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Abstract

Lung cancer remains a leading cause of mortality worldwide, necessitating early and accurate diagnostic
approaches. This study presents a hybrid deep learning (DL) and machine learning (ML) framework for classifying
lung cancer from CT scan images. The proposed methodology employs histogram equalization for contrast
enhancement, followed by feature extraction using a pre-trained ResNet50 model, generating 1280-dimensional
feature vectors. These features are subsequently classified using five machine learning algorithms: Logistic
Regression (LR), Support Vector Machine (SVM), Random Forest (RF), XGBoost, and K-Nearest Neighbors
(KNN). Experimental evaluation on a four-class CT dataset (adenocarcinoma, large cell carcinoma, squamous cell
carcinoma, and normal tissue) demonstrates that Logistic Regression achieves superior performance with 90.00%
accuracy, 90.35% precision, 90.00% recall, and 90.03% F1-score
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Introduction

The world has become much healthier thanks to the changing environment, changing climate trends, and changing
lifestyles, among other factors, which have become more severe health challenges. All these have contributed to
health vulnerabilities in the populations around the globe. Respiratory diseases are a significant burden of health in
the world, and they play significant roles in the morbidity and mortality rates across the globe. The malignancies are
especially dangerous as they imply abnormal and faster growth of particular cells in certain parts of the body. These
abnormal cells when left unattended grow to malignant growth that leads to dire health effects [1-5].

Pulmonary carcinoma is a serious issue in the medical field since it has taken the lives of millions of people around
the world. Early detection of this situation is critical to effective treatment intervention and a better prognosis of the
patient. Computed tomography (CT) imaging is used to diagnose lung cancer by medical professionals. The modern
methods of computation, such as machine learning (ML) and deep learning (DL), help to identify pulmonary
malignancies earlier.

To be more precise, deep learning models, like convolutional neural networks (CNNs), are used to process CT
images in order to identify meaningful features in medical scans. These techniques identify significant data patterns,
and use them to classify images. The strategy has significant potential in the detection of diseases earlier, accurate
image-based classification, and customized treatment plans. Traditional diagnostic procedures are based on the
visual evaluation of CT images by radiologists who can cause subjectivity and reflect the limitation of individual
expertise. Conversely, modern ML and DL methods have a better predictive ability to determine lung cancer based
on radiographic images and, therefore, increase the diagnostic consistency and assist clinicians with the recognition
of pulmonary malignancies at earlier stages.

The objective of this research paper is

e To Perform a histogram equalization on a given dataset and use this dataset for the feature extraction

o To Extract a feature using ResNet50 and create a feature vector.

e To Build a traditional machine learning model such as LR, SVM, RF, XGBOOST and KNN and perform model
evaluation

The key contribution of this paper is develop a novel hybrid architecture using ResNet50 and traditional machine
learning model. In the next chapter we discuss about the literature survey for the lungs cancer prediction.

Literature Survey

To classify the type of lung disease in a cross-sectional chest X-ray, Zahin et al. (2026) introduced C-RNet, a small
(7.25MB) hybrid CNN-RNN model with explainable Al to identify four lung disease types, resulting in 93.73
percent accuracy and 94.6 percent F1-score. Grad-CAM was able to point at diseased areas. Nevertheless, the model
was tested with only one publicly available dataset, not externally, which poses generalization issues. There is also
the possibility of overfitting and no comparison with transformer-based models was conducted. There is a research
gap in the assessment of this method on multi-centre, realistic noisy data and integration of longitudinal patient data
beyond patient analysis of a single image [1]. Bhuvaneswari et al. (2026) conducted a systematic review of risk
factors that have been associated with lung diseases, including asthma, COPD, and fibrosis, smoking, air pollution,
and genetics. They suggested a deep learning method based on CT and X-ray imaging, which utilizes ResNet50 and
DenseNet to predict early. The limitations are the dependence on available public datasets without new data sets and
a comparison with transformer or hybrid models. Gap in research is in confirming their technique on multi-centre,
heterogeneous clinical samples and combining multimodal patient information (e.g. spirometry) to enhance
restrictive lung disease diagnosis compared to image based classification [2]. Hroub et al. (2024) created a low-cost
explainable deep learning diagnostic model with Inception-V3 on data augmented with inception-v3 (cropping,
rotation, horizontal flipping) to classify an x-ray of the chest as pneumonia, COVID-19, or no disease, performing
better than vision transformers. They also compared five CAM algorithms in terms of interpretability. The
limitations comprise the use of only two datasets of chest X-rays without external validation and testing of real-time
clinical deployment. The gaps in the research remain in assessing such a system on multi-center, heterogeneous
populations of patients and incorporating longitudinal imaging data to follow through disease progression beyond
binary classification tasks [3].

