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1. Introduction

Lung cancer persists as one of the leading causes of cancer-related death
in both men and women globally [1]. Two main categories of lung cancer are
identifiable: non-small cell lung cancer (NSCLC) and small cell lung cancer
(SCLC) Transformation from NSCLC to SCLC has been reported in clinical
studies [2]. NSCLC represents approximately 85% of all lung cancer cases [3],
encompassing various histological subtypes including adenocarcinoma,
squamous cell carcinoma, and large cell carcinoma. Alarmingly, 70% of patients
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receive diagnoses at advanced stages, and 15% of cases remain undetected until reaching late stages [4]. The
mortality incidence (MI), representing the ratio between fatalities and total diagnosed patients, reaches a
staggering 80%.Consequently, developing precise detection techniques for lung cancer has become critically
important.

Computed tomography scanning (CT scan) functions as a diagnostic tool that synthesizes multiple
computerized views to create detailed internal visualizations of bodily structures. The scan yields valuable
information regarding various pulmonary conditions, including pneumonia, cancer, vascular thrombosis,
smoking-induced damage, and COVID-19 infection. With increasing reliance on CT scans, radiologists face
mounting pressure to detect, analyze, and quantify these images in real-time despite resource constraints.
Computerized techniques offer potential solutions to reduce resource demands, particularly in terms of time
and personnel requirements, in lung cancer screening protocols. Various approaches, including Machine
Learning [5], the Synthetic Minority Over-sampling Technique (SMOTE) [4], and Deep Learning [6], have been
proposed to enhance image analysis processes.

Given that analytical outcomes directly impact human lives, simplistic binary classifications (such as
benign or malignant) prove insufficient for justifying the utilization of information[7-8]. Despite achieving
accurate results, the opaque nature of many machine learning algorithms remains problematic, with decision-
making processes poorly understood. Consequently, medical applications of machine learning necessitate
additional supporting evidence to validate methodological approaches. The interpretability and explainability
of machine learning algorithms for CT scan image analysis, therefore, emerge as crucial drivers in medical
image processing [9]. The benefits of explainable machine learning extend beyond mere accountability to
include model refinement and improvement.

In this research, we propose a comprehensive comparative study between conventional machine
learning approaches and explainable machine learning methodologies for feature extraction from lung CT
images. Our primary objective is to classify images, determining whether specimens exhibit benign or
malignant characteristics. The dataset comprises paired associations between lung CT images and
corresponding feature vectors, with each vector element representing quantitative image information, such as
the quantities of nodules of specific sizes in designated lung regions. Features undergo exhaustive generation
based on predefined criteria, including nodule dimensions and anatomical location [10]. SCLC displays
distinctive characteristics from NSCLC, notably exhibiting more aggressive growth patterns and a greater
propensity for widespread metastasis [11]. CT-based lung cancer detection methodologies categorize findings
according to cellular structure and anatomical location, providing detailed cross-sectional visualizations [12].
While CT scanning offers valuable diagnostic capabilities, including screening program support, three-
dimensional imaging, and biopsy guidance, limitations persist regarding ionizing radiation exposure, false-
positive results, and dependence on expert radiological interpretation [13].

Our research introduces an innovative data engineering technique designed to enhance classification
efficiency for lung cancer diagnosis using CT scan images [14]. We employ explainable machine learning
methods to capture distinctive imaging features and conduct rigorous comparative analysis of data encoding
using interpretable classification algorithms [15]. Our findings consistently demonstrate that explainable
approaches outperform non-interpretable alternatives, yielding superior diagnostic accuracy for pulmonary
malignancies [16].

2. Materials and Methods

2.1 Interpretability and Explainable Machine Learning

The field of explainable machine learning addresses the critical need for algorithmic transparency,
particularly in healthcare applications where understanding model decisions directly impacts patient care.
While conventional machine learning often prioritizes performance metrics, explainability focuses on
providing human-comprehensible justifications for model predictions [17]. Interpretability encompasses
multiple dimensions, including algorithm transparency, feature relevance, and decision logic visualization.
Asnoted by Doshi-Velez and Kim, interpretability in machine learning can be defined as "the ability to explain
or present in understandable terms to a human" [9]. This definition emphasizes the human-centric nature of
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explainability, recognizing that different stakeholders—such as clinicians, patients, and researchers—may
require different types of explanations. For medical imaging applications, model interpretability facilitates
trust establishment among healthcare professionals by revealing the reasoning behind diagnostic suggestions.
This transparency becomes particularly crucial when algorithms influence treatment decisions with
potentially life-altering consequences [8]. Our research employs interpretability methods that strike a balance
between explanatory clarity and diagnostic accuracy, addressing the unique challenges posed by pulmonary
nodule classification.

