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Abstract

Lung cancer, which ranks second globally in terms of prevalence, is a significant factor linked to a lower likelihood of
survival. In the context of cancer-related illnesses, it significantly affects survival disparities between sexes. Preventive
lung cancer diagnosis is one of the most important ways to improve the prognosis for those who have the disease. A
variety of machine learning and deep learning techniques have significantly improved outcomes for lung cancer. To
enable early detection of lung cancer, researchers have developed precise prediction models based on machine learning
and deep learning techniques. By placing greater emphasis on the dataset augmentation component, that is, expanding
the sample size and incorporating ensemble approaches that could aid in defining the various stages of cancer
progression, the current research endeavor can be further improved. The article provides a thorough overview of the
numerous studies conducted by various researchers that use various technical techniques to explain how lung cancer
develops as a predictive strategy.
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Introduction And Background

Cancer is a neoplastic disease, which is the uncontrolled growth of cells and appears in different anatomical sites of the
human body. One of its subtypes, which is the most common, is lung carcinoma and is the next most common
malignancy globally. In the United States, the mortality rate caused by lung carcinoma in the year 2022 was 130,180
fatalities (68,820 men and 61,360 women), with 236,740 adults having a lung carcinoma diagnosis (117,910 men and
118,830 women) in the United States (Cancer.org [1]). In 2020 alone, it is estimated that 2,206,771 individuals were
diagnosed with lung carcinoma and roughly 1,796,144 of them died of the condition. In 2022, the projections of cancer in
India showed that the expected rate of cancer incidence was 1,461,426 with an estimated 12.8% projected increase by
2025 compared to 2020 [2]. Table 7 represents the 2020 and 2022 statistics of cancer and lung cancer.
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Year Location Disease Count

2020 Worldwide Cancer 22,06,771
India Cancer 13,92,179
India Lung Cancer 98,278

2022 Worldwide Cancer 1,87,41,966
India Cancer 14,61,427
India Lung Cancer 1,03,371

TABLE 1: Cancer and lung cancer statistics

Early diagnosis of lung cancer can increase survival rates. Different classification methods may be used to differentiate
between malignant (cancerous) and normal cells in lung tissue. Modern efforts are being made to make health
surveillance systems smarter in order to improve the efficiency of healthcare delivery. Smart health monitoring systems
help systematically organize and store patients’ health records, making a valuable contribution to healthcare providers
and patients, and enabling health examinations regardless of geographical location.

Internet of Things

According to IBM'’s definition, the Internet of Things (loT) is a large approach that comprises interconnections of devices
and people and enables obtaining and sharing information in a way that suits the environmental situational
understanding [3]. loT plays a central role in the healthcare ecosystem, in terms of affording the healthcare practitioners
with the ability to conduct round-the-clock patient care, and at the same time, the ability to provide patients with the
power to manage their own medical records. In addition, loT architecture grants greater data security concerning the
protection of patient records. Notably, loT technology proves instrumental in the identification of malignant lung cells,
wherein computed tomography (CT) images sourced from diverse healthcare infrastructures undergo comprehensive
analysis to discern the malignancy status of lung cells.

Machine learning

In this new age of artificial intelligence (Al), computer systems can learn through machine learning (ML) from previous
information. The three variants of ML paradigms that are used to address various domains of problems and contribute
towards facilitating this knowledge elicitation are supervised learning, unsupervised learning, and reinforcement
learning.

In the case of supervised ML techniques, annotated datasets act as the basis for training algorithms. In order to perform
predictions or classifications, these algorithms extract feature patterns and relationships from the data. Regression and
classification are two basic categories that comprise supervised learning. Both simple linear regression and multiple
linear regression are two different regression techniques best suited for continuous data inputs. However, classification
techniques including random forest (RF), decision tree (DT), K-nearest neighbor (KNN), naive Bayes, support vector
machine (SVM), and logistic regression (LR) have been used to handle categorical inputs and are shown in Figure 7.
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FIGURE 1: Supervised learning type

As a part of ML techniques, unsupervised ML algorithms use unannotated data for training any computational model. By
utilizing feature similarity analysis, this model automatically divides the data into labeled groups. Association and
clustering are two different subcategories of unsupervised ML. Again, fuzzy clustering and hierarchical clustering are two
different clustering algorithms, while the fuzzy pattern growth algorithm and the a priori algorithm are two different
association techniques. Unsupervised algorithms are shown in Figure 2.
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Reinforcement learning is a feedback-based ML method in which an agent learns by trying different actions and

observing what works.

Deep learning

Deep learning (DL), as a subset of ML within the broader domain of Al, exhibits the capability to address complex
problem-solving tasks. This capability arises from artificial neural networks as its foundation, enabling it to learn intricate

patterns and relationships in data. Deep neural networks exist in various forms, including convolutional neural networks

(CNNs), multilayer perceptrons (MLPs), and recurrent neural networks (RNNs).
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As a notable deep neural network, a CNN is used to categorize images by extracting feature patterns from the image. In
the CNN architecture, key characteristics include the ability to share parameters and the consideration of spatial
relationships across network layers, despite the absence of recurrent connections.

Conversely, MLPs comprise a distinct type of DL methodologies mostly suited for managing tabular data. These networks
do not include parameter sharing, spatial relationships, or recurrent connections, focusing solely on processing
structured data.

On the other side, as part of the deep neural network family, RNNs are tailored to sequences of data such as textual
information, time series, and audio signals. Recurrent connections and parameter sharing facilitate the modeling of
temporal dependencies in RNNs, while spatial relationships are not a central consideration within this technique.
Different algorithmic techniques of DL are shown in Figure 3.
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Evaluation metrics

The most frequently reported evaluation metrics in the studies of lung cancer prediction were extracted and compared in
this review. The performance metrics used to assess accuracy, sensitivity, specificity, precision, F1-score, and the area
under the ROC curve (AUC) were recorded in the majority of studies. They were recorded in order to be able to
compare the diagnostic accuracy in a similar way, especially in terms of evaluating the capacity of a model to detect
malignant cases correctly (sensitivity) and with no false positives (specificity). The records of such standardized
measurements can offer an objective and comparable analysis of the work of both ML and DL models under different
datasets and methodological circumstances. Table 2 represents the performance metrics used with their formulas.
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Performance Metrics Formula

Accuracy (TP+TN)/(TP+TN+FP+FN)

