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Abstract 

     Lung cancer is the primary cause of cancer-related deaths globally, and it is 

vital to be able to identify and assess patients' risk early and accurately to enhance 

patient outcomes. There are many currently available studies that use imaging data but 

many of these are impractical because they are expensive, have limited availability, or 

require a significant amount of computing power. To help overcome these, in this work, 

a non-imaging machine learning framework to predict lung cancer is proposed based 

on structured clinical and behavioral attributes obtained from the Kaggle Sanjoli02 

dataset.  The proposed framework contains a complete preprocessing pipeline which 

includes data cleaning, categorical encoding, correlation-based feature engineering, 

feature standardization, dimensionality reduction using PCA, and class imbalance 

handling by Adaptive Synthetic Sampling (ADASYN). A selection of multiple machine 

learning classifiers was tested and the best heterogeneous learners; KNN, Random 

Forest (RF), Gradient Boosting (GB) and Extreme Gradient Boosting (XGB), were used 

to create a two-layer stacking ensemble with Gaussian Naïve Bayes (GNB) as the meta-

learner.  Experimental outcomes illustrate that the suggested framework can consistently 

enhance the predictive performance for each of the classifiers and achieves an accuracy 

of 99.58% with 10-fold cross validation. The stacking ensemble achieved a performance 

of 3.16% better than the best reported benchmark on the same dataset, resulting in better 

generalization ability and a lower number of classification errors. The findings reveal 

that the ensemble modeling framework by heterogeneous classifiers with imbalance 

awareness achieves better complementary decision patterns than the single classifiers, 

which are not fully exploited by the other classifiers.  

     Keywords: Lung cancer, ADASYN, PCA, Stacking Ensemble Learning, Machine 
Learning. 
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1      Introduction 

Lung cancer is among the toughest health issues which mankind is facing in the 

contemporary world. It is considered as one of the most aggressive and complicated 

malignancies and the major cause of the death of cancer patients of both sexes all over the 

world [1, 2]. According to the recent epidemiological statistics, millions of new cases are 

being diagnosed every year worldwide, which takes up about a fifth of all cancer deaths a 

death toll that is more than the total mortality of colon, breast and prostate cancers 

combined. It is a depressing fact that entrenches lung cancer as the deadliest oncological 

tax in a global context [1], [3–6]. The great threat of this disease is due to a complex 

combination of biological, clinical, and environmental causes that make the disease silent 

at its initial stages, and thus it is difficult to detect it in its initial stages when the disease 

has already progressed. Diagnosis is in most cases done at a very late stage where the 

cancer has a very limited treatment modalities and prognosis remains very low. The 

difference in survival rates is severe: the five-year survival rate at the advanced stages 

usually does not go above 6, but the early-stage diagnosis can increase the above-

mentioned rate significantly, reaching 58-70. These numbers highlight the crucial impact 

of early diagnosis on the better patient results and reducing the load and strain of this cancer 

on the worldwide population [1]. 

Lung cancer is usually founded on the uncommon expansion of epithelial cells in the 

bronchi and bronchioles, which gradually erode the pulmonary gas exchange though it is 

not always clinically noticeable until much later when respiratory symptoms are 

manifested [7, 8]. Radiographically it often appears in the form of solitary or multiple 

nodules of 3-30 mm diameter in the lungs, that are highly heterogeneous in terms of 

morphology, margin definition, density, and distribution [3, 9]. Despite the fact that about 

95 percent of these nodules are harmless, the likelihood of malignancy rises drastically 

with the size of the nodules especially those that are over 30 mm of diameter [1, 10]. The 

complexity of the diagnosis is also increased due to the juxtaposition of nodules to the 

pleural surfaces or a large vessel or due to the presence of inflammatory changes or pleural 

effusion, which all further increase the danger of radiological oversight or misclassification 

[3, 9, 10]. 

Cigarette smoking is still the most common etiological cause of disease burden with a large 

body of epidemiological information suggesting that 8090 per cent of the deaths that are 

related to lung cancer in the United States can be attributed directly to tobacco exposure 

[4, 6]. However, significant risk still exists in non-smokers who might acquire the disease 

after being exposed to second hand smokes, radon gases, industrial pollutants or inherit 

genetic vulnerabilities- which underscores the multifactorial and complex nature of lung 

carcinogenesis [4, 6, 8]. 