Sharma et al. (2025) used a CNN model on pre-processed (resized, normalized, augmented) chest X-ray images to
diagnose lung diseases, including pneumonia, tuberculosis and cancer, as a way of supporting radiologists with
limited resources. Their model performed well in terms of accuracy, precision, recall and F1-score. Its drawbacks
are its dependence on one publicly available dataset which was not externally validated clinically and its inability to
provide explanations of the model to make diagnostic decisions. The research gap is on assessing this CNN method
on multi-center, real-world noisy data and incorporating interpretability (e.g., CAM) to establish trust in automated
lung disease classification by clinicians [4]. V. Suvarchala et al. (year) suggested the combination of histogram
equalization to improve contrast and DenseNet121 to extract features and a stacking ensemble (LR, SVM, RF,
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XGBoost, KNN) with Logistic Regression as the meta-learner to classify lung cancer based on CT scans. Their
model had an accuracy of 98.5% which is better than standalone CNNs and approaches based on transfer learning.
Limitations: No external validation on multi- center datasets and no explainability tools to interpret model decisions.
There is a gap in the literature on the assessment of this stacking model on noisy CT images in practice and the
incorporation of time or longitudinal patient information to monitor progressive lung cancer [5]. Ahmed et al.
introduced an ensemble XGBoost-resnetl01 framework as a hybrid diagnostic framework that distinguished
between non-small cell lung cancer (NSCLC) and small cell lung cancer (SCLC). Their approach made use of
texture characteristics obtained through gray-level co-occurrence matrix (GLCM) analysis. Comparative evaluation
of several classifiers showed significant differences in the performance. The KNN algorithm had the best diagnostic
accuracy with 97.0% compared to SVM with significantly lower diagnostic accuracy of 83.0%. [9]. Nageswaran et
al. used the images of CT scans of 70 patients. During the preprocessing stage, a geometric mean filter was used to
improve the clarity of the image and to decrease noise. To cluster, K-means clustering algorithm was used to
classify areas of interest on the lung images. Three classification models such as artificial neural network (ANN), K-
nearest neighbors (KNN) and random forest (RF) were then implemented and tested. Comparative analysis showed
that the ANN model was the most accurate in classifying based on the data of the CT scan, to pick out pulmonary
abnormality, and was more accurate than both the KNN and the RF [10]. Ali et al. created a complex machine
learning and convolutional neural network (ML-CNN) model to classify lung medical images. Their classifier was
developed to differentiate between three different types: malignant nodules, benign nodules and normal lung tissue
without nodular structures. The authors used Bayesian thresholding and Taylor series approximation as
preprocessing methods to improve the quality of the image and minimize noise artifacts. Moreover, the particle
swarm optimization (PSO) was applied to optimize the performance of the classification model. The results of the
experiments proved that the given approach can be considered successful, with its classification accuracy being
98.45, which means that it can differentiate between pulmonary nodule types and medical imagery [11]. Patel et al.
carried out a research on the application of deep learning (DL) networks to predict lung disease based on medical
imaging. The method they used is a deep neural network model that characterized pulmonary diseases using
bronchial images. Comparative analysis showed that the proposed deep learning model demonstrated a high level of
diagnostic accuracy as compared to that of the human medical practitioners, a factor that shows that artificial
intelligence can outperform traditional clinical understanding. In addition, the authors examined the complementary
image processing methods that can be combined with the computer-aided diagnostic systems in order to support
decision making of clinicians. Their results highlight the importance of deep learning as an aiding algorithm to
enhance the accuracy and reliability of medical imagery-based lung disease diagnosis [12]. Venkatesh et al.
suggested a multi-stage model of medical image analysis that aimed at classifying the lung disease. During the
segmentation step, Otsu thresholding was used to differentiate between regions of interest and the background
structures. Cuckoo search optimization was also incorporated to improve the accuracy of pulmonary boundaries
delineation, resulting in a more precise segmentation. After segmentation, the process of extracting key
discriminative features of the processed images was carried out. These characteristics were then inputted into a
convolutional neural network (CNN) architecture to be classified. The accuracy of the proposed model is 96.97,
which is strong. Through this computer-aided diagnostic method, it supports medical practitioners by giving valid
predictions; therefore, reducing the possible wrong clinical decision making of detecting lung diseases [14].