Sensitivity (Recall) TP/(TP+FN)

Specificity TN/(FP+TN)

Precision TP/(TP+FP)

F1-score 2 x Precision x Recall/Precision + Recall

TABLE 2: Performance metrics with formulas

TP, True Positive; TN, True Negative; FP, False Positive; FN, False Negative

The main research question that will be discussed in this review is how ML and DL methods can enhance the accuracy,
reliability, and timeliness of early diagnosis and prognosis of lung cancer. As medical imaging data is increasingly
becoming available, sophisticated computational models are being actively investigated in automated detection and
classification. It conducts a systematic review of publications of the last five years (2016 and 2025) and includes articles
involving Al-based models used on CT or positron emission tomography (PET)/CT data. This paper will discuss the role of
ML and DL solutions in detecting malignant patterns and assisting clinicians with their decisions. Special attention is paid
to the contribution of data augmentation, heterogeneous datasets, and ensemble learning techniques. All these
methods are meant to improve the predictive performance and to more accurately describe the intricate dynamics of
lung cancer.

Review

This review adopted a systematic methodology to identify and evaluate research on lung cancer classification using ML
and DL approaches. Using this approach, the analysis and usefulness of both ML and DL algorithms in lung cancer
prediction are examined. The review was performed using diverse sources such as conference papers, journal articles,
book chapters, and scholarly articles. The flowchart of the proposed review methodology is shown in Figure 4.
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DL, Deep Learning; ML, Machine Learning; XAl, Explainable Artificial Intelligence

Searching strategy

This review was conducted according to the PRISMA guidelines to ensure methodological transparency and
reproducibility. A comprehensive literature search was performed in PubMed, Scopus, IEEE Xplore, Web of Science, and
Google Scholar to identify studies published between 2015 and 2025 on ML- and DL-based lung cancer detection,
classification, or prognosis using medical images as input. The primary keywords used in various combinations included
lung cancer, ML, DL, CT imaging, medical image classification, nodule detection, predictive modeling, and Al-based
diagnosis. After removing duplicate records, studies were screened based on titles and abstracts, followed by full-text
screening.
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Dataset characteristics

In this review, we assessed research based on the nature and quality of datasets used for lung cancer prediction,
following PRISMA guidelines. Only articles involving medical imaging datasets (CT, PET/CT, or chest X-ray) or studies
reporting the use of clinical or biometric datasets were considered. Important features, such as source repository, sample
size, imaging modality, and annotation method, were recorded to evaluate the comparability of studies. This systematic
review ensures that the selected studies represent a variety of datasets that are prolifically applied in the study of
diagnosing lung cancer by using ML/DL.

Screening

The screening of all relevant articles occurs based on the title, abstract, and full-text review. Title screening is done to
remove irrelevant works, and abstract screening is used to determine whether the research framework applied ML/DL
algorithms on lung cancer data. Finally, full-text review is conducted to provide complete methodological reporting as
well as to derive performance measures.

Inclusion and exclusion policy

Inclusion criteria included (i) the studies that involved the use of ML or DL models being applied to lung cancer image
datasets (CT, PET, X-ray), (ii) articles that reported quantitative measures of performance as either accuracy, sensitivity,
specificity, F1-score, or AUC, and (iii) articles that were published in English.

The exclusion criteria were non-medical imaging studies, non-ML/DL methods, reviews, editorials, incomplete datasets,
or studies that were not adequately described. Information was extracted from each study, including dataset features,
dataset preprocessing methods, model design, validation strategy, and major performance metrics. The final group of
studies included in the review is considered the most relevant and methodologically appropriate work on Al-based lung
cancer prediction.

Watching and tabulation of data

In a systematic review of inclusion criteria, articles with ambiguity in their methodology and evaluation metric values
were removed. The remaining included articles were reviewed carefully to derive important information and classify
them in a tabular format, as represented in Table 3.

In the research work, Qadir and HamaKarim [4] used two different classification algorithms, namely RF and neural
network, for classifying lung carcinoma data. They used a lung cancer dataset of 310 records in which 15 features were
dependent variables, while one feature was an independent type. By considering the kappa statistic and accuracy as
important factors, the accuracy of both models was calculated. The neural network algorithm achieved 0.75 accuracy
with 0.25 mean squared error (MSE), whereas the RF classification achieved 0.89 accuracy with 0.21 MSE. Through this
approach, they aimed to assess a supervised predictive ML algorithm in terms of precision, accuracy, and minimum error.

The research by Ahmad and Mayya [5] was dedicated to predicting the risk of lung cancer based on a structured dataset
of demographic, behavioral, and clinical risk factors instead of imaging information. Age, smoking history, genetic
predisposition, level of exposure, and comorbidities are the variables contained in the dataset. Missing value handling,
label encoding, and normalization procedures were used in preprocessing. The methodology made use of various ML
algorithms such as DTs and RF. Accuracy, sensitivity, and specificity were used as evaluation metrics, and the RF classifier
had the highest predictive performance (approximately 92%). No explainable Al (XAl) methods were used, so the analysis
was limited in terms of interpretability [5].

Yang et al. [6] employed a clinical follow-up dataset with treatment background, recurrence data, biomarkers retrieved
through imaging, and survival data to construct customized prognostic models of lung cancer. Removal of irregular
clinical records as well as standardization of continuous parameters was done in preprocessing. The ML methods used by
the authors include DT, neural network, SVM, Cox proportional hazards-based survival models, etc. The approach aims to
incorporate multi-modal clinical variables and train models to predict recurrence risk and survivability interval. The
concordance index (C-index) is used to report performance, along with accuracy and AUC, and the best models are those
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with high discrimination for recurrence prediction (C-index > 0.75). No XAl methodology is used, which limits its
application in clinical practice. Limitations include uneven data distribution, possible biases in follow-up duration, and
non-integration of imaging-based DL [6].

In the study by Mishra et al. [7], a predictive model for lung cancer was developed by integrating the Internet of Health
Things (loHT) and computational intelligence techniques. Preprocessing involved noise reduction of sensor signals,
continuous feature normalization, and timestamp synchronization of multi-sensor estimates. The experiment used ML
algorithms such as Heuristic Greedy Best First Search, RF, SVM, and ANN in order to identify a patient’s risk condition in
real time. The approach incorporates cloud-based processing, a smart decision-making model, and nonstop physiological
surveillance. The proposed model demonstrated optimal accuracy, specificity, and sensitivity of 98.8%, 97.5%, and 97.8%,
respectively. The system lacks XAl, which limits clinical transparency in automatic alerts. Weaknesses include the lack of
medical imaging information, use of non-clinical sensor features, and testing in actual patient populations [7].