In the context of the rapid progress occur in artificial intelligence (AI) fields and especially 

machine learning (ML), more developed algorithms nowadays have been created, allowing 

early risk stratification of lung cancer when no imaging, only structured clinical and 

behavioral data, such as smoking history, sex, and age, respiratory symptoms, and 

psychosocial indicators, are given [6, 7]. Recent experience has shown that models that are 

trained on these features can attain high predictive accuracy, which points to the prospects 

of AI-based methods to augment conventional diagnostics, especially in resource-

constrained environments. The incorporation of non-imaging data into the predictive 

algorithms highlights the radical importance of AI in boosting the early diagnoses, the 

direction of the specific intervention, and, ultimately, the patient outcome [8]. 
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Although machine learning has made encouraging progress in the field of lung cancer 

prognosis, literature has significant weaknesses. Most of the existing studies have focused 

on radiomics and image-related analysis, neglecting the usefulness of easily accessible 

clinical and behavioral biomarkers in accessible and primary screening in low-resource 

settings. Moreover, when tabular health data are used, the studies often do not properly 

deal with the inherently present class imbalance among medical datasets, with positive 

cancer cases by far outnumbering benign cases; such an oversight commonly results in a 

model which favors the majority class (and thus has low sensitivity). Also, the use of 

single-classifier architectures restricts the ability to model any complex interaction 

between the non-linear interaction of heterogeneous features, thus lowering 

generalizability. There is, therefore, an urgent need to have a broad framework that will 

incorporate robust data balancing methods with advanced ensemble schemes to harness 

maximum predictive accuracy using non-imaging data alone. 

In this regard, the Lung Cancer Dataset -Sanjoli02 (Kaggle) is an effective source that 

contains numerically encoded clinical and behavioral variables such as age, gender, 

smoking status or the absence thereof, respiratory symptoms, medical history, and 

psychosocial variables. These characteristics render the dataset to be suitable in creation 

of predictive systems that is based on structured non-imaging data [11]. This data conforms 

well with research models that highlight the investigation of patterns of health using 

symptoms and lifestyle-related variables and not based on radiographic data. 

This paper, in turn, suggests a combined methodological workflow, which starts with 

stringent data cleaning and the treatment of inconsistencies, and proceeds to the 

oversampling of ADASYN to deal with the imbalance of the classes. Afterward, 

standardization of data and dimensionality reduction with PCA are used to obtain the most 

discriminative features representations. A pool of base classifiers is then deployed: KNN, 

Random Forest (RF), Logistic Regression (LR), Support Vector Machine (SVM), Gradient 

Boosting (GB), and XGBoost (XGB). The results of each are combined with a framework 

known as Stacking Ensemble. The approach of meta-learning uses complementary patterns 

among models to produce a better and stronger predictor. Finally, we will strive to create 

a high-performance imaging-free predictive model of early lung cancer risk by using only 

textual and behavioral data. This tool has great potential as an effective tool in improving 

early detection, assisting clinical decision-making, and making scalable and low-cost 

screening, especially in resource-limited or imaging-intensive environments. 

Although the predictive results reported by the machine learning models in oncology, it 

frequently suffers from some problem such as biases, imbalance issues, and high variance 

within cross-validation. In healthcare field, depending on isolated model architectures can 

introduce diagnostic risks because of the localized error patterns. Furthermore, dependence 

of conventional models on complex clinical imaging tools will limits their deployment in 

resource-constrained context. These operational and clinical gaps represent as the primary 

motivation for this work. In order to eliminate single model bias, maximize stability, and 

provide a low-cost diagnostic alternative, this study propose the combining a robust data 

balancing pipeline with a heterogeneous stacking ensemble framework using a non-

imaging data. Based on this, the methodological approach in this paper is presented, which 

aims at filling these gaps through a unified methodological workflow. It begins with 

comprehensive data cleansing and handling of inconsistencies, before using Adaptive 

Synthetic (ADASYN) sampling to tackle key class imbalances. Thereafter, the most 

discriminative representations of the data in a low-dimensional space are obtained by 

applying data standardization and PCA. A diverse set of strong base classifiers KNN, RF, 

GB and XGB, are then used. These different learners' prediction footprints are fused 
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together using a two-layer Stacking Ensemble approach, where the meta-learning layer 

learns from the complementary error patterns of the different learners to generate a very 

powerful generalize prediction. In the end, the aim of this study is to develop a high-

performance non-invasive imaging-free predictive model for early lung cancer risk based 

solely on clinical, textual and behavioral information. This framework has significant 

promise in the development of early detection of cancer, help with clinical decision making 

in real time, and provide a highly scalable, cost-effective screening tool appropriate for 

either a resource-limited or imaging-intensive environment. 

The remainder of this paper is organized as follows: Section 2 reviews the related work. 

Section 3 describes the proposed methodology, including ADASYN, PCA, and the 

Stacking Ensemble model. Section 4 exhibits the experimental results, consequence with 

scientific analysis and discussion. Section 5 handing the conclusion. Finally, section6 listed 

references used in the paper. 

2      Related Work 

The latest development of lung cancer detection and risk stratification has taken two 

complementary directions; the imaging-based computer-aided diagnosis (CAD) by the use 

of CT/HRCT scans, and the non-imaging predictive modeling by demographic, symptom-

level, clinical and laboratory characteristics. In both streams, more recent studies focus on 

three cross-cutting properties: (i) robustness and generalization in the heterogeneous 

acquisition context and with limited data; (ii) principled treatment of class imbalance, 

typical of a screening application; and (iii) interpretability, required by clinical credibility 

and adoption. 

