzed and can serve for preliminary studies in methodology. Yet their actual 

performance is highly dependent on both the source of the cohort and design of the study. 

Table 1. Positioning of Q-LungBench in methodology compared to recent studies using structured data. 

Study Approach Reported result Primary emphasis 

Wani et al. [3] 
Survey Lung Cancer; CNN-

XGBoost with SHAP 

Accuracy 97.43%; sensitivity 

98.71%; F1 98.08% 

Focus on architecture 

and explainability 

Maurya et al. 

[4] 

Comparative ML with class 

balancing 
Multiple classifiers compared 

Algorithm comparison 

with class balancing 

Pavithran et 

al. [5] 

Nine resampling methods 

with multiple classifiers and 

LIME 

Accuracy 93.55%; ROC-

AUC 96.76% 

Interaction between 

augmentation and 

classifier choice 

Ayad et al. [6] 
RFE-SVM plus Nelder-Mead 

optimized XGBoost 

Reported 100% accuracy 

across two datasets 

Feature selection and 

optimization 

Q-LungBench 

Six optimized conventional 

models; no synthetic 

oversampling 

Independent-test ROC-AUC 

0.971; balanced accuracy 

0.948 

Leakage control and 

reproducibility 

 

Q-LungBench is included in Table 1 for the purposes of comparing our study against more recent research 

in terms of methodology rather than ranking. Due to differences in random splitting, duplicates removal, 



   Eassa and Abdelhafeez |SciNexuses 3 (2026) 25-34 

 

62 

sampling, validation and class imbalance in datasets, quantitative comparison would be misleading. Every 

result is considered dataset-specific. 

3 |Materials and Methods 

3.1 |Dataset and Outcome 

The data source used was the publicly available Survey Lung Cancer CSV file from an open data mirror [8]. 

Prior to cleaning, the data set had 309 observations, 15 predictors, and one binary dependent variable known 

as LUNG CANCER. The predictors included gender, age, smoker, yellow fingers, anxiety, peer pressure, 

chronic disease, fatigue, allergy, wheezing, alcohol consuming, coughing, shortness of breath, swallowing, and 

chest pain. We encoded the positive class as 1 and the negative class as 0. Because the dataset contains 

questionnaire responses rather than verified imaging, pathology, stage, or longitudinal outcomes, we treat the 

outcome as a benchmark label rather than a clinically confirmed diagnosis. 

Table 2. Dataset and partition profile. 

Characteristic Value 

Raw records 309 

Exact duplicates removed 33 

Unique records analysed 276 

Positive class 238 (86.23%) 

Negative class 38 (13.77%) 

Predictors 15 

Development set 220 records 

Independent test set 56 records (48 positive, 8 negative) 

 

 
Figure 1. Class distribution after exact duplicate records were removed. 

3.2 |Preprocessing and Leakage Control 

We first standardized the column names and converted the target to binary form. Gender was encoded as 

male=1 and female=0, while questionnaire items originally coded as 1 and 2 were recoded as 0 and 1. Exact 

duplicate rows were then removed before any data split. Using random state 42, we divided the remaining 

records by stratified sampling into an 80% development set and a 20% independent test set. The test data 

were kept out of hyperparameter tuning and model ranking. Within each modelling pipeline, age was median-

imputed and standardized, whereas the binary variables were imputed with their most frequent value. No 
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values were missing in the analysed file, so the imputation steps served only to make the workflow robust and 

reproducible. 

We did not apply synthetic oversampling. Logistic regression, RBF-SVM, and random forest were fitted with 

balanced class weights; the other models used their stated native configurations. This choice avoided creating 

synthetic observations from a small dataset whose original clinical provenance is not fully documented. 

3.3 |Candidate Models and Optimization 

We compared six classifiers: logistic regression, an RBF support vector machine, random forest, gradient 

boosting, k-nearest neighbours, and Gaussian naive Bayes. Together, they represent linear, kernel-based, 

bagging, boosting, instance-based, and probabilistic approaches [9-13]. Hyperparameters were tuned through 

grid search with five-fold stratified cross-validation on the development set. Mean balanced accuracy was 

chosen in advance as the refit and model-selection criterion because ordinary accuracy can hide poor 

performance in the smaller negative class. We also recorded ROC-AUC, PR-AUC, and F1-score during cross-

validation. Once selected, the final model was fixed before the independent test set was evaluated. 

Table 3. Five-fold cross-validation model-selection results on the development set. 

Model Bal. acc. ROC-AUC F1 PR-AUC 

LR 0.854 ± 0.073 0.910 0.920 0.985 

SVM 0.843 ± 0.067 0.924 0.907 0.988 

RF 0.779 ± 0.083 0.921 0.948 0.987 

GB 0.765 ± 0.083 0.826 0.948 0.958 

KNN 0.735 ± 0.046 0.771 0.931 0.938 

GNB 0.721 ± 0.107 0.874 0.932 0.978 

 

The selected settings were: logistic regression, C=0.01; RBF-SVM, C=1 and gamma=0.01; random forest, 

unlimited depth, a minimum leaf size of 2, and 400 trees; gradient boosting, a learning rate of 0.1, a maximum 

depth of 2, and 200 trees; k-nearest neighbours, k=3 with distance weighting; and Gaussian naive Bayes, 

variance smoothing of 1e-11. 