The CT imaging dataset used by Venkatesh and Bojja [8] contains lung nodules and non-nodules for cancer detection.
Noise reduction using Gaussian filtering, segmentation using adaptive segmentation, and enhancement using
morphological operators were the steps in the preprocessing pipeline. An optimization algorithm (e.g., Particle Swarm
Optimization or a Genetic Algorithm variation) based on bio-inspired techniques was applied to improve the quality of
feature selection and the efficiency of classification. The methodology used SVM classification to enhance detection
accuracy. The performance measures used to evaluate the effectiveness of the swarm intelligence framework compared
to conventional algorithms included accuracy, specificity, sensitivity, and training time. The model achieved an
outstanding accuracy, sensitivity, and specificity of 93.53, 92.96, and 98.52, respectively. It does not use any XAl
technique, which limits clinical interpretation [8].

The structured clinical data used by Abdullah et al. [9] include demographic, lifestyle, and symptom-based characteristics
that are used to classify the lung cancer status. Preprocessing is the step of correlation-based feature selection. Some
classification algorithms considered are SVM, CNN, and KNN. It focuses on the best features selection by applying
correlation-based feature selection to improve the performance of classifiers and minimize processing time. According to
performance evaluation, the accuracy of KNN, SVM, and CNN is 88.40%, 95.56%, and 92.11%, respectively. There is no XAl
framework, which restricts the interpretability of the selected features. The limitations are a small sample size, absence of
imaging data, and no advanced ensemble or DL comparisons [9].

Hussain et al. [10] employed CT imaging data, with textures extracted based on the Gray Level Co-occurrence Matrix, to
predict lung cancer by enhancing the robustness of classification. Histogram equalization, image enhancement, and lung
region of interest isolation using segmentation were applied in the preprocessing step. On the extracted Gray Level Co-
occurrence Matrix textures, ML classifiers such as SVM, RF, and Gradient Boosting were used. Accuracy, recall, precision,
specificity, and F1-score performance metrics are reported, and the highest accuracy (96-100%) is obtained with SVM. It
does not apply any XAl method because the method is based on handcrafted features rather than saliency-map-based
DL techniques. Weaknesses include reliance on handcrafted features, lack of comparison with DL methods, and limited
scalability to heterogeneous CT collections [10].

Nanglia et al. [11] came up with a hybrid ML classifier (SYM and neural network) to classify lung cancer using clinical and
image-based features. The preprocessing involved feature scaling and feature reduction on the basis of correlation. They
used neural networks to first generate discriminative features followed by SVM to carry out final classification on the
extracted features, performing the experiment with 98.08% accuracy. No XAl technique was used in the study, and the
findings were based only on traditional ML performance measures [11].

Gupta et al. [12] introduced an loT-based Smart Healthcare Kit that allows real-time remote control of essential
physiological parameters such as temperature, pulse rate, and respiratory indicators using built-in low-cost sensors. The
system has a cloud-based architecture for active data delivery and remote accessibility, providing a viable early warning
system for respiratory abnormalities. In contrast to state-of-the-art ML-based diagnostic models, the proposed kit is
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targeted at lightweight embedded processing to allow the model to operate quickly and efficiently using limited
resources in home or under-infrastructure environment. It contributes by offering a low-cost, compact, and scalable
health-monitoring system that builds the foundation for future Al-based lung disease prediction systems [12].

According to Kalaivani et al. [13], the DL-based lung cancer detection model was trained using CT scan datasets, with
preprocessing involving image resizing, lung region extraction, and contrast enhancement using the histogram
equalization method. In the study, the authors applied a CNN architecture to automatically extract and classify features
and reported an accuracy of 90.85% in tumor classification. The strategy consisted of a series of steps including
segmentation, feature learning, and classification using softmax. Although the model showed good predictive
performance, no XAl methods were used, which restricts interpretability [13].

Pawar et al. [14] propose a new extension of CNN that also uses blockchain technology to achieve secure transfer of lung
cancer diagnostic results. Preprocessing of CT images through normalization and noise filtering was performed, and the
images were then fed into the extended CNN for classification. The hybrid model achieved an accuracy of more than 96%,
with blockchain contributing traceability and secure model deployment. XAl techniques were not used because the
emphasis was on model security and performance rather than interpretability [14].

Makaju et al. [15] employed CT scan images from publicly available datasets, and steps such as filtering (median filter and
Gaussian filter) and lung segmentation based on watershed segmentation were applied to the preprocessing. A CNN-
based classifier was developed that is capable of detecting malignant nodules with a promising accuracy (92%) and
sensitivity (100%), even using a rather limited dataset. The approach was based on automated deep feature extraction.
There was no inclusion of XAl components, which restricted clinical explainability [15].

Palani and Venkatalakshmi [16] propose an loT-based predictive modeling system to detect lung cancer that involves the
use of fuzzy clustering to augment prediction and a hybrid classification system. The technique is based on Otsu
thresholding and Fuzzy C-means clustering to isolate transitional areas and appropriately segment lung images, assisted
by edge detection, morphological thinning, and cleaning, as well as refining tumor edges using region-filling operations.
To improve predictive accuracy, the authors present an incremental classification algorithm that integrates Association
Rule Mining, DT with time-dependent features, and CNN. The classification employed fuzzy models based on ML
methods, providing moderate accuracy for use in remote monitoring. The lack of XAl and diverse datasets were the major
shortcomings [16].

Saleh et al. [17] suggested a hybrid CNN-SVM architecture to classify lung cancer based on a CT-scan dataset from
publicly available repositories, which mainly included benign and malignant nodule images. Noise reduction using a
Gaussian filter, lung region extraction, and enhancement were the preprocessing steps. They employed DCNN in their
approach to automatically extract hierarchical image features, which were then passed to an SVM classifier to obtain final
malignancy predictions, providing better decision boundaries than those obtained with softmax-based classification. The
hybrid model showed good performance, with accuracy values above 97%, along with high sensitivity and specificity,
and showed some distinct benefits compared to standalone CNN models and classical ML models. Nevertheless, no XAl
methods were used in the research [17].