Early pipelines based on imaging were based on modular architecture that incorporated 

segmentation, feature extraction and classical classifiers. Here, Venkatesh and Bojja 

(2020) proposed a hybrid CT-based early lung cancer detection framework that combines 

the Otsu thresholds with the PSO algorithms to improve segmentation and then Local 

Binary Pattern (LBP) features extraction and SVM classification. Applying the 

experimental set up to the reported setup, the reported method demonstrated a key 

performance indicator of accuracy of 96.55 percent and allowed transmitting diagnostic 

data securely through an IoT workflow ( ThingSpeak ). This work points to the role of the 

swarm intelligence in enhancing the quality of segmentation, and, by extension, the 

reliability of the downstream classification in the presence of a restricted representational 

capacity in highly varied radiographic phenotypes [12]. 

As the idea of deep learning has matured, a significant body of research has been devoted 

to the question of Convolutional Neural Network (CNN) architecture and the sensitivity of 

training using limited healthcare data. The article by Mitra et al. (2023) is a systematic 

empirical analysis of CNN hyperparameters on a Kaggle CT dataset, which includes 1,000 

images of adenocarcinoma, squamous cell carcinoma, and normal classes. Instead of 

expecting that additional and more regularized models will be more likely to generalize, 

they were resultantly producing a best-case 92.79 percent accuracy scale with a small four-

layer CNN using dropout. Another important conclusion is that architectural simplicity and 

judiciously selected training dynamics can be more effective on small-to-moderate 

imaging datasets, supporting the idea that reproducible ablation-based model selection 

should be used instead of architecture-escalation ad hoc [13]. 

In addition to single-model CNNs, ensemble learning has become more widespread in 

order to decrease variance and overcome inter-class similarity in visual similarity, which 
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is acute between lung cancer subtypes. Jassim et al. (2024) suggested an ensemble transfer 

learning architecture that combined EfficientNetB3, ResNet50, and ResNet101 by score-

level fusion and stacking. The model obtained a validation rate of 99.44 on a 1,000 CT 

image augmented dataset. Whereas this outcome demonstrates the practical utility of the 

use of complementary pretrained backbones, the given summary shows that region-of-

interest (ROI) segmentation was not implemented, and the scale of the dataset is still small, 

which can impact external validity in the case of application to multi-centers with varying 

acquisition regimes [14]. Silos-Sánchez et al. (2025) described a classical ensemble 

framework (RF, GB, KNN and SVM) based on a preprocessing, segmentation, and 

radiomic feature extraction pipeline using the DICOM CT images. Their ensemble, tested 

on publicly available datasets (CMB-LCA and IQ-OTH/NCCD), reached a score of over 

92% accuracy, a fact that radiomics-based ML ensembles could be also competitive and 

could be less computationally expensive with more transparent feature relationships than 

fully end-to-end deep networks [15]. 

The concept of hybrid architectures that use local detail extraction but global context 

modeling is becoming popular, especially with the addition of transformers. To address the 

issues mentioned, Faizi et al. (2025) proposed DCSwinB, a two-branch model that uses a 

CNN pathway to receive inputs through local texture and edge cues and a Swin 

Transformer pathway to model the global context, which is further improved by a Conv-

MLP module that reinforces spatial connectivity across adjacent windows. The model on 

LUNA16 and LUNA16-K scored a crucial finding of 90.96% accuracy, higher than 

transformer-only and CNN-only baselines in the mentioned comparison. This suggests that 

CNN-ViT hybrids could be more effective to represent the multi-scale discriminative 

features of nodules classification, but eventually the wider applicability in generalization 

is achieved through an assessment of unseen scanners, reconstruction kernels and 

population alterations outside the development images [16]. Moreover, HRCT-based CAD 

has investigated modular decision logic which is a combination rule-based detection with 

a lightweight classification. Prathibha and Arabi (2024) suggested a pipeline where the 

first phase is to flag malignancy with a lesion-area threshold of more than 1500 pixels and 

the second stage classifies non-cancer cases by using LBP features and KNN. They 

obtained 94% overall accuracy with 996 HRCT images, proving that interpretable modular 

pipelines can be still used to achieve strong performance with diseases that present with 

characteristic texture signature, although may be sensitive to imaging resolution and 

threshold calibration [17]. 

Survey-based and routine clinical data have been used to develop non-imaging risk 

prediction as the early-screening input is scalable. Mahmood and Abdullah (2022) trained 

a three-hidden-layers ANN on a Kaggle dataset of 668 instances of a low or high-risk using 

demographic, diagnostic, and environmental features. They have claimed 91.79% accuracy 

and they found hemoptysis, obesity, alcohol use, and genetic risk to be the factors affecting 

the prediction. Although this justifies the viability of ANN-based non-invasive risk 

stratification, binary risk framing (no intermediate category) and use of self-reported 

variables may impair clinical calibration and transportability across care environments 

[18]. Devihosur and Kumar (2023) also conducted an experiment with several ML 

classifiers (LR, GB, LGBM, SVM) on a sample that combined clinical and demographic 

characteristics and found that the RF was the most effective model with an accuracy of 97 

percent and the need to integrate sophisticated algorithms into early diagnostic systems is 

effective. This donation is a major move toward assisting the decision-making process of 

physicians and the additional identification of cancer at the advanced stages [5]. 
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The combination of serological markers and interpretable model on nodule malignancy 

discrimination and staging is a clinically orientated direction. Wei et al. (2024) constructed 

a dual-task model on a retrospective cohort of 2312 lung cancer and 653 benign nodules. 

