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The CT scan provides useful information but has limitations in detecting subtle patterns.

NOISIAI

Machine learning models enhance cancer detection by extracting features, reducing

errors, and enabling early-stage diagnosis. Unlike earlier studies that focused on single
models, this paper compares three models: CNN, RF, and SVM. A total of 995 CT images
were resized to 128x128 pixels, representing both healthy individuals and patients across the
full range of lung cancer types. Using a feature hierarchy, CNN achieved a 96% validation
accuracy, and RF reached 95%, showing robustness. However, SVM with an RBF kernel
optimization outperformed the others, achieving over 98% accuracy with superior alignment
of hyperplanes, particularly in detecting fine malignant patterns. The key metrics used in this
study were sensitivity, specificity, and AUC, all of which showed a low false positive rate for
early lung cancer detection, bridging theoretical accuracy and clinical practicality. Data volume
and processing resources remain significant challenges for applying machine learning in early
lung cancer diagnosis. To address these issues, we suggest hybrid architectures (e.g., CNN-
SVM) that combine hierarchical feature learning and hyperplane optimization. These findings
could pave the way for Al-based clinical approaches, improving patient diagnosis and
treatment.
Keywords: Lung Cancer Detection, Machine Learning Models, Ct Scan Image Analysis,
Diagnostic Accuracy, Confusion Matrix
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Introduction:
Background:

Medical imaging has transformed healthcare by enabling the diagnosis, monitoring,
and treatment of various health conditions without surgery. Technologies like CT scans, MRIs,
and X-rays have become more advanced, leading to more accurate medical diagnoses. Lung
cancer remains one of the leading causes of cancer-related deaths worldwide, but early and
precise detection through imaging greatly improves outcomes. However, despite these
advancements, interpreting medical images manually still takes time and can lead to errors due
to human limitations [1].

The approach to analyzing medical imaging data has been revolutionized. Machine
learning, a branch of artificial intelligence, handles large volumes of data, identifies subtle
patterns, and makes accurate predictions through its powerful processing capabilities and
intelligent algorithms [2].

Deep learning, a subset of machine learning, is especially effective in analyzing images.
Its advanced methods have proven highly useful in identifying diseases, particularly lung
cancer, turning machine learning into a powerful tool for medical diagnostics [3], [4].
Objectives and Novelty:

The main goals of this study are three: (1) to compare how well three machine learning
models—CNN, RF, and SVM—can detect lung cancer from CT scans; (2) to enhance the
methods used to identify features and classify results to help with early diagnosis and lower
false positives; and (3) to carefully evaluate real-world issues (like dataset size and computing
needs) when using Al-based diagnostics in hospitals.

This research offers three key contributions: First, unlike previous studies focusing on
single-model approaches, we demonstrate that the SVM with RBF kernel outperforms CNN
and RF in accuracy (98% compared to 96% and 95%, respectively), particularly in identifying
subtle malignant patterns. Second, we confirm the clinical relevance of these models by
evaluating sensitivity (for early detection) and specificity (for minimizing false positives),
helping bridge the gap between theoretical performance and practical use. Third, we advocate
for hybrid approaches (e.g., CNN-SVM) to combine hierarchical feature learning with
hyperplane optimization—an underexplored direction in current literature.

Importance of Al in Clinical Settings:

The scalability of artificial intelligence (AI) models allows them to be used across a
wide range of medical institutions, including those with limited resources, making quality
diagnoses more accessible [5]. The integration of Al into clinical workflows has significantly
improved both diagnostic and therapeutic processes—particularly in lung cancer, where early
detection is vital for effective treatment. Al brings major advantages by increasing the accuracy
and efficiency of medical procedures. One key benefit is its ability to detect hidden issues, such
as lung nodules, by analyzing chest X-rays (CXRs) [0], [7]. These eatly detections lead to
quicker treatments and better patient outcomes.

Al models also support real-time analysis, especially during surgery, enabling surgeons
to make better decisions throughout the operation and enhancing surgical precision. In feature
extraction, Al reduces human error and provides consistent, repeatable results—essential for
reliable diagnosis. By automating routine diagnostic tasks, Al not only eases the workload on
healthcare workers but also cuts costs and frees up resources for more advanced treatments
18], [9].

Deep Learning in Medical Imaging:

Deep learning has brought a revolution to the field of medical imaging, showing
remarkable accuracy in disease detection and diagnosis. Convolutional Neural Networks
(CNNs), a type of deep learning model, have proven highly effective for analyzing 2D medical
images such as CT scans and X-rays. Unlike traditional machine learning models that rely
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heavily on hand-crafted features, CNNs automatically extract hierarchical features from raw
image data. This reduces the need for manual feature engineering and simplifies the diagnostic
process.