Shanbhag et al. [18] present a multi-stage carcinoma identification process aimed at determining benign and malignant
CT lung images. To enhance predictive accuracy, the authors developed an ensemble classifier of five ML models: SVM,
LR, MLP, DT, and KNN, thus using the complementary advantages of different algorithms. The ensemble method achieved
an accuracy of 85%, as well as precision and recall values that indicate moderate reliability in the detection of malignant
nodules. Although the methodology demonstrates the usefulness of having a combination of various classifiers, the lack
of XAl schemes and the dependence on restricted representations of features limit clinical interpretability, and this can
prevent generalization across different conditions of CT imaging [18].

The research suggests that a combination of two cascaded modules to complement one another can be utilized to
introduce a comprehensive system of lung cancer prognosis. The first module is concerned with nodule detection, which
uses a combination of heterogeneous DL models, i.e., a 3D-CNN-type detector and a recently trained RNN-type detector,
the complementary feature extraction processes of which significantly enhance the recall by reducing missed nodules.

How to cite this article:
Das P, Tripathy S N, Rath K P (March 23, 2026) A Journeying on Machine Learning and Deep Learning Strategies for Lung
Carcinoma Forecasting. Cureus J Comput Sci 3 : €s44389-026-00044-8. DOI https://doi.org/10.7759/s44389-026-00044-8  Page 11 of 38


javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)

A Journeying on Machine Learning and Deep Learning Strategies for Lung Carcinoma Forecasting

The second module is cancer risk assessment, which is based on the use of 3D-CNN models to assess morphological and
structural features of identified nodules, formulating medically interpretable intermediate features. A total of 13 high-risk
features of nodules are obtained and inputted into a regression model to predict the morbidity grade consistent with
oncologist-labeled features. The system has good prognostic results with the log-loss of 0.408 and revealed the
important morphological characteristics that are most likely to correlate with the cancer severity [19].

Shakeel et al. [20] present a developed automated lung cancer detection system called RDCNN-TriHorn-Net-WHOA-ALCD,
which is aimed at reducing the difficulties in CT lung cancer diagnosis. Images of Chest CT-Scan Images Dataset and a
Formatted and Augmented variation are processed via Sub-Aperture Keystone Transform Matched Filtering (SAKTMF) to
remove noise before being segmented by Automatically Weighted Binary Multi-View Clustering (AW-BMVC). The Second-
Order Synchroextracting Wavelet Transform (SOSWT) is used to extract features, and Robust Deformed Convolutional
Neural Network (RDCNN) models are used to classify the features under three different strategies. The RDCNN-TriHorn-
Net with the Wader Hunt Optimization Algorithm (WHOA) proved to be the most powerful of them, achieving better
results than other models, including RDCNN-ResNeXt-50 (AEALOA) and RDCNN-CoAtNet (DTOA). The proposed system
was able to achieve successful multi-class classification of large cell lung Carcinoma, adenocarcinoma, squamous cell
carcinoma, and normal cases with significant improvements of 13.67, 27.55, and 14.67 in Dice similarity, as well as 22.23,
24.11, and 25.56 in log-loss. This makes RDCNN-TriHorn-Net-WHOA-ALCD a robust pipeline for improving the lung cancer
detection in CT imaging [20].

Ali et al. [21] suggest an end-to-end CNN that would be used to identify dysfunctional nodules in the lung and non-
dysfunctional nodules with minimal false-positive rates. In order to deal with massive class imbalance, the authors use
oversampling, whereby images of minority classes are modified so that they train the CNN much stronger. The model has
a considerably low false positive of 1.5, which implies a high degree of reliability in the prevention of over-detection, but
its false negative of 31.76 is relatively high, which indicates the difficulty in detecting the small nodules. Altogether, the
system has a sensitivity of 68.66 and a specificity of 98.42, which is good, and there is room to enhance the results on the
accurate identification of non-nodules, but not of the actual cancerous nodules. Nevertheless, in spite of such limitation,
the article draws attention to the efficiency of specific CNN frameworks along with data augmentation techniques to
classify nodules [21].

Lanjewar et al. [22] introduce a variant of a DL framework, DenseNet201, with more layers to detect lung cancer by
increasing features in the original framework and improving features through the introduction of new layers. Attributes
generated out of the improved DenseNet201 are again narrowed down through two feature-selection techniques and
handed to various ML classifiers to achieve final forecasts. The performance of the system is strictly measured using
confusion matrices, ROC analysis, Matthews correlation coefficient, kappa score, p-value calculation, and 5-fold cross-
validation. The proposed approach gives superior outcomes with a perfect 100% accuracy in some of the settings,
average accuracy of 95%, and a p-value of less than 0.001 having a statistical significance [22].

To make a prediction regarding the disease of lung cancer, Al-Tawalbeh et al. [23] conducted the usage of two different
ML algorithms: SVM, KNN, naive Bayes, and narrow neural network. They have analyzed the symptoms of the patient. As
per their results, KNN is least accurate (85.87), and SVM is most accurate (92.6%).

Doppalapudi et al. [24] utilized DL models in their research methodology and discovered that they are more effective
compared to the traditional ML models that use categorization and regression. As compared to the traditional ML, where
the classification strategy and RMSE strategy had 61.12% and 14.87% accuracy, respectively, DL models had 71.18%
accuracy in the classification strategy, 13.5% RMSE, and 0.5 R?, respectively. Table 3 demonstrates the literature search of
lung cancer based on DL methods.

Nassif et al. [25] used CNN with F-test feature selection algorithm in their study design to distinguish between the
severity of lung cancer using the data on gene expression. They have used this model on two datasets, which are coded
LUAD and LUSC, and have achieved an almost 93.94% and an 88.42% accuracy, respectively. The possibility of overfitting
existed due to the high levels of features of high-dimensional genes. In future studies, they will be more concerned with
larger datasets, improved sample size, and balanced qualities to overcome this problem.
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A study by Dutta [26] offers a comparative analysis of ML and DL algorithms in lung cancer prediction using a Kaggle
dataset that contained symptoms and lifestyle-related factors of 1,000 patients. To enhance the model robustness, the
author used a wide range of preprocessing, including feature selection via Pearson correlation, elimination of outliers,
and normalization of the data. Several ML classifiers were tested in Weka and neural networks models with 1-3 hidden
layers coded in Python. The accuracy on performance evaluation is 92.86%, with the absence of XAl methods [26].