Their model contrasting with LR malignancy used gave a significant parameter of AUC = 

0.716, whereas an XGB staging model had the parameter AUC = 0.913. The proposed 

framework indicates a pragmatic route by which routinely available biomarkers and 

clinically meaningful predictors can be used to minimize false positive outcomes and 

facilitate risk-stratified triage but the practical use remains subject to future validation and 

sensitivity to changes in prevalence in the screening population [19]. 

Expanding on non-imaging methods to identify the multiclass subtypes, Liu et al. (2025) 

introduced a non-invasive machine learning system to classify lung cancer subcategories: 

small-cell lung cancer (SCLC), squamous cell carcinoma (SCC), and adenocarcinoma 

(ADC), using 16 clinical and laboratory features that were routinely available and selected 

with the help of LASSO and Boruta algorithms. RF was the best performing of four models 

tested, and had micro-averaged AUC of 0.969 in an internal test set (n = 335) and strong 

sensitivity across subtypes (0.6670.995). The model took advantage of sex and the 

previously known tumor markers (CEA, CYFRA21-1, SCCA, NSE, ProGRP) as the most 

predictive ones and made them accessible through an open-access web calculator. 

Although the method provides a low-cost, biopsy-sparing alternative, especially useful in 

resource-constrained settings, the method is constrained by its single-center retrospective 

nature and class imbalance (70.9% ADC). The authors openly recommend multicenter 

validation to evaluate generalizability, particularly the minority subtypes [8]. 

Another prevalent theme is class imbalance mitigation and ensemble stacking particularly 

with survey-based screening data sets. Olawale-Shosanya et al. (2024) suggested a meta-

ensemble architecture of the risk prediction of lung cancer based on RF, AdaBoost and GB 

as base learners and the meta-classifier, respectively. To achieve a high diagnostic 

reliability with a Kaggle survey data (n=309) the authors applied SMOTE oversampling 

and 5-fold cross-validation to correct the imbalance in the target distribution. The model 

had 100% accuracy, precision and AUC with age (5568 years old) being the greatest risk 

predictor, smoking and respiratory symptoms. Although this could limit generalizability 

because of the use of non-clinical data, the study demonstrates the effectiveness of stacking 

ensemble technique in the early cancer stratification and clinical decision support [20]. 

Pavithran et al. (2025) performed a systematic comparison of various data augmentation 

techniques involving SMOTE variants, ADASYN and random resampling with a variety 

of machine learning classifiers to deal with class imbalances in a small dataset of lung 

cancer risk (n=309, 87.45% positive cases). Their experiments indicate that K-Means 

SMOTE combined with a Multi-Layer Perceptron (MLP) developed the optimum 

performing as: accuracy of 93.55% and AUC-ROC of 96.76%, the interpretability of the 

features obtained by the K-Means SMOTE was verified using the LIME. Although the 

findings are encouraging, the authors note that prevalence rates of the dataset are skewed 

and that its size is too small to be generalized and, therefore, their work is more of a 

methodological standard than a clinical instrument, which makes it necessary to validate it 

with a large and population-representative cohort [7]. Gote et al. (2025) also showed that 

strong predictive performance can be achieved without imaging using symptom-level 

structured features, which in concurrence with Gaussian Naive Bayes (GNB) suggested a 

hybrid of AdaBoost, GNB and ADASYN over n = 309 reached a key metric of 96.42% 

accuracy. Although the findings indicate that scalable screening tools may be made 

possible with a cautious preprocessing and ensemble design, generalizability will depend 
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upon validation in population-representative cohorts and on published-in-lieu-of-

surveying proxies known as clinically verified labels [2]. 

Lastly, explainability has gained more prominence since performance improvement is not 

enough to be adopted clinically. Wani et al. (2024) introduced DeepXplainer, a hybrid 

architecture of ConvXGB that incorporates CNN extraction features and XGBoost 

classification on the Survey Lung Cancer data, with the highest result of 97.43% accuracy 

and the inclusion of SHapley Additive exPlanations (SHAP) to yield local and global 

explanations. The present work presents the black-box barrier head-on, but the dependence 

on the data presented by the symptoms makes it clear that multimodal validation, which 

incorporates real clinical decision-making processes in which the imaging, laboratory, and 

longitudinal factors are interacting, is needed [21]. Abdalkafor and Lateef (2025) proposed 

the use of RF-guided feature selection followed by the cosine-distance KNN on the UCI 

lung cancer data (32 samples, 57 features) achieving a success rate of more than 97.4% 

using wide preprocessing. Although these studies provide a demonstration of feature-

engineering in evidence of the potential under extreme risk of data scarcity, they also 

demonstrate the ongoing issue of the broader field: attaining credible external validity and 

risk estimation out of small benchmark studies [22]. Maurya et al. (2024) compare twelve 

machine learning models using clinical lung cancer dataset contains eleven symptoms with 

two major habits. The foundlings were that the noteworthy algorithm for lung cancer early 

prediction included KNN model and Bernoulli Naive Bayes (BernoulliNB) model [23]. 