3.4 |Evaluation and Statistical Analysis 

Performance on the independent test set was assessed with accuracy, balanced accuracy, sensitivity, specificity, 

precision, F1-score, Matthews correlation coefficient, ROC-AUC, PR-AUC, and Brier score. We estimated 

95% confidence intervals for ROC-AUC with 1,000 nonparametric bootstrap resamples [14-17]. ROC and 

precision-recall curves were produced for all six models. To compare the two highest-ranked models from 

cross-validation on the same test cases, we used the exact McNemar test [18]. We also calculated model-

agnostic permutation importance for the selected model by measuring the loss in balanced accuracy after 100 

permutations of each feature. These are the importance scores of how dependent the model is on that 

particular variable for this sample; they do not imply any causality. 

3.5 |Reproducibility and Open Science 

The analysis was coded using Python with scikit-learn [19]. Q-LungBench provides the source code, a Google 

Colab notebook, dependency files, tables and figures, run information, and citations [20]. In order to prevent 

re-distribution of the record level data, the repository accesses the public CSV upon execution of the code or 

asks the user to provide it manually. A fixed random state, saved split indices in the experiment archive, and 

tables of results allow for reproduction of the reported analysis. 
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4 |Results 

4.1 |Cross-validation Model Selection 

For the purpose of selection prior to analyzing the test data set, logistic regression yielded the highest mean 

balanced accuracy through cross-validation (0.854 ± 0.073). Next in terms of balanced accuracy was RBF-

SVM (0.843 ± 0.067) while also achieving the highest ROC-AUC (0.924) during cross-validation. The random 

forest algorithm and gradient boosting yielded high F1 scores but low balanced accuracy, which means that 

they were better at dealing with the predominant class. 

4.2 |Independent-test Performance 

Table 4. Classification performance on the independent test set (all values are proportions). 

Model Acc. Bal. Acc. Sens. Spec. F1 

LR 0.911 0.948 0.896 1.000 0.945 

SVM 0.875 0.927 0.854 1.000 0.921 

RF 0.929 0.854 0.958 0.750 0.958 

KNN 0.929 0.854 0.958 0.750 0.958 

GNB 0.893 0.729 0.958 0.500 0.939 

GB 0.875 0.719 0.938 0.500 0.928 

 

Table 5. Discrimination and probability error on the independent test set. 

Model MCC ROC-AUC (95% CI) PR-AUC Brier 

LR 0.742 0.971 (0.917-1.000) 0.995 0.191 

SVM 0.675 0.977 (0.932-1.000) 0.996 0.051 

RF 0.708 0.966 (0.917-1.000) 0.995 0.059 

KNN 0.708 0.898 (0.743-0.998) 0.972 0.069 

GNB 0.519 0.953 (0.889-0.997) 0.993 0.075 

GB 0.463 0.906 (0.793-0.987) 0.984 0.089 

 

The selected logistic-regression model correctly classified 51 of the 56 test records. It made no false-positive 

predictions among the eight negative cases and correctly identified 43 of the 48 positive cases, leaving five 

false negatives. This corresponded to 91.07% accuracy, 94.79% balanced accuracy, 89.58% sensitivity, 100% 

specificity, 100% precision, an F1-score of 94.51%, and an MCC of 0.742. The ROC-AUC was 0.971 (95% 

bootstrap CI 0.917-1.000), and the PR-AUC was 0.995. The apparently perfect specificity should be read 

cautiously, because it is based on only eight negative test records. 

Random forest and k-nearest neighbours both reached a slightly higher raw accuracy of 92.86%. However, 

each model misclassified two of the eight negative cases, which reduced specificity to 75% and balanced 

accuracy to 85.42%. RBF-SVM achieved the highest ROC-AUC (0.977) and the lowest Brier score (0.051), 

although its sensitivity was lower than that of logistic regression. This pattern shows why the model-selection 

rule should be defined on the development data rather than choosing whichever model happens to have the 

most attractive test-set metric. 
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Figure 2. Receiver operating characteristic curves for the independent test set. 

 
Figure 3. Precision-recall curves for the independent test set. 

 
Figure 4. Confusion matrix for the logistic-regression model selected by cross-validation. 
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4.3 |Statistical Comparison and Variable Importance 

In the McNemar Exact Test, logistic regression was able to correctly identify only two cases, while RBF-SVM 

failed to correctly identify them; conversely, RBF-SVM was unable to correctly identify any case that logistic 

regression could not. This resulted in a p-value of 0.500, and with such few numbers, no statistically reliable 

differences exist. Permutation importance identified allergy (0.102), swallowing difficulty (0.091), wheezing 

(0.080), coughing (0.078), chest pain (0.071), yellow fingers (0.060), alcohol consumption (0.051), and fatigue 

(0.040) as the variables associated with the largest mean decreases in balanced accuracy. These estimates came 

from only 56 test cases, and several questionnaire variables may be correlated. The ranking should therefore 

be understood as a description of this model's behaviour in this sample, not as evidence that these variables 

cause lung cancer. 