This paper suggested a hybrid of the fuzzy and neuro structure of classification, which is applied to the medical images in
order to detect lung cancer. Reddy et al. [27] apply the dataset of CT scans that contains both benign lung nodules and
malignant ones and perform the required preprocessing methods, including the elimination of the noise with the
assistance of the median and the Gaussian filters, localization of the lung region with the assistance of the thresholding
and the morphological operations, and contrast enhancement to make the nodules more noticeable. The basic algorithm
is a mixture of fuzzy neural network and fuzzy logic addressing the ambiguity in pixel variation along with the neural
network part, which learns higher-level patterns, with the help of handcrafted texture and statistical features of
segmented nodules. The model has attained an accuracy of 96.67 and is more competitive than conventional standalone
classifiers. This approach did not have any XAl techniques [27].

A paper [28] describes a transfer learning system for the classification of lung carcinoma based on a DL model using
publicly available CT image datasets of various types of lung cancer and normal samples. The preprocessing pipeline
includes data augmentation and transformation methods. The classification of lung nodules was performed using
transfer learning models such as VGG16, VGG19, and Xception. VGG16, VGG19, and Xception achieved accuracies of
98.83%, 97.4%, and 98.05%, respectively, during performance evaluation. The research does not use any XAl framework,
including Gradient-weighted Class Activation Mapping (Grad-CAM), Local Interpretable Model-Agnostic Explanations
(LIME), or Shapley Additive Explanations (SHAP), which restricts interpretation of the fine-tuned convolutional layers and
impedes clinical validation [28].

Shatnawi et al. [29] built a CNN-based diagnostic system trained on a dataset of chest CT-scan images containing
malignant and benign lung cases obtained from publicly available clinical repositories. The preprocessing pipeline
involved noise reduction using a median filter, contrast enhancement using histogram equalization and contrast-limited
adaptive histogram equalization (CLAHE), followed by morphological operations and data augmentation. The authors
used an improved CNN and several pre-trained models, including ConvNeXt, VGG16, ResNet50, InceptionV3, and
EfficientNetBO0. The accuracies of ConvNeXt, VGG16, ResNet50, InceptionV3, and EfficientNetBO were 87%, 99%, 94.5%,
76.9 %, and 97.9%, respectively. Although the study primarily focused on predictive performance, no specific XAl
technique was applied [29].

Prasad et al. [30] employed a hybrid metaheuristic algorithm-based deep neural network to classify and detect lung
cancer in biomedical lung images gathered from the LIDC/IDRI dataset and chest X-ray images. They applied bicubic
interpolation for noise removal, along with a hybrid Spotted Hyena Optimization and Seagull Algorithm for optimal
feature selection and generative modeling in the preprocessing pipeline. A hybrid CNN-Long Short-Term Memory model
was used for classification. The accuracy, sensitivity, specificity, and precision achieved were 99.6%, 99.8%, 99.34%, and
99.14% on the LIDC/IDRI dataset, and 99.70%, 99.62%, 97.80%, and 97.50% on the chest X-ray dataset, respectively. No
XAl methods were used in this approach [30].

Mohandass et al. [31] used a curated CT scan dataset of benign, malignant, and normal lung CT images from publicly
available registries, supplemented with hospital scans to balance the classes. The preprocessing pipeline included
Hounsfield unit normalization, contrast enhancement using CLAHE, lung region segmentation using a threshold-based
method, and noise reduction using Gaussian and median filters to enhance the visibility of the nodules. The authors
developed an optimized attention-based CNN model and restrained DenseNet-201 transfer learning model, which
allowed rich hierarchical feature extraction, while attention modules increased focus on clinically significant nodule
regions. Their approach consisted of modifying DenseNet-201 and adding channel-wise and spatial attention blocks,
followed by training with data augmentation, dropout regularization, and Adam optimization. The optimized
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architecture recorded high diagnostic results, with an accuracy of 98.92%, sensitivity of 98.40%, specificity of 99.10%, and
an F1-score of more than 98%, outperforming baseline CNN and traditional DenseNet variants. The study lacked any XAl
framework, even though the model proved to have good predictive ability [31].

The designed Lung-AttNet framework presents a lightweight CNN architecture supplemented with a Lightweight Global
Attention Module (LGAM) that enhances discrimination among lung cancer classes. The model is trained on Kaggle CT
scan data of adenocarcinoma, large cell carcinoma, squamous cell carcinoma, and normal images, extracting both low-
and high-level features using convolutional blocks, while LGAM captures relationships in large-scale spatial and channel
dependencies. It includes extensive experimentation, ablation studies, and 5-fold cross-validation, and XAl tools such as
Grad-CAM and LIME are used to check the relevance of the features and the transparency of the models. In its
classification process, Lung-AttNet achieves an average accuracy of 91.5%. To address limitations in medical data sharing,
the model is incorporated into a federated learning framework, which allows model training using aggregated local
weights rather than patient data around the world. Lung-AttNet achieves up to 92% accuracy in federated learning
settings with two and three clients, demonstrating its robustness, privacy protection, and applicability to real-world
clinical applications [32].

Kanavati et al. [33] introduced a loosely monitored DL architecture to classify lung carcinoma based on whole-slide
histopathology images, a task dealing with the issue of few pixel-scale annotations. They used a large dataset of digitized
lung tissue whole-slide images (WSlIs), collected across several clinical centers in Japan, including cases of
adenocarcinoma, squamous cell carcinoma, and benign samples, where only slide-level labels were used. Preprocessing
included color normalization to minimize staining variability, patch identification of gigapixel WSlIs, artifact removal, and
tiling strategies to ensure balanced sampling of diagnostically relevant tissue regions. A CNN trained under a weakly
supervised multiple-instance learning paradigm was used, enabling the model to learn discriminative patch-level
features even in the absence of structured annotations, and an attention-based multiple-instance learning pooling
scheme was added to emphasize the most relevant regions for final decision-making. The system achieved high
diagnostic performance, with accuracy over 96% and AUC greater than 0.95 for major carcinoma subtypes. For
interpretability, the authors used attention heatmaps as an intrinsic XAl mechanism to visualize histological regions
contributing most to the classification, but did not use external XAl methods such as Grad-CAM, LIME, or SHAP [33].