Li et al. used 2,115 lung cancer patients, including both clinical data and blood-based protein biomarkers, to create
machine learning-based prediction models. The evaluation of six classifiers was carried out, random forest (RF),
logistic regression (LR), k-nearest neighbors (KNN), AdaBoost, XGBoost, and CatBoost. It was found that
CatBoost was faster than the other models and the best in terms of accuracy, with a high of 97%. The authors
decided that the combination of multi-modal patient data with ensemble machine learning methods can be helpful in
clinical decision-making. This prediction model helps medical professionals to tailor chemotherapy regimens to lung
cancer patients, thus helping provide more specific and personalized treatment regimens [15]. Bharati et al suggested
a hybrid deep learning network that combines both VGG-based feature extraction and a convolutional neural
network (CNN) model to classify lung disease based on chest X-ray images. Before training the model, the data
augmentation methods were used to improve the diversity and strength of training samples. The dataset used in the
study was the NIH chest X-ray dataset, which was downloaded on the Kaggle repository, which has a vast array of
pulmonary images. The performance of the models was measured in several measures such as precision, recall, F0.5
score, and validation accuracy. The proposed hybrid architecture attained a testing accuracy of 73, which is not very
impressive in detecting abnormalities in the lungs. This demonstration suggests that there are further opportunities to
optimize and improve architecture [18].

In the studies reviewed, a number of limitations are prevalent. The majority of the models have been tested on single
public datasets, and not external data, which brings up questions of their generalizability to real-world clinical
environments [1,2,4]. Some of the studies did not have tools of explainability, restricting clinician confidence on
automated decisions [5]. The problem of overfitting can still be experienced as a result of lack of cross-validation
[1]. Most of the methods failed to rival current transformer-based architectures [14]. Not many studies were
multimodal or longitudinal patient data. The field of noisy data and multi-center validation in the real world is
hardly explored [6].
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Methods and Materials

To conduct this research on predicting lung disease using CT scan images with the help of the deep learning, a
complete dataset of healthy and diseased CT scan images was gathered online in the Kaggle repository. One
thousand MRI images (CT scan images depending on conditions) were divided into training, testing and validation
folders. In particular, the proportion of images used to train models was 70 percent, testing was 20 percent and the
rest of the images were used to validate models. The medical imaging dataset that was utilized in this study is
grouped into four different groups: three kinds of pathological lung cancers Adenocarcinoma, Large Cell Carcinoma
and Squamous Cell Carcinoma as well as a control group comprised of normal lung tissue. Adenocarcinoma refers
to a subtype of a non-small cell lung cancer (NSCLC) that develops in the glandular cells, found around the
peripheral areas of the lungs. This malignancy is common with non smokers and the young people. It is important to
note that Adenocarcinoma is usually asymptomatic and tends to spread gradually with time and has the ability to
spread to other organs in the human body. Another type of aggressive form of NSCLC is Large Cell Carcinoma
which is typified by absence of cellular differentiation. This is a type of tumor that is made up of large, irregularly
shaped cells and may occur anywhere in the pulmonary anatomy. The illness is very fast-spreading and early
diagnosis is the only way to achieve good results in treatment.

Squamous Cell Carcinoma develops out of the squamous epithelial cells of the bronchial passages. The risk of this
type of cancer is significantly increased in individuals with a considerable smoking history. This cancer usually
occurs in the middle parts of the lungs and can cause the development of cavities in the lung tissue. Normal class
contains lung images with no evidence of cancerous growth, thus serving as a crucial reference point to train and test
classification models. With these four different classes included into the dataset, it will be possible to conduct
thorough analysis and improve diagnostic accuracy of the key types of lung cancer through deep learning
techniques.

Flow of algorithm

Step 1: Image pre-processing using Histogram Equalization

In this step we improve the contrast in the CT Scan images

For each CT Scan images I € RFX VY is applied to enhance the contrast of the images
I = HistogramEqualize (I)

This transforms the pixel intensity distribution to better represent features of interest

Step 2: In this step perform the feature extraction using transfer learning techniques such as ResNet50.
Fresneso(I) denote the extracted feature vectors:

X= FResNetSO(Ihe) eRd

The final feature vector is x=[X,] € R¢

Step 3: The extracted features from above steps is passed to the machine learning model such as LR, SVM,
RF, KNN and XGBoost. In this step we train the model using machine learning algorithms
Split feature matrix into training and testing sets:
Firain, Fiest, Yirain, Yeest = split (F, y, test_size = 0.2)
For each classifier Cy € C:
1. Train Cx on Fiin:
Ck = argmin_Ck L(Ck(Ftrain), ytrain)
Where L is the respective loss function.
2. Store trained model Cy.
End For

Step 4: in this step we perform the model validation techniques such as accuracy, precision, recall and F1-
score.