CNNs have shown strong performance in detecting lung cancer, as they excel at
identifying complex patterns in medical images, making them valuable for distinguishing
between malignant and benign tumors. Advanced CNN architectures like ResNet and
Efficient Net have further improved performance, expanding their use across a wide range of
medical imaging applications [10], [11].
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Figure 1. Flow chart of the Machine

The effectiveness of deep learning is evident in its growing use for delivering more
accurate and timely medical diagnoses. The future of deep learning in transforming medical
imaging lies in its ability to handle large datasets and adapt to the changing needs of healthcare.
The following section presents a comparative analysis of machine learning models,
highlighting the growing impact of Al in lung cancer diagnosis (as shown in Figure 1) [12],
[13].
Methodology:
Dataset:

The dataset used in this study consists of 995 CT scan images obtained from Kaggle
[14]. These images were collected over three months and represent a diverse group, including
both healthy individuals and lung cancer patients at different stages. Each image was
preprocessed and resized to 128 X 128 pixels (as shown in Figure 2) to standardize the input
size and ensure compatibility with machine learning models [15]. To enhance variability and
improve model generalization, data augmentation techniques such as rotation, flipping, and
zooming were applied. Additional preprocessing steps for improving image quality and
consistency included noise reduction using Butterworth filtering and normalization [16], [17].

Figure 2. One set of CT scan images (samples) from the training dataset
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Machine Learning Models:
Convolutional Neural Network (CNN):
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Figure 3. (a) CNN Training and validation accuracy, (b) CNN Training and validation loss
As shown in Figure 3 (a) and (b), Convolutional Neural Networks (CNNs) have

proven highly effective for image processing tasks. In this study, the CNN architecture

consisted of multiple convolutional layers with Rel.U activation functions, followed by max-

pooling layers to reduce dimensionality [10]. The fully connected layers then used the extracted

features to classify images as malighant or non-cancerous.

Figure 4 illustrates the CNN architecture used for image classification. It includes
convolutional layers with 32, 64, and 128 filters to extract image features, along with
MaxPooling layers to downsample the feature maps. A flattened layer converts the 3D features
into a 1D vector, which is then passed to a Dense layer. Dropout is applied to prevent
overfitting. The final output layer uses the softmax function to classify images into three
probability classes. The model was trained using categorical cross-entropy loss and optimized
with the Adam optimizer over 10 epochs. Dropout regularization helped prevent overfitting,
and the model achieved a validation accuracy of 96% during training [18].

Random Forest (RF):

Random Forest (RF), an ensemble machine learning method, was selected for its
adaptability and ability to handle complex data patterns. Key hyperparameters—such as tree
depth (optimized to 15), number of trees (n_estimators = 200), and minimum samples per
leaf (set to 5)—were fine-tuned using grid search cross-validation to balance the bias-variance
trade-off. During training, the RIFF model built multiple decision trees, each using a randomly
selected subset of features. The final classification was based on a majority vote from all trees
[19]. This approach proved robust against noise and resistant to overfitting, achieving 95%
accuracy as shown in Figure 5 (a) and (b). Additionally, the model provided feature importance
rankings, highlighting the most influential image features for lung cancer diagnosis [20].
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Figure 4. CNN architecture for image classification
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Figure 5. (a) Random Forest accuracy, (b) Random Forest loss
Support Vector Machine (SVM):

The Support Vector Machine (SVM) model achieved the highest accuracy—98%—as
shown in Figures 6 (a) and (b). Hyperparameter tuning involved selecting the optimal kernel
(RBF wvs. linear or polynomial, validated through 5-fold cross-validation) and adjusting the
regularization parameter (C = 1.0) to maximize margin separation. The SVM used a Radial
Basis Function (RBF) kernel to transform the input data into a high-dimensional space,
allowing effective separation of classes using a maximum-margin hyperplane.

To optimize performance, grid search and cross-validation were used to fine-tune the
kernel parameters and regularization coefficient, thereby improving the model’s generalization
ability [21]. Despite its higher computational cost, the SVM model accurately classified CT

scans as malignant or non-cancerous [22].
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Figure 6. (a) Support Vector Machine accuracy, (b) Support Vector Machine loss
Evaluation Metrics:

Model performance was evaluated using key metrics, including accuracy, sensitivity,
specificity, and area under the curve (AUC). Sensitivity measures the model’s ability to
correctly identify positive cases, which is especially important for eatly-stage cancer detection.
Specificity reflects the model’s ability to correctly identify non-cancerous cases and minimize
false positives [23].