Naveenraj and Vijayakumar [34] developed an enhanced lung cancer classification framework that combines an
optimized hybrid DL method to improve diagnosis using CT images. The study used a publicly available CT scan dataset
comprising malignant, benign, and healthy cases, which was augmented to address class imbalance. Preprocessing
involved segmentation of lung regions using thresholding and morphological operations, removal of noise using
Gaussian and median filtering, and contrast enhancement using CLAHE to enhance the visibility of nodules. The
approach involved the combination of a dual deep CNN (DCNN) and Long Short-Term Memory network, which
complement one another in terms of the overall features extraction and learning over time. The proposed model
achieved a classification accuracy of more than 98%, along with high sensitivity, specificity, precision, and F1-score, and
outperformed traditional CNN and single-model architectures. Nevertheless, no XAl techniques were incorporated by the
authors [34].

The computer-aided decision support system proposed here also has a strong 3D-DCNN framework that can assist
radiologists in detecting and diagnosing lung nodules more accurately. Through a combination of median intensity
projection and a multi-Region Proposal Network, the system successfully extracts rich 3D contextual information from CT
scans and automatically detects high-quality candidate regions, improving diagnostic reliability. The model, tested on
benchmark datasets such as LUNA16, ANODEQ9, and LIDC-IDRI, demonstrates high diagnostic capability, with 98.4%
sensitivity, 92% specificity, 96% AUROC, and 98.51% accuracy, along with only 2.1 false positives per scan. Scalability is
further enhanced through cloud-based computation, which allows training and validation on large clinical datasets from
Shanghai Sixth People’s Hospital as well as public repositories. Altogether, the cloud-based 3D-DCNN outperforms
several state-of-the-art systems, achieving an impressive 98.7% sensitivity with 1.97 false positives per scan, highlighting
its potential as a reliable second-opinion tool for lung cancer screening and clinical decision-making [35].
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The framework introduced by Zhang and Kong [36] is a multi-scene DL system used to automatically identify lung
nodules through CT scan datasets such as LIDC-IDRI, which contains a wide variety of nodule types and cases. The
preprocessing pipeline includes lung segmentation, Hounsfield unit normalization, noise removal using Gaussian
filtering, and multi-scale patch extraction to capture nodules of varying sizes. A multi-branch CNN model is integrated
and trained to learn complementary features from different scene representations, including whole-lung views, region of
interest patches, and contextual slices, which increases the capability to detect the nodules that are either subtle or small.
The system had high diagnostic performance, as the reported accuracy and sensitivity are greater than 98%, as compared
to the conventional single-view CNN methods. The study, however, does not indicate discussable Al techniques [36].

DFD-Net study presents a DL-based framework to detect lung cancer based on CT scan data such as LIDC-IDRI, with an
emphasis on high-quality nodule analysis using advanced denoising techniques. A dual filtering method using Gaussian
and median filters is applied in the preprocessing pipeline to reduce noise and enhance contrast, followed by feeding the
processed images into the model. The proposed DFD-Net architecture combines an auto-denoising network with a
feature-extracting CNN, which allows effective learning of robust representations from low-dose or noisy CT scans. The
model achieved an accuracy of more than 96%, with high sensitivity and specificity, which proves that the model is
reliable in detecting cancer at an early stage. Nevertheless, the research fails to implement XAl methods, including Grad-
CAM or LIME, restricting its clinical applicability of the identified nodules [37].

Wahab Sait [38] introduces a DL architecture to detect lung cancer using PET/CT scans, including sophisticated
preprocessing and augmentation techniques that help reduce noise and artifacts. The author used DenseNet-121 for
robust feature extraction and deep autoencoders to efficiently reduce the dimensionality of features. A MobileNet V3-
Small classifier was then used for lightweight and accurate identification of light subjects of lung cancer subtypes.
Quantization-aware training, early stopping, and Adam optimization were used to improve performance, which
guaranteed high accuracy at low computational cost. The model was tested on the Lung-PET-CT-Dx dataset and achieved
98.6% accuracy and a Cohen’s kappa of 95.8, indicating a strong model with minimal parameters. The proposed strategy
has potential for real-time clinical use, and future research considers liquid neural networks and ensemble strategies to
enhance diagnostic capabilities of the approach [38].

A study [39] proposed two CNN-based DL architectures to diagnose lung cancer in CT images, but they included a
straight 3D-CNN with softmax and a hybrid 3D-CNN with an Radial Basis Function-SVM classifier. Benchmarks were
applied using modified versions of 3D-AlexNet and 3D-GoogleNet. The experimental results indicate that both proposed
models perform better than the baseline architectures, and the hybrid 3D-CNN + SVM shows high diagnostic potential. It
achieved an accuracy of 91.81%, a sensitivity of 88.53%, and a precision of 91.91%, which is better than the straight 3D-
CNN, and demonstrates the usefulness of deep feature extraction combined with an SVM decision layer for better lung
cancer classification [39].

A study [40] used a multi-output CNN model to classify and stage PET/CT images of lung cancer. Based on the TNM
staging system and histologic subtype prediction, the authors used a VGG16-based feature extractor and a three-branch
classifier to independently predict tumor size (T), nodal involvement (N), and histologic categories. The experimental
results using the Lung-PET-CT-Dx dataset show strong performance, with tumor size classification accuracy of 0.94 and
AUC of 0.97, and N staging accuracy of 0.98. The model is also more effective than existing methods in histologic subtype
classification, indicating the effectiveness of multi-task learning in PET/CT-based lung cancer evaluation [40].
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TABLE 3: Categorical representation of the reviewed articles

ANN, Artificial Neural Network; AUROC, Area Under the Receiver Operating Characteristic Curve; CLAHE, Contrast Limited Adaptive
Histogram Equalization; CNN, Convolutional Neural Network; CT, Computed Tomography; DCNN, Deep Convolutional Neural
Network; DL, Deep Learning; DT, Decision Tree; HE, Histogram Equalization; loHT, Internet of Health Things; 10T, Internet of Things;
KNN, k-Nearest Neighbors; LIDC/IDRI, Lung Image Database Consortium,Image Database Resource Initiative; LR, Logistic
Regression; LSTM, Long Short-Term Memory; LUAD, Lung Adenocarcinoma; LUSC, Lung Squamous Cell Carcinoma; ML, Machine
Learning; MLP, Multilayer Perceptron; MSE, Mean Squared Error; NN, Neural Network; NSCLC, Non-Small Cell Lung Cancer; PET,
Positron Emission Tomography; RBF, Radial Basis Function; RF, Random Forest; RNN, Recurrent Neural Network; SVM, Support
Vector Machine; UCI, University of California, Irvine (Machine Learning Repository); XAl, Explainable Artificial Intelligence