In this step we perform the model validation techniques such as accuracy, precision, recall and F1-score.
For each trained model Cy
1. Predict on test set:
S\Ik = Ck(Ftest)
2. Compute performance metrics:

* Accuracy:
TP + TN

Acck= ——mm—
TP+ TN+ FP +FN

* Precision:

TP
Py =
TP + FP
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 Recall:

TP
Ry =

TP + FN

e F1-Score:

Pk x Rk
Fl=2% %%
k Pk + Rk

3.2. Histogram equalization
Some MRI images that we use to extract the features not having the sufficient contrast. To extract the critical feature
of the images we use histogram equalization. The following is the steps that perform the histogram equalization.

Step 1: in the first step we need to analyse and adjust the pixel intensity value of the image. The MRI images
are grayscale images and each pixel has a single intensity value between 0 to 255.
Load a grayscale image /(x,y) of size M x N.

Step 2: in this step we count the how many times each intensity value between 0 to 255 appears.
Let the number of pixels with intensity level ry be nk then,

nk
P(rk) - Mx N

Fork=0,1,....,L-1
Where P(ry) is the probability of gray level ri

Step 3: Compute the cumulative distribution function (CDF)

In this step we calculate the cumulative sum of normalized histogram

C)=Xf P())

The CDF shows that how pixel intensities accumulate across the range. It redistributes the pixel values to spread
them more evenly across the entire range (0 to 255). This helps to enhance the contrast of the images.

Step 4: Use the CDF to map original intensities to new intensity.

Sk=round ((L-1),c (1) )

Where L denotes the complete set of gray levels present in the image. This transformation mechanism reassigns
pixel intensities according to their cumulative probability distribution, resulting in a histogram that appears flatter
and exhibits greater uniformity..

Step 5: Apply transformation to all pixels

During this stage, each original pixel intensity value ri gets substituted with its corresponding mapped value Sk
derived from the transformation function.

Ly (%) = T(1 (x))

This equation represents enhanced output image. Following this transformation, every pixel receives an updated
intensity value determined by its rank within the histogram's cumulative distribution function.

Histogram .
L“a*:ei'?;":mﬂge s EqualizationofCT — » TFE?RBZE;N';EB’;'"Q
g Scan images
Lse as input to Feature Vector
e «—— Store Feature Vectors #—— (1280-D)

Figure 1 : Histogram Equalization
The diagram above figure 1 illustrates a process approach to the improvement and classification of CT scan images
in a sequence. The first steps include loading an image and spatial resizing followed by histogram equalization to
boost contrast. The processed images are then inputted into a ResNet50 architecture through transfer learning in
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order to produce 1280-dimensional feature representations. These derived vectors are then stored and can be later
used as input features to a classifier. It is a combination method of contrast adjustment and deep feature learning to
enhance the results of CT image classification.

| | " image Pre- .
\ \ Processing and Feature Extraction

Input Dataset ,—» Histogram —->- using Transfer
| | | Equaization | [ e

| | Accuracy Recall
LR SVM RF
| | Precision FiScore | |
\ gy
Model Evaluation Using AOEROST KRN
| Accuracy, Precision, Recall and |
F1Score Classification Using Machine Leamning

Figure 2: Proposed Methodology

The proposed methodology diagram as shown in above figure2 shows a step-by-step process of the medical image
classification. It starts with input data set, then image pre-processing and histogram equalization to increase the
quality. Transfer learning is then applied to extract features with the ResNet50 model. These obtained features are
inputted into several machine learning models such as LR, SVM, RF, XGBoost and KNN. The performance of the
models is measured by common measures: accuracy, precision, recall, and F1-score. It is a hybrid method that uses a
deep feature extraction of a pre-trained CNN along with the traditional machine learning algorithms to obtain a
strong classification. The architecture allows comparison of the assessment of various classifiers and it is
computationally efficient which is important in medical imaging tasks where interpretability and performance are
paramount.