On the whole, the literature reviewed reveals that hybrid modeling, ensembles, and 

imbalance-aware training can be used to achieve high performance in imaging and non-

imaging modalities. Nevertheless, still, there exist persistent flaws in repeated external 

validation, reasonable comparability with heterogeneous data and assessment protocols, 

and meaningful interpretability in clinically relevant usage conditions. Such constraints 

encourage further research in developing lung cancer prediction systems that are able to 

jointly optimize generalization, transparency, and methodological rigor across a wide 

range of population-representative cohorts. 

. 

3     Proposed System  

In order to overcome the shortcomings of single-model methods in clinical lung 

cancer prediction, this paper presents a powerful machine learning solution, including a 

basic pre-processing of data with stacking ensemble approach. Its design is to support the 

accuracy of predicting and increasing generalization through the use of heterogeneous 

classifiers and adaptive learning processes on structured clinical data. The proposed system 

is presented in Fig 1.  
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Fig.  1: Proposed Ensemble Stacking System 

3.1      Preprocessing Stage 

Pre-processing phase is critical to the high reliability and strength of the proposed lung 

cancer prediction framework, especially due to the structured and symptoms-based 

character of the used clinical data. A systematic and multi-step pre-processing pipeline is 

taken to support the inherent data-related issues, i.e., heterogeneity of attributes, class 

imbalance, and possible redundancy. 

Data cleaning is first carried out to improve consistency of data and its integrity. This stage 

takes into account eliminating redundant records, and converting nominal features into 

numeric format that can be analyzed by machine learning algorithms. In particular, the 

attributes GENDER and LUNG_CANCER, which were initially saved as object-type 

variables are transformed into numerical values so that they can be trained effectively on 

the model while preserving their clinical relevance. 

After that, feature engineering is performed to enhance the representational ability of the 

data. The correlation matrix presented by Pearson and plotted in a heat map is used to 

determine the relationship between all the features and the most correlated features. The 

correlation between the ANXIETY and YELLOW_FINGERS features is great as shown 

in the analysis. According to this observation, a new composite attribute is created by 

summing up these two attributes and included in the dataset, which attempts to sum up 

their combined effects on lung cancer risk and increase the level of discrimination. Fig 2. 

Showed the correlation matrix heat map for lung cancer dataset. 

Once the feature has been made, the dataset is divided into training and testing parts of 

80% and 20% respectively before any scaling or oversampling is performed so  avoiding 
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data leakage.  The reason why this split ratio was selected is to be consistent with the study 

done at the baseline with the same dataset, thus allowing a fair and significant comparative 

assessment. 

Standardization of the independent variables is used in order to make them numerically 

stable and comparable across features. This will standardize every feature by calculating 

the mean of every feature and then dividing it by the standard deviation of the feature based 

on the standardization formula Eq.(1). 

𝑍 =
𝑥 − 𝜇

𝜎
 . . . . . . . . . . . . . . . . . . . . . (1) 

where (𝜇) and (𝜎) denote the mean and standard deviation of the feature, respectively. This 

step is particularly crucial for distance-based classifiers and contributes to faster 

convergence during model training. 

 

Fig.  2: Correlation matrix heat map 

Since medical diagnostic datasets have a high-class imbalance, ADASYN technique is 

used to balance the classes. The idea behind ADASYN is to generate synthetic instances 

to the minority class, prioritizing the hard-to-learn areas of the feature space, which causes 

the model to be less biased with regard to the majority class, and makes the model more 

sensitive to positive lung cancer cases. To guarantee the integrity of the synthetic data 

generation, the ADASYN was performed after standardization process. This approach 

ensures that the synthetic minority over-sampling is based on accurate ‘Euclidean 

distances’ across all features, preventing any bias toward features with larger numerical 

scales. 

Finally, the dimensionality reduction is carried out through PCA, in order to reduce the 

redundancy among features, as well as, the computational complexity. The count of the 

principal components is chosen in a manner that they capture about 75% of the total 

variance, which has been empirically established by carrying out several experiments. This 
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strategy allows keeping the most informative elements and reducing overfitting and 

enhancing the generalization capability of subsequent classifiers. 

This pre-processing pipeline allows the dataset to be best suited to the classification phase 

and is guaranteed to guarantee the predictive power of the proposed system is enabled by 

the model efficacy, as opposed to artifacts caused by the restriction of the data quality. 

3.2      Classification  

After the stage of pre-processing is done, the refined and balanced dataset is used to train 

and test a variety of machine learning classifiers in the framework proposed. The 

classification phase will focus on the systematic evaluation of predictive power of various 

models that have various learning biases and thus will give a full picture on the strengths 

and weaknesses of each of the models on structured clinical data. 