Trend analysis and research gap

Recent studies on lung cancer show that there have been significant changes toward DL-focused, multifaceted, and
clinically incorporated diagnostic models. The prevailing trend is now toward CNNs, 3D-CNNs, transfer learning, attention
mechanisms, and feature selection (using a combination of classical ML methods, e.g., SVM, KNN, DT, and correlation-
based methods) in CT, PET/CT, and multi-omics data (e.g., [12,16,18,20,28,31,33,39,40]). Another trend is the combination
of loT- and loHT-based monitoring, blockchain-enhanced security, cloud models, and federated learning to achieve
privacy-preserving clinical implementation [6,7,11,13,15,31]. Multi-task learning is also a common trend in many studies,
extending beyond predicting the presence of cancer to include subtypes, severity, recurrence, survivability, TNM staging,
and morphological characteristics [5,14,18,23,24,35,40]. Furthermore, image repair, denoising, and multi-view/multi-
scene feature retrieval have become significant to enhance the performance in the real clinical environment [9,21,36,37].
The collective trend suggests a shift toward lightweight, interpretable, federated, and deployable Al systems, with a focus
on clinical realism, multi-center datasets, and high generalizability. Although there has been significant advancement,
there are still a number of research limitations in the studies. To begin with, most models are based on smaller,
homogeneous datasets or single-centered scans (e.g. LIDC-IDRI, LUNA16, Kaggle lung CT sets) that limit generalizability
to the real world; few studies would consider multi-institutional or large-scale clinical PET/CT data [20,28,34,40]. Second,
despite superior results of attention modules, 3D-CNNs, and hybrid ML-DL, small nodules and lesions in their early stages
have a high false negative rate, and the literature has not considered how to correct the class imbalance by use of
clinically safe augmentation methods. Third, the use of XAl is not consistent, as most of the studies have not
demonstrated high interpretability beyond Grad-CAM/LIME, limiting the level of clinical trust and regulatory compliance.
Fourth, there are systems and federated learning frameworks that are enabled by loT/IoHT, but little validation is done in
actual hospital settings; almost no studies show end-to-end integration with PACS, RIS, or oncologist workflows. Fifth, the
majority of works are still concerned with detection/classification, but not with longitudinal prognosis, survival
prediction, recurrence risk, and response-to-therapy estimation, which are essential to precision oncology. Selection of
favorable dataset, preprocessing techniques, and classification algorithms for achieving better performance is highly
necessary [41]. Lastly, little comparative modalities (CT vs. PET/CT vs. clinical + genetic data) benchmarking exists, and
there is no common framework of robustness testing in the presence of noise, low-dose imaging, demographic
variability, or adversarial perturbations.

Critical analysis of included studies

A closer analysis of the studied works [4-40] shows that there are several methodological limitations that go beyond the
generally reported high accuracy rates. The strong dependency on small or single-source datasets is a key issue, as seen
in studies such as [4,9,23], and it restricts the applicability of the models to a wider population. Most DL-based methods
[13,20,31] have shown good performance; however, such performance is usually achieved under controlled experimental
conditions with minimal external validation and cross-dataset testing, which increases the risk of overfitting and reduces
reproducibility. Moreover, some research [10,22,30] relies on manual feature extraction or hybrid systems, making it
challenging to compare results with end-to-end DL models due to inconsistent preprocessing pipelines. Class imbalance
is another issue that has not been directly addressed in many studies, such as [6,18,26], and may result in biased models
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where the majority class is privileged. Moreover, the validation strategies differ greatly; some works use basic train-test
splits [11,15] rather than more rigorous methods, such as k-fold cross-validation, which also impacts the validity of
reported findings. Ensemble and hybrid models [17,18,20] are also shown to be more effective, but these models are not
interpreted and are not tested in clinically realistic condition. Additionally, even with the progress in the field of DL, there
is a deficit of XAl methods integration in most studies that limits the possibility of clinical trust and use. On the whole,
despite the promising changes that are evident in the literature on the use of ML and DL to predict lung cancer, the
existence of limitations in datasets, lack of overall methodological consistency, and lack of validation can prove the

necessity of more standardized, transparent, and clinically focused research frameworks.

Discussion and analysis

Dataset, Dataset Limitations, and Generalizability

Lung cancer datasets include both imaging data and clinical data collected from different sources. The most frequently
used lung cancer dataset information is shown in Table 4.

Dataset

LIDC-IDRI (Lung Image Database
Comsortium)

TCGA-LUAD (Lung Adenocarcinoma)

Lung Cancer Segmentation (Lung-
RADs)

NLST (National Lung Screening Trial)

LUNAT6

CPTAC-LSCC (Lung Squamous Cell
Carcinoma)

Lung-PET-CT-Dx

NSCLC Radiogenomics Dataset

Pulmonary Chest X-Ray Dataset

TABLE 4: Lung cancer dataset details

Types

CT scan images

CT, pathology, clinical, genomic

CT images+segmentation masks

Clinical data+imaging

3D chest CT images

Radiology images (CT, PET) +
Histopathology (WSI) +
Clinical/Proteomic/Genomic data
PET/CT image

Textual data

X-ray image

Size

1,010 patients

69

708 training images+264 test images

2,100 records

888 CT scans, 1,186 annotated nodules
Radiology (CT/PT): ~52,019 images
from 36 subjects; Histopathology (SVS
WSI): ~1,081 images from 212 subjects;
Total ~444.6 GB

1,294 PET/CT images

211 NSCLC cases

800-1,500 X-rays

CT/PET, Computed Tomography/Positron Emission Tomography; NSCLC, Non-Small Cell Lung Cancer; SVS, ScanVision Slide

format; WSI, Whole Slide Image

A major drawback that can be noticed in most of the reviewed papers [4-40] is that they use small-scale or single-source
datasets, which strongly affects the applicability and strength of the proposed models. Several studies, such as
[4,9,23,26], used a limited or institution-specific datasets, making them effective in controlled settings but less
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generalizable to a wide range of clinical populations. In imaging-based research [13-20,31-39], data are often obtained
from a single repository, or the data are not variable enough in terms of demographics, imaging procedures, and disease
progression. This lack of diversity increases the risk of overfitting and reduces the reliability of models in real-world
clinical settings. In addition, few studies use multi-center or cross-dataset validation, which is critical for evaluating the
strength of the models. Although recent approaches such as federated learning [32] strive to eliminate the drawbacks of
data sharing, they are not widely used. Therefore, future research must focus on large-scale, multi-institutional, and
heterogeneous datasets, along with standardized benchmarking systems, to develop more valid and clinically useful lung
cancer prediction models.