Result and Discussion

This chapter presents a Hybrid deep learning and machine learning model that predicts lung diseases based on the
CT scan images. It uses a transfer learning model, like ResNet50, to extract high-level features and then the features
are subjected to a machine learning classification model, including LR, SVM, RF, Xgboost and KNN. Python
implementation of the experiments was performed via the Google colab environment and accelerated with T4 GPU
to maximize the computational time. The present chapter evaluates the work of transfer learning models like
ResNet50 in order to enable effective feature detection in medical images.
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Figure 3: Accuracy vs Epoch as model evaluation

The above figure 3 graph compares the performance of five machine learning classifiers such as LR, SVM, RF,
XGBoost and KNN across 10 training epochs with accuracy as the evaluation metric. Among all models LR
achieved the highest accuracy of 90.0%, followed closely by KNN at 89.5%, XGBoost at 87%, Random Forest at
86% and SVM at 84%. The results indicate that simpler models like LR and KNN outperformed more complex
ensemble methods in this specific task. The plot demonstrates stable convergence for most classifiers by the final
epoch, suggesting consistent learning behavior. LR is identified as the best-performing model achieving a peak
accuracy of 90%, making it a suitable choice for the proposed classification framework.

Table 1 : Model Performance Summary (After 10 Epoch)

Model Accuracy Precision Recall Flscore
Logistic Regression 90.00% 90.35% 90.00% 90.03%
SVM 84.00% 84.29% 84.00% 83.81%
Random Forest 86.00% 87.44% 86.00% 85.75%
XGBOOST 87.00% 87.54% 87.00% 86.98%
KNN 89.50% 89.46% 89.50% 89.46%

Table 1 summarizes the performance of five classifiers after 10 epochs using accuracy, precision, recall, and F1-
score. Precision measures the proportion of correctly predicted positive instances out of all predicted positives,
reflecting low false positives. Recall (sensitivity) indicates the proportion of actual positives correctly identified,
capturing false negatives. The F1-score is the harmonic mean of precision and recall providing a balanced metric
when classes are uneven. In the results Logistic Regression achieved the highest accuracy (90.00%), precision
(90.35%), recall (90.00%), and F1-score (90.03%), indicating excellent and balanced classification. KNN followed
closely with 89.50% accuracy and consistent metrics. XGBoost and Random Forest showed moderate performance,
while SVM recorded the lowest values across all metrics. The close alignment between precision and recall for each
model confirms no significant bias toward false positives or false negatives. Overall, Logistic Regression
demonstrated superior and stable classification capability.

Final Accuracy Comparison After 10 Epochs
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Figure 4: FInal Accuracy Comparison after 10 epoch
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The model employs an initial learning rate of 0.0001 to ensure gradual convergence and the Adam optimization
algorithm to perform adaptive updates of parameters. In the case of multi-class prediction, Cross-Entropy loss
function is the optimization objective. Training uses a step-based learning rate scheduler which decreases the rate by
a factor of 0.1 after each 7 epochs, allowing it to optimize better. The entire training is based on 10 epochs that are
expedited by the use of GPUs. Model efficacy is measured using standard classification measures such as accuracy,
precision, recall and F1 measure as a performance measure..

The suggested system alleviates major shortcomings of previous studies by integrating histogram equalization to
enhance the contrast with ResNet50 based feature extraction and then classification with various machine learning
models. Contrary to the current techniques where a single public dataset is used without any external validation, this
model uses a four-class CT scan dataset (adenocarcinoma, large cell carcinoma, squamous cell carcinoma, and
normal tissue) with clear train-test-validation splits. Some of the existing systems were more accurate (e.g., 98.5%),
but were not explained and not validated across different centers. The suggested work offers a comparative analysis
of five classifiers, with the best accuracy and equal precision-recall ratios attained by the Logistic Regression.
Moreover, hyperparameter tuning and implementation are explicitly tested, and reproducible using GPUs. In
contrast to other studies that do not take interpretability of the model into account, this system provides interpretable
levels of performance, and is thus more worth considering in clinical aspects despite the average accuracy
improvements.

Conclusion

This research successfully developed a hybrid framework combining ResNet50-based feature extraction with
traditional machine learning classifiers for lung cancer detection from CT images. Among the five evaluated
classifiers, Logistic Regression outperformed all others, achieving 90% accuracy with balanced precision-recall
metrics. The proposed methodology addresses key limitations identified in existing literature, including the lack of
external validation and limited classifier comparisons. While some prior studies reported higher accuracy, the
current approach offers reproducible results, explicit hyperparameter documentation, and balanced performance
across four distinct lung tissue classes. Future work should focus on external validation using multi-center datasets,
integration of explainable Al techniques, and exploration of transformer-based architectures to further enhance
diagnostic reliability and clinical adoption.
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