The AUC provided an overall performance measure across different threshold levels.
Additionally, confusion matrices were used to illustrate the distribution of true positives, true
negatives, false positives, and false negatives for each model [24].

Training and Validation:

The dataset was divided into three sets: training, validation, and test, with a 70:15:15
split. The CNN models were trained using mini-batch gradient descent, while the RF and SVM
models utilized stratified k-fold cross-validation to ensure balanced class representation. To
enhance the robustness of the training set, data augmentation techniques, such as random
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rotations and flips, were applied. Model training was performed on a high-performance
computer system with GPUs, significantly reducing computation time.
Comparison of Techniques:
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Figure 7. Confusion matrix of Random Forest Model
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Figure 8. Confusion matrix of CNN Model

The analysis highlighted the strengths and weaknesses of each model. CNN excelled
at automatic feature extraction, making it scalable to larger datasets. RF provided insights into
feature importance, enhancing interpretability, though it slightly reduced accuracy. SVM, with
its ability to create complex decision boundaries, achieved the highest accuracy, but at a higher
computational cost. The complementary nature of these models underscores the potential of
ensemble methods to improve diagnostic accuracy. This study uses a variety of machine
learning algorithms to demonstrate the feasibility of automated lung cancer detection,

emphasizing the importance of tailored approaches to address specific diagnostic challenges.
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Results and Discussion:
Comparative Analysis of Model Performance:

This study utilized CT scan images to assess the effectiveness of three machine
learning models—CNN, RF, and SVM—in detecting lung cancer. The results presented in the
table below highlight the advantages and limitations of each approach.

Table 1 Performance comparison of ML models used

Model Accuracy | Standard Deviation | 95% Confidence Interval (CI)
CNN 96 0.8 [95.2-96.8]

Random Forest 95 +1.2 [93.8-96.2]
SVM 98 +0.5 [97.5-98.5]

The SVM model achieved the highest accuracy (98%, SD = 0.5, 95% CI [97.5-98.5]),
demonstrating its ability to differentiate between complex classes using a maximum-margin
hyperplane. The narrow confidence interval underscores its reliability in clinical applications.
The model's key strength was in early cancer detection, while its high specificity helped
minimize false positive diagnoses. The CNN model, on the other hand, showed a very high
sensitivity for early-stage lung cancer (96% accuracy, SD = +0.8, 95% CI [95.2-96.8]). The
SVM model also had the highest specificity, resulting in the fewest false positives and the
lowest diagnostic errors overall. The Random Forest model provided a balanced performance
but was slightly lower in both sensitivity (95%, SD = £1.2,95% CI [93.8-96.2]) and specificity
compared to the CNN and SVM models.

Performance Metrics:

In addition to accuracy, metrics like sensitivity, specificity, and AUC were also analyzed
for model evaluation. To ensure transparency, variability measures (SD and CI) were included
for all metrics (see Table 1). Sensitivity was identified as the key factor for early cancer
detection, while specificity played a crucial role in reducing false-positive diagnoses. The CNN
model demonstrated very high sensitivity for early-stage lung cancer and also performed
strongly in terms of AUC.

The SVM model had the highest specificity, resulting in the fewest false positives and
the lowest diagnostic errors overall. The Random Forest model provided a balanced
performance but was slightly lower in both sensitivity and specificity compared to CNN and
SVM. The confusion matrices further revealed that SVM achieved the best precision and recall
scores, reinforcing its reliability in both accurate detection and minimizing false positives.
Challenges and Limitations:

1. Dataset Size: The dataset consists of 995 images. While diverse, its size is too small to
effectively train highly complex models. Increasing the dataset size is necessary for better
generalizability and to reduce overfitting. The reported confidence intervals (e.g., SVMs [97.5—
98.5]) help address this by quantifying uncertainty [15].

2. Computational Resources: Training deep learning models, such as CNNs, typically
requires significant computational power, which may be challenging in resource-constrained
settings. The SVM model’s lower standard deviation (£0.5) and greater computational
efficiency make it more practical for deployment in such environments [11].

3. Variability in Medical Imaging: Variations in equipment and imaging protocols across
different institutions introduce variability, which can impact the performance of a given model
[16], [20].

4. Model Interpretability: Both CNN and SVM models demonstrated high diagnostic
accuracy. The confidence intervals (e.g., CNN’s [95.2-96.8]) provide clinicians with a statistical
safety margin for decision-making. However, since these models are black-box techniques,
their decision-making process is not transparent, which can be a significant limitation in
clinical settings, where interpretability is crucial for diagnosing and managing diseases [23],

[24].
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Discussion:

The study highlights how machine learning has revolutionized lung cancer diagnostics.
The SVM model delivers competitive performance with high accuracy (98%, CI [97.5-98.5])
and low variability (SD = %0.5), making it reliable for clinical practice, particularly for highly
accurate class-level task definitions. This aligns with Chen et al. (2022), who reported 96%
accuracy for SVM in lung nodule classification using a similar RBF kernel. However, our
model’s higher accuracy (98%) likely results from optimized hyperparameter tuning and a
more diverse training dataset [25].

The CNN model achieves 96% accuracy, surpassing the 94.5% reported by [26] for
3D CNN s in early-stage lung cancer detection. This improvement is likely due to our use of
advanced preprocessing techniques to enhance CT scan contrast [27]. However, our results
are marginally lower than the 97.2% achieved by [28] using hybrid CNN-Transformer
architectures, suggesting potential for further architectural improvements [29].

For Random Forest, our model's 95% accuracy outperforms [30], which achieved 93%
on a smaller dataset but falls short of the 96.8% reported by [31] using feature-engineered RF
ensembles. This discrepancy underscores the impact of feature selection strategies on
ensemble performance.

A 2023 meta-analysis by [32], noted that SVM and CNN models in lung cancer
detection typically achieve 94—97% accuracy. Our results (SVM: 98%, CNN: 96%) place us at
the higher end of this range, likely due to rigorous cross-validation and dataset balancing [33].

Despite the high performance of these models, challenges such as computational
demands and scalability must be addressed with efficient implementations [21]. The CNN's
adaptability and scalability make it well-suited for real-time applications and integration into
existing diagnostic workflows. Its ability to support large datasets and automate feature
extraction underscores the scalability of Al-based diagnostics across healthcare systems [10].

Although Random Forest is slightly less accurate, it offers valuable insights into feature
importance, helping clinicians understand which parts of images contribute most to
predictions. Our RF model’s feature importance rankings align with [34], who identified
texture and speculation as key predictors in CT-based diagnosis [35]. This makes RF useful in
validating Al models for clinical practice and emphasizes the need for combining multiple
models for improved diagnostic accuracy [19].

To advance Al in lung cancer diagnosis, hybrid models that combine CNN, SVM, and
RF should be explored for their complementary strengths. However, addressing dataset
variability issues and computational requirements remains crucial for making AI models more
practical and widely applicable [15], [11].

Future Directions:

Hybrid models hold great promise for improving lung cancer diagnosis by combining
the strengths of CNNs, SVMs, and Random Forests. CNNs excel at feature extraction [10],
SVMs are known for their high classification accuracy [21], and Random Forests provide
valuable interpretability [36]. By integrating these strengths, hybrid systems can be both
efficient and clinically informative.

The use of hybrid quantum architectures could also address scaling and computational
challenges, providing solutions to enhance performance [37]. Additionally, data augmentation
techniques are crucial for developing more reliable AI models, as they increase dataset
variability and help with model training [17]. Future studies should focus on large,
heterogeneous datasets that include diverse imaging modalities and populations. Generative
Adversarial Networks (GANSs), for instance, can generate synthetic data to further enhance
model variability [38].

Standardizing and accelerating Al development through shared collaborative
resources will play a vital role in advancing Al applications [26]. Real-time Al-based in-vivo
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diagnostics could revolutionize clinical workflows, enabling in-line analysis of imaging data
[28]. Lightweight models deployed on edge devices can assist radiologists by highlighting
critical areas or prioritizing urgent cases [30].

The adoption of Al in healthcare will be facilitated by improved usability and the
integration of explainable Al (XAI) methods [32], which will help build trust among clinicians.
Lastly, ethical considerations, such as data privacy, algorithmic bias, and regulatory
compliance, must be addressed to ensure responsible Al use in healthcare. Ongoing
collaboration among technologists, clinicians, and policymakers will be essential in developing
trustworthy and ethically sound Al systems [34].

Conclusion:

This study demonstrates the potential of machine learning algorithms in the
localization of lung cancer from CT scan datasets. The comparison of CNN, SVM, and RF
models highlights the unique strengths of each. The SVM model achieved the highest
performance accuracy (98%), while the CNN model excelled in scalability and efficiency with
large datasets. These models reveal complementary functions, with the possibility of
combining them through ensemble methods to further enhance diagnostic accuracy.

The paper underscores the importance and potential of automated lung cancer
diagnosis, focusing on the challenges these diagnostic methods address. By leveraging the
inherent strengths of each algorithm, future advancements in machine learning could
significantly improve the accuracy and reliability of lung cancer diagnosis, ultimately leading
to better patient outcomes and more effective healthcare solutions.
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