A wide range established classifiers are taken into account, including KNN, Decision Tree 

(DT), LR, SVC, RF, GNB, Multinomial Naive Bayes (MNB), MLP, GB and XGB. Such 

choice is not only methodologically diverse, as it includes linear, probabilistic, distance-

based, tree-based and ensemble learning paradigms, but also has an evident benefit of 

covering linear and probabilistic models, as well as distance-based and tree-based models. 

All the classifiers are trained individually on the pre-processed data except in cases where 

algorithmic constraints are not feasible. Particularly, Multinomial Naïve Bayes which 

assumes non-negative input values. The use of this exception is specifically considered to 

make the methodology correct. 

3.3 Stacking Ensemble Framework 

In a further improvement of predictive performance and reduce generalization error 

compared to single classifiers, the proposed system uses stacking ensemble learning 

strategy to combine several strong base models into a single predictive model. In contrast 

to single-model methods, stacking makes use of the synergy between heterogeneous 

learners in a two-layer framework to minimize generalization error and enhance 

robustness, which is of special importance in clinical decision-support systems. 

According to the assessment results gained during the classification step, the only models 

with the accuracy that is high (more than 95%) are chosen to be base learners. In line with 

this, KNN, RF, XGB, and GB are kept to be used in building an ensemble. This selection 

does not only demonstrate an excellent individual predictive power, but also guarantees 

the diversity of algorithms because the selected models represent the different learning 

paradigms: distance-based learning (KNN), bagging-based ensemble learning (RF) and 

boosting based ensemble learning (XGB and GB). This variety is necessary in producing 

complementary error patterns that may be effectively used by stacking ensembles. 

At the meta-learning phase, GNB is used because it is probabilistic based and 

computationally efficient, and it is useful in generalizing when trained on low-dimensional 

meta-features based on base-model outputs. In addition, its fewer parameterization 

decreases overfitting risks, and therefore, it is an appropriate tool to use in stacking 

integration to datasets of moderate sizes. 

The stacking-based model robustness is also assessed with the aid of 10-fold cross-

validation that allows to give a more stable assessment of the generalization performance 

and minimize the variance related to single-split evaluation. The quantitative performance 

of both standalone classifiers and the stacking ensemble is presented and analyzed in the 

Results section. 
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4 Experimental Results 

In this section, the experimental findings of the developed lung cancer prediction 

framework are provided and compared with the recent studies in (2024-2025) using the 

same data. The performance is reported in two complementary perspectives (i) standalone 

classifier performance (Tables 1), which defines the behavior of various learning 

paradigms under the suggested pre-processing pipeline and (ii) 10-fold cross-validation 

benchmarking (Tables 2), which provides a solid estimate of the generalization and the 

final stacking ensemble as the ultimate result of the proposed system. 

4.1 Standalone classifiers performance  

To evaluate the performance of the learning algorithms, the metrices of Precision, 

Recall, F1-Score, Support, and Accuracy across class level have been examined. The 

detailed classification report which contains the model’s evaluation metrics prior to cross-

validation was presented in Table 1.  As shown in Table 1, the proposed pipeline generates 

a feature representation enabling a very broad range of learning paradigms (linear, 

probabilistic, distance-based, neural and ensemble-based) and exhibits a more or less 

balanced behavior in terms of classes. Linear and margin-based models like SVC and LR  

have good and consistent predictive power (≈0.95) and it means that the standardized and 

reduced feature space retains successful separability with relatively simple decision curves. 

Conversely, KNN proves the most competitive single model (=0.98) which is 

understandable due to scale sensitivity, and its ability to gain significantly through 

standardization and redundancy reduction and make the neighborhood structure highly 

informative. The performance of tree-based ensemble learners - RF, XGB and GB is also 

comparable and high (0.96) and comparable as they can be used to model nonlinear 

dependencies and interactions between features of structured clinical attributes with high 

generalization. GNB is competitive (about 0.94) but shows an expected precision payoff 

trade-off across classes, as is expected of it with its conditional independence assumptions; 

also, high accuracy indicates that the offered pre-processing can enhance class-conditional 

separability even with simpler probabilistic models. Similarly, MNB attains a high level 

of accuracy (=0.94) even when it is evaluated without the use of standardization or PCA 

since it is under non-negativity constraints, which highlights the discriminative power of 

feature engineering when algorithmic input requirements exist. Lastly, MLP achieves the 

performance of competitiveness (=0.95), which confirms the hypothesis that the learning 

of the neural standardized inputs is stable. Generally, the empirical grounds of Table 1 give 

a good rationale concerning the choice of robust and heterogeneous learners to stock the 

next stacking stage. 