 
Figure 5. Permutation importance for the selected logistic-regression pipeline. 

5 |Discussion 

Q-LungBench shows that a conventional regularized logistic-regression model can discriminate questionnaire 

labels well when model development and testing are kept strictly separate. Without synthetic oversampling, 

deep neural networks, feature fusion, or post-hoc model selection, the chosen model reached a test ROC-

AUC of 0.971 and a balanced accuracy of 0.948. However, one cannot consider this as evidence of the overall 

superiority of the logistic regression. This is just an example of how a well-defined baseline can hold up against 

a small and structured dataset. 

It is worth noting that the performance is consistent with other recent research works that relied on the 

Survey Lung Cancer dataset. According to DeepXplainer, the accuracy of CNN-XGBoost architecture was 

97.43% [3]. Pavithran et al. managed to reach 93.55% accuracy and 96.76% AUC with the help of K-Means 

SMOTE + MLP [5]. Q-LungBench showed somewhat worse raw accuracy compared to DeepXplainer but 

comparable AUC to the augmentation-based baseline. Yet, the comparison of their numerical values would 

be meaningless due to the fact that different datasets were considered by each of them. Thus, the value of Q-

LungBench does not lie in state-of-the-art accuracy. 
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However, the distinction between ordinary accuracy and balanced accuracy was not insignificant in this case. 

Although random forest and k-nearest neighbours were the two most accurate models on test data, they also 

produced the greatest number of errors in the negative class. Either of these models would be considered the 

winner after seeing the results from test data. However, the winner chosen based on the balanced accuracy 

calculated on the development data was the logistic regression, which stayed the winner after being evaluated 

on test data. Moreover, RBF-SVM also achieved slightly better ROC-AUC value on test data as well as 

significantly lower Brier score, but only after the model selection process was over. 

Allergy, swallowing difficulty, wheezing, coughing, chest pain, yellow fingers, alcohol consumption, and 

fatigue received the largest permutation-importance scores. Several of these variables are plausible symptoms 

or exposure-related correlates, but an association in a questionnaire dataset is not the same as etiological 

importance. Smoking, for example, received a relatively small score. This is more likely to reflect the 

composition of the sample, correlation between predictors, the coding scheme, and the benchmark label than 

any challenge to the established causal relationship between smoking and lung cancer. Familiar clinical terms 

do not, by themselves, turn a convenience dataset into a validated medical instrument. 

We deliberately did not add fusion or more aggressive optimization after seeing the independent-test results. 

Building an ensemble in response to those results would allow the test data to influence model development 

and would no longer leave them as an untouched evaluation set. Any future ensemble, calibration method, or 

feature-selection procedure should be specified before a new external cohort is examined. Alternatively, it 

could be assessed through repeated nested cross-validation. 

5.1 |Limitations 

Some important limitations in the current study include the sample size; after the removal of duplicates, there 

were only 276 observations left, among which 38 were labeled as negatives, and the test set included only 

eight negatives. Therefore, the confidence intervals become large, and the paired statistical tests become 

underpowered. Moreover, there is very poor documentation in the dataset with regard to recruitment, case 

confirmation, the setting of the study, missing data mechanisms, and the eligibility criteria. Apart from exact 

duplicates, we cannot exclude the possibility that some of the observations may come from the same patients. 

Another limitation includes the higher prevalence of positive labels compared to what would normally be 

observed in a general screening population. There is no other dataset to assess any of the factors. 

5.2 |Practical Implications 

Q-LungBench is meant to be an educational tool and a benchmarking exercise. It serves as a useful case study 

that could be used to illustrate concepts of data leakage, class imbalance, model selection, and reproducible 

reporting. Q-LungBench should never be used to provide comfort, diagnosis, screening, or triage for any 

individual patient. For a clinically relevant follow-up study, there should be prospective eligibility criteria, 

confirmed outcome, representative enrollment, external validation, formal calibration, decision-curve analysis, 

and comparison to other screening methods. 

6 |Conclusion 

Q-LungBench provides a reproducible, leakage-aware comparison of six machine-learning models for 

questionnaire-based lung cancer risk classification. After exact duplicate removal and cross-validated model 

selection, logistic regression achieved 94.79% balanced accuracy and an ROC-AUC of 0.971 on the 

independent test set. The study illustrates that careful separation of development and evaluation, together 

with complete reporting, can be more informative than adding complexity after the results are known. 

Although the performance is useful as a methodological benchmark, it is not sufficient to support clinical use. 

The next essential step is external validation in large, representative cohorts with diagnostically verified 

outcomes. 
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