Preprocessing

This phase represents the preliminary stage wherein image data undergoes preprocessing operations encompassing
denoising, normalization, binarization, and thresholding. Subsequently, a segmentation technique is employed to
partition the image into distinctive regions, distinguishing between those exhibiting similarity and dissimilarity. Till now,
no specific preprocessing pipeline has been finalized.

Augmentation

As large amounts of data are necessary to train a model in DL, and it is not always possible to have a huge amount of
data, data augmentation techniques are applied to the existing dataset. Different augmentation operations such as
flipping, rotation, shearing, and cropping have been used to enhance the dataset size.

Classification

In different model architectures suggested by various researchers, various ML classification algorithms such as LR, SVM,
KNN, DT, Naive Bayes, neural networks, RF, and ensemble classifiers, as well as DL models including CNN, 3D-CNN, and
transfer learning models (VGG19, ResNet50, DenseNet201, InceptionV3, EfficientNetB0), have been used in many studies.
It is important to note that the highest accuracy results were always obtained in studies that implement DL methods for
lung cancer prognosis. Overall, RF and the ensemble technique XGBoost have achieved high accuracy, ranging from 97%
to 99.5%, compared to other ML techniques. Among DL models, CNN models achieved the highest accuracy, which
ranges from 93% to 98%. The accuracy of a model mainly depends on the quality of the dataset used, the preprocessing
procedures used, and the cross-validation strategies used.

The frequency of different datasets, preprocessing techniques, ML algorithms, DL algorithms, and evaluation metrics
used by different researchers in the review section is shown in Figures 5-9, respectively.
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Data, 2

SEER Survival
Dataset, 2

PET/CT Datasets
(Hospital-based), 3

FIGURE 5: Frequency of datasets used in the review section

CT, Computed Tomography; loHT, Internet of Health Things, loT, Internet of Things; PET, Positron Emission Tomography
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FIGURE 6: Frequency of preprocessing techniques used in the review section
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FIGURE 7: Frequency of machine learning techniques used in the review section

KNN, k-Nearest Neighbors; SVM, Support Vector Machine
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FIGURE 8: Frequency of deep learning techniques used in the review section

augmentation

CAE, Convolutional Autoencoder; CNN, Convolutional Neural Network; GAN, Generative Adversarial Network; DAE, Denoising

Autoencoder; LSTM, Long Short-Term Memory; VAE, Variational Autoencoder
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FIGURE 9: Frequency of different evaluation metrics used in the review section

AUC, Area Under the Curve; AUROC, Area Under the Receiver Operating Characteristic Curve; PR, Precision-Recall; RMSE, Root
Mean Squared Error; RMST, Restricted Mean Survival Time

XAl and Clinical Interpretability

Although ML and DL models have proven in the literature to be highly effective in lung cancer detection and
classification activities, they are not yet applicable in clinical practice because of the absence of interpretability. Most of
the existing models are black boxes, and they do not provide a clear explanation of how decisions are made. This non-
transparency decreases clinician trust and limits their application in real-world healthcare contexts where interpretability
is essential in making informed decisions. Recent initiatives in XAl such as Grad-CAM, LIME, and SHAP techniques present
possible solutions since they offer visualization and interpretation of model predictions. The techniques can be used to
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detect significant areas in medical images and measure the contribution of features and, thus, improve the transparency
and reliability of the models. Nevertheless, the use of XAl methods in the existing lung cancer predictive research is still
constrained. In future studies, consideration should be made to integrate interpretable models to guarantee sufficient
predictive accuracy as well as clinical trust, accountability, and usability.

Beyond Classification: Toward Clinically Meaningful Outcomes

Even though a significant portion of the available literature is dedicated to classification accuracy as a way of
distinguishing malignant and benign lung nodules, this represents only one aspect of clinically relevant decision-making.
In real-world applications, patient survival prediction, disease progression, risk stratification, and treatment response
assessment are equally or even more important outcomes. Nevertheless, most ML and DL studies are limited by the
scarcity of longitudinal and well-labeled clinical data, restricting them to classification-based problems. Consequently,
new models tend to fail to describe the complexity of individual patient disease courses. Future studies should extend
clinical applicability beyond simple classification by incorporating multimodal data streams such as imaging, clinical
records, genomic data, and follow-up information. Integrative methods like these may allow creating more holistic
predictive models that help in planning personalized treatment and enhancing patient outcomes.

Conclusions

Lung cancer is an incapacitating non-communicable neoplastic disease that has great physiological and socioeconomic
consequences for individuals and society. It is essential to carry out timely prognostication to prevent the negative effects
of this disease. This paper provides an extensive review of systemic studies on a continuum of ML and DL approaches that
can support predictive operations at their initial stages to identify lung cancer using medical images, and they can also
classify the medical images as malignant or benign. As a solution to enable early detection of cancer, a new ensemble DL
model, enhanced by strict cross-validation processes, will be presented in future work. Furthermore, the different phases
of cancer development are also intended to be properly outlined, which increases the accuracy of treatment distribution
to patients affected by the disease. In future work, hybrid ensemble DL methods can be supported with XAl. XAl methods
can be applied to analyze and explain the significance of features playing important roles in prediction. There is a high
need to validate an ML or DL approach before applying it in regular clinical practice. These findings suggest that more
sophisticated models, together with different types of data, data augmentation procedures, and the use of ensemble
learning, can provide more precise and secure predictions. These methods are especially useful in capturing various
phases of the disease and facilitating early diagnosis. Nevertheless, these approaches require additional studies to
demonstrate their effectiveness on large-scale and clinically heterogeneous datasets. Altogether, it is possible to note
that the combination of these methods is a promising trend toward better Al-assisted lung cancer predictors.
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