2.2 CT Image Feature Analysis

Computed tomography feature analysis involves the systematic extraction and quantification of
imaging characteristics that correlate with pathological findings. In lung cancer assessment, these features
capture crucial information about nodule properties, including size, shape, margin characteristics, and internal
density patterns [10]. Pulmonary nodules in CT images typically present as approximately spherical opacities
with diameters of less than 30mm. These can be classified based on their density profiles as solid, part-solid,
or ground-glass opacities, each carrying different clinical implications regarding malignancy potential [11].
Feature extraction algorithms quantify these visual characteristics into numerical descriptors, making them
suitable for algorithmic processing. Our methodology employs a comprehensive feature extraction approach
that captures first-order statistics (intensity distribution measures), shape metrics (morphological descriptors),
texture features (spatial pixel relationship patterns), and wavelet-based characteristics [4]. By transforming
visual data into quantitative measurements, these techniques enable precise comparison between cases and
facilitate reproducible assessment of subtle imaging findings that may elude visual detection.

2.3 Detection of Lung Cancer Disease Based on CT Image

Lung cancer detection from CT images presents a complex diagnostic challenge, requiring the precise
identification of potentially malignant pulmonary nodules against a background of typical anatomical
structures. The process begins with image preprocessing and segmentation to isolate lung parenchyma from
surrounding tissues [12]. Computer-aided detection systems have evolved significantly, progressing from
basic rule-based algorithms to sophisticated deep learning architectures. Early detection methods
demonstrated limited sensitivity, while contemporary approaches achieve substantially improved
performance. As demonstrated by Li et al., automated systems utilizing deep features extracted from
autoencoders can achieve accuracy levels of 75.01% with a sensitivity of 83.35% [18]. Research by Faisal and
colleagues explored various machine learning approaches for nodule classification, finding that ensemble
methods achieved impressive accuracy ratings exceeding 99% under controlled testing conditions [19].
Additionally, multilayer architectures employing convolutional networks with fusion-based classification
have demonstrated detection rates above 99% with minimal false positives per image [20]. Our approach
incorporates explainable feature engineering techniques that enhance diagnostic transparency while
maintaining high classification performance. This methodology addresses the fundamental challenge of
providing interpretable results that can meaningfully inform clinical decision-making beyond simple binary
classification outputs.

2.4 Algorithmic Transparency in Clinical Decision Support

Machine learning algorithms in medical image analysis can be categorized along a spectrum of
interpretability, from inherently transparent "white box" models to complex "black box" systems [21]. White
box approaches—including linear regression, decision trees, and logistic regression—provide clear
relationships between input features and predictions. Conversely, black box models, such as deep neural
networks and complex ensembles, often achieve superior accuracy but operate through mechanisms that are
resistant to straightforward human understanding. This tradeoff between transparency and performance
presents significant challenges in clinical implementation. As demonstrated by studies utilizing the 1Q-
OTH/NCCD dataset, support vector machines with polynomial kernels achieved 89.89% classification
accuracy, substantially outperforming linear alternatives (82.02%) [22]. This performance differential
highlights the complexity of nodule classification tasks while emphasizing the need for sophisticated
modeling approaches. The emerging field of Explainable Al (XAI) addresses transparency limitations through
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techniques that illuminate decision processes, including feature importance ranking, partial dependence
analysis, and model-agnostic interpretation methods [23]. Notably, comparative studies have shown that
decision tree algorithms can achieve remarkable performance (93.24% accuracy) even without extensive
preprocessing, highlighting the potential value of inherently interpretable models in clinical contexts [16].
Our methodology synthesizes these insights by implementing a balanced approach that enhances model
transparency through feature engineering while preserving classification performance. This strategy aligns
with the requirements for medical Al systems that provide not only accurate results but also explainable
outputs that integrate meaningfully into clinical workflows.

2.5 Methods
This section outlines the specifics of the proposed methodology, detailing the processes and methods
used in conducting the research. This encompasses the study's design.

Overview of the proposed architecture
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Figure 1. The overall architecture of the experiment.