Table 1: Classification report for all the compared machine learning individual models 

Model Class Precision Recall F1-Score Support Accuracy 

LR Class 0 

Class 1 

0.96 

0.94 

0.94 

0.96 

0.95 

0.95 

48 

47 

0.95 

DT Class 0 

Class 1 

0.94 

0.94 

0.94 

0.94 

0.94 

0.94 

48 

47 

0.94 

KNN Class 0 

Class 1 

0.98 

0.98 

0.98 

0.98  

0.98 

0.98 

48 

47 

0.98 
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GNB Class 0 

Class 1 

0.98 

0.90 

0.90 

0.98 

0.93 

0.94 

48 

47 

0.94 

MNB Class 0 

Class 1 

0.97 

0.92 

0.87 

0.98 

0.92 

0.95 

39 

56 

0.94 

SVC Class 0 

Class 1 

0.96 

0.94 

0.94 

0.96 

0.95 

0.95 

48 

47 

0.95 

RF Class 0 

Class 1 

0.98 

0.94 

0.94 

0.98 

0.96 

0.96 

48 

47 

0.96 

XGBoost Class 0 

Class 1 

0.98 

0.94 

0.94 

0.98 

0.96 

0.96 

48 

47 

0.96 

MLP Class 0 

Class 1 

0.96 

0.94 

0.94 

0.96 

0.95 

0.95 

48 

47 

0.95 

GB Class 0 

Class 1 

0.98 

0.94 

0.94 

0.98 

0.96 

0.96 

48 

47 

0.96 

The performance of individual model’s classification using straight splitting is 

presented with details in Table 1. As observed, the individual standalone models expose a 

closely clustered accuracy scope ranging from 0.94 to 0.98. This closely variance is 

fundamentally due to robust feature engineering and preprocessing utilized in this study. 

Where the data distributions were systematically standardizing to minimize multi-

collinearity of data, and also class imbalances handling before model training. This 

suggested pipeline optimized class separability in the feature space. Consequently, the final 

structure of data will be highly refined, resulting in all algorithmic paradigms of linear, 

distance-based, neural, and tree-based learners will be capable of successfully mapping the 

decision boundaries. This will be resulting in highly close aligned accuracy metrics. 

However, depending on descriptive and empirical margins only can cause 

ambiguity about if the differences of classifiers performance are truly meaningful or just 

caused by data distribution. Therefore, 10-fold cross-validation was used to assess 

performance of individual models. After that a one-way ANOVA test on the obtained 

accuracy results. 

The analysis assumed that null hypothesis H0 of all compared classifiers have mean of 

performances that identical across the folds. The ANOVA test given F-statistic of 55.0354 

and p-value of 9.01 X10-33 ( p-value < 0.001). As a result of p-value which falls below 

the standard significance threshold of α = 0.05, leaded to reject a null hypothesis. This 

additional statistical validation proved that the variations of performance of the individual 

classifiers are statistically significant and consequently confirmed the previous results.  

As it presented in Table1 and clearly shown in the visual comparison across the four-

performance metrics (Fig 3), confirms that the highly robust models achieving scores 

above 0.95 are KNN, RF, XGB, and GB. The KNN stands out as the top performer with a 

peak accuracy of 0.98; demonstrating exceptional class-wise balance. Following closely, 

the ensemble-based models RF, XGB, and GB all achieved a consistent accuracy of 0.96.  

These "Top 4" models were specifically selected as base learners for the Stacking 

Ensemble because they provide a diverse yet high-performing foundation; while KNN 

excels at capturing local patterns in the feature space, the tree-based ensembles (RF, XGB, 

and GB) are superior at identifying complex nonlinear relationships and reducing variance 

through bagging and boosting. By stacking these four distinct architectures, the final meta-
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classifier can leverage their individual strengths to further minimize misclassification 

errors and enhance overall predictive stability. 

 

Fig.  3: Visual comparison for individual machine learning models 

4.2 Cross-Validation Evaluation 

The 10-fold cross-validation was used to enhance the generalization of models and also 

decrease the overfitting. The data were divided into 10 subsets (folds), and each subset 

used as a validation set one time, while the remaining subsets used for training.  

This method was used to evaluated the stacking proposed model as well as the previous 

individual models in order to ensure a reliable performance assessment for all models. 

Accordingly, this fair assessment enables us to compare our suggested pipeline and 

proposed model to state of art models. 

The accuracy comparison of the proposed stacking learning and individual machine 

learning models for lung cancer prediction shown in Fig 4. Whereas clear that the proposed 

significantly overwhelmed the remainder models in terms of performance. This proven that 

the suggested methodology is more effective. 

Furthermore, a comparison of our individual and proposed models against state of art 

models that used same dataset and evaluation protocol. As a result, this comparison 

becomes the point of reference in the quantification of gain of generalization and the 

acceptance of the stacking ensemble as the final one. The results of this comparative 

analysis were presented in Table 2 and Fig 5. Table 2 demonstrates that the suggested 

approach can obtain systematic results as compared to the [2][23] in a range of individual 

models. Compared with work of [2] which already outperformed the work of [23], our 

results confirm that the achievements in performance can be explained by better 

representation and balanced learning.  
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Fig.  4: Comparative analysis between proposed model with the individual machine 

learning model 

For example, LR goes up from 93.08 to 95.59 (Δ +2.51) and KNN goes up from 93.30 to 

95.38 (Δ +2.08) which matches with the positive effect of scaling, reduction of redundancy, 

and imbalance processing on distance-based learning. SVM is in high-performance regime 

where its performance ratio has increased slightly from 95.19 to 95.38 (Δ + 0.19) indicating 

that the performance improvement when near saturation is only incremental. One of the 

most significant improvements is noticed in the case of GNB, as it increases by 88.46 to 

93.68 ( Δ+5.22) meaning that the suggested pipeline can significantly improve the 

probabilistic separability of patterns subject to classes.  

 
Fig.  5: Comparative Analysis of classification accuracy (%) between Proposed 

Methodology against State-of-the-Art Benchmarks 

Multinomial Naive Bayes gives the most significant increase among the individual 

learners, growing by 74.84% to 92.63% (Δ+17.79) with high significance of the suggested 

feature preparation under the limitation of Multinomial Naive Bayes. Moreover, MLP is 

increased by 94.13% to 96.01% (Δ +1.88%) that is an indicator of the better stability of 

neural generalization in case of cross-validation.   

On the other hand, it can be noted that a small reductions occurred in performance of DT 

(94.76 % to 93.28 %), RF (95.40% to 94.74%) and GB ( 95.61% to 94.95%) whose 

magnitude is small and plausibly due to variability at fold-levels that is common to tree-

based learners, but absolute performance is high. 
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Above all, the proposed stacking ensemble method consistently outperforms existing 

benchmarks, achieving a peak accuracy of 99.58% resulting in significant improvement 

over the top results reported by Maurya et al. [2] and Gote et al. [23] across both individual 

and ensemble classification architectures with a  Δ+3.16 difference to the proposed model 

of [2]. This advancement validates the logic behind the ensemble design by combining 

heterogeneous learners, specifically distance-based, bagging-based, and boosting-based 

architectures, with the meta-learner effectively takes advantage of complementary error 

behaviors. This synergy results in a significantly lower residual generalization error than 

what can be achieved by an individual model or a more limited hybrid ensemble. 

 

Table 2: Comparison with State of Art studies 

Model Maurya et al. [23] Gote et al. [2] Our Method 

Individual Models 

LR 87.50% 93.08% 95.59% 

KNN 92.86% 93.30% 95.38% 

SVM 85.71% 95.19% 95.38% 

DT 89.29% 94.76% 93.28% 

RF 85.71% 95.40% 94.74% 

GNB 91.07% 88.46% 93.68% 

GB 89.29% 95.61% 94.95% 

MLP 89.29% 94.13% 96.01% 

MNP - 74.84% 92.63% 

Proposed Models 

Proposed Model - 96.42% 99.58% 

5      Conclusion  

In this study a comprehensive machine learning solution for the prediction of lung cancer 

was proposed using structured clinical and behavioral data, and to furnish a non-imaging 

effective solution for the early risk assessment. The proposed framework involves 

preprocessing the data through a detailed pipeline consisting of data cleaning, categorical 

encoding, correlation-based feature engineering, standardization, class balancing using 

ADASYN, PCA-based dimensionality reduction, evaluation of various machine learning 

classifiers and creation of a heterogeneous stacking ensemble model. 

This work developed a comprehensive non-imaging lung cancer prediction framework 

based on structured clinical and behavioral attributes alone, as an alternative to imaging-

dependent systems, which is cost effective; then a preprocessing strategy that makes use 

of the complementarity of distance-based, bagging-based and boosting-based learners was 

produced, finaly, a hybrid stacking ensemble that integrates the complementary abilities of 

distance-based, bagging-based and boosting-based learners for better data representation, 

utilizing feature engineering, standardization, ADASYN oversampling and PCA. 

Furthermore, the study offers comprehensive experimental validation of state-of-the-art 

performance on the considered dataset and proposes an easily extensible decision-support 

framework which can be applied in early lung cancer screening in resource-limited 

settings. 

The experimental results showed that the presented preprocessing approach positively 

affects the predictive power of most individual classifiers by enhancing the representation 
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of features and reducing the effect of class imbalance. In the standalone models, KNN 

outperformed with an accuracy of 98%, while RF, XGB and GB models performed 

consistently with strong and stable accuracy. With the above findings, a stacking ensemble 

model with GNB as a meta-learner and KNN, RF, XGB and GB as base learners was 

trained. The proposed ensemble performed better than the best reported benchmark on the 

same dataset recently, with an overall accuracy of 99.58% under 10-fold cross validation, 

which was 3.16% higher than the previously reported 96.42%. The outcomes demonstrate 

that the combination of heterogeneous learning paradigms allows the model to learn 

decision patterns that would not be possible with any single one of the classifiers, to 

minimize the generalization error and to enhance the robustness of the prediction. 

In the future, we pay the way to evaluate the framework with multicenter data and explore 

multimodal methods that integrate clinical, laboratory and imaging data to establish even 

more accurate prediction performance and clinical utility. 
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