Feature engineering plays a crucial role in analyzing lung cancer using CT scans. In this intricate
process, we transform the raw data of the images into a structured format by converting salient features into
pixel values that a computational model can interpret and understand. The first step involves identifying and
extracting nodules, which are small, rounded opacities within the pulmonary tissue. Additionally, we isolate
solid masses, which are denser, irregular growths that could indicate more advanced pathology. By distilling
these complex visual cues into a set of features, we enable the algorithm to identify patterns and facilitate the
accurate diagnosis of lung cancer. (Figure 1) presents an overview of the proposed architecture. (a) The input
consists of a lung CT image dataset that includes normal and non-normal lung cancer CT images. We
performed an image pre-processing to reduce biased information and prevent overfitting. The input consists
of two types of images with the same format, which have been reshaped, resized, and reformatted. (b) This
study proposes a process for encoding images from the lung CT image dataset into a vector of features. In the
process of feature engineering for lung cancer detection using CT scans, we convert image-based features into
quantifiable pixel values. This involves the meticulous extraction of both nodules and solid masses,
transforming them into discernible features for further analysis (c) In addition, we compared the proposed
image classification process with other baseline models using two types of evaluations: Explainable machine
learning (i.e Logistic regression, Decision tree and K-nearest neighbor) and unexplainable algorithm (i.e.
Multilayer perceptron, Convolutional Neural Network and Support vector machine). (d) The final step is
performance measurement using five classification metrics: Accuracy, F1 Score, Precision, Time Complexity,
and Space Complexity. We propose that the size and location of the nodule affect the outcome.

2.5.1 Collection of datasets
We collected the Lung Image Database Consortium Image Collection (LIDC-IDRI) [24] Figure 2) ,which
consists of 244,527 diagnostic and lung cancer screening thoracic computed tomography (CT) scans fro 1,010
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patients. Additionally, we collected normal CT images from large public Covid-19 (SARS-CoV-2) lung CT scan
datasets, which include 1,229 negative cases (i.e., both normal and non-COVID images). The data is available
as 512x512px PNG images and has been collected from real patients in the radiology centers of teaching
hospitals in Tehran, Iran [25]. In conclusion, we have 1,224 cases for normal lung CT scans and 1,010 cases for
lung with cancer.

2.5.2 Pre-Processing Data and Feature Extraction

This experiment requires data pre-processing because raw CT scan files are not directly applicable to
the classification process. Since the images originate from different sources, we standardized them through
reformatting, recoloring, and resizing to reduce potential bias in the dataset. This process helps ensure
consistency across input images during the feature extraction phase. For the first dataset, which comprised
non-normal images, we used DICOM files—an established standard for medical imaging that healthcare
providers and equipment manufacturers have widely adopted. In this study, we focused exclusively on the
lung region by removing unnecessary parts, such as the heart and background structures.

Abnormal Lung Raw Image

Normal Lung Raw Image

Figure 2. The example of the Abnormal Lung and Normal Lung Raw Dataset.

The CT scan lung images in this dataset exhibit multi-dimensional. Our approach involves initially
converting these images from a 3D format to a 2D representation and subsequently performing a precise
cropping operation to extract the lung region. During the lung region extraction process, we calculated the
area encompassing most of the lung region, ensuring that it encapsulates the most relevant portion of the
complete image. Subsequently, we reformatted the entire image into a PNG file as part of the preprocessing
procedure. The second dataset comprises normal lung images, consisting of 1,229 negative cases. These
normal lung images are stored as 2D PNG files with dimensions of 415x345 pixels, which differ from the size
of the non-normal lung images. To maintain uniformity with the non-normal lung images, we conducted
resizing and zoom-out operations. Following this, we utilized the OpenCV (cv2) library for preprocessing
and executed cropping operations to isolate the lung region accurately.

2.5.2.1 Data Pre-processing

To ensure consistency, interpretability, and computational efficiency, two distinct pre-processing
pipelines were employed in this study. These pipelines were tailored to support the different experiments.
The aim was to transform raw lung CT scan images, both normal and abnormal, into structured feature sets
suitable for training and evaluating machine learning models. In the first experimental approach, CT scan
images were transformed into raw pixel-level vectors, preserving the grayscale intensity values directly from
the image arrays. Non-Normal Dataset: DICOM files were subjected to lung segmentation using masking
techniques to isolate lung regions see (Figure 3). Each image slice was then binarized, converted to grayscale, and
flattened into one-dimensional pixel vectors(Figure 4). These vectors were exported as CSV files for model input.
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(A) Original (B) Mask of Lungs (C) Segmented Lungs

Figure 3. The Example of Abnormal Lung and Normal Lung Masking Process.
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Figure 4. AbNormal Lung and Normal Feature Annotation and Vector Encoding Process.

The normal dataset is composed of PNG image files underwent manual region-of-interest (ROI)
annotation to isolate lung regions. The annotated images were processed in the same manner as the non-
normal dataset, ensuring consistency in vector representation (Figure 4).

The resulting feature vectors served as direct input for both explainable models (Logistic Regression,
Decision Tree, KNN) and traditional machine learning models (CNN, MLP, SVM). The second dataset design
employed an analytical approach that incorporated advanced morphological feature engineering techniques
to extract measurable attributes from pulmonary radiographs. The methodology involved a series of
systematic procedures executed in sequential order. Employing the OpenCV (cv2) computational library,
comprehensive contour analysis was conducted to identify and differentiate various pulmonary structures.
This analytical procedure facilitated the detection of potential malignant and benign nodules, parenchymal
tissue characteristics, vascular elements, and nodule candidates. The implementation of advanced computer
vision algorithms enabled the precise delineation of these structures based on their radiographic density,
morphology, and spatial relationships.

o It 13
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Figure 5.The Example of lung nodules.
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Pulmonary radiographs were partitioned into four anatomically distinct quadrants, as illustrated in
(Figb). This segmentation strategy permitted localized analysis of morphological characteristics, enhancing
the spatial specificity of feature extraction.
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Figure 6. Shows the contributing zone of the CT scan image.

Following the visualization and statistical analysis of contour area distributions (Figure 7), optimal
threshold parameters were established within the range of 0 to 70,000 spatial units. These thresholds were
implemented with systematic increments of 5 units across the entire range, establishing discrete categorical
boundaries for subsequent feature quantification.

100
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Figure 7. Graphical representation of contour result data distribution across the analyzed pulmonary specimens.

A comprehensive feature mapping framework was developed wherein contour areas were
enumerated within each predefined threshold range. This methodical approach facilitated the transformation
of complex morphological characteristics into a structured, high-dimensional feature space, as illustrated in
(Figure 6). The features extracted from both experimental pipelines—the raw vector dataset (Experiment 1)
and the morphologically encoded dataset (Experiment 2) —were utilized in the classification phase to evaluate
model performance. Specifically, both feature sets were applied to two categories of machine learning models.
Explainable Models, including Logistic Regression, Decision Tree, and K-Nearest Neighbor (KNN), which
provide transparent decision-making processes suitable for clinical interpretation. Traditional or Non-
Interpretable Models, such as Multi-layer Perceptron (MLP), Support Vector Machine (SVM), and
Convolutional Neural Network (CNN), which leverage more complex computational architectures for pattern
recognition.

Explainable Machine Learning (XAI): Explainable Artificial Intelligence (XAI) refers to transparent
models that have an intrinsic architecture that satisfies at least one of the three transparency dimensions
discussed in a previous section.
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1.1) Decision tree

Decision trees belong to the family of supervised learning algorithms that organize decision sequences
into intuitive tree-like structures (Figure 8). The architecture begins with the root node, positioned at the apex
of the tree, which encompasses the entire training dataset and serves as the starting point for analysis [15]. As
the algorithm progresses, it evaluates internal nodes where specific attributes are selected based on their
ability to effectively separate data into more uniform subgroups according to predetermined criteria. The
process then advances to data partitioning, where the algorithm divides information based on specific
thresholds or categories of the selected feature. This division creates distinct pathways representing different
decision outcomes. The algorithm continues this pattern recursively, generating new decision points and
branches as it navigates deeper into the tree hierarchy, until it reaches termination conditions such as
maximum depth or minimum improvement thresholds. At the tree's endpoints, leaf nodes represent final
classification outcomes where predictions are assigned to new data instances. In classification applications,
these terminal nodes contain specific category labels that are determined by the unique sequence of decisions
encountered while traversing from the root to the respective leaf position.

|
Q Root Node

KhhAha=

Figure 8. Structure of the Decision tree machine learning model.

Recent research has focused on evaluating various machine learning approaches for early detection of
pulmonary malignancies [15]. A comparative analysis examined multiple classification algorithms, including
probabilistic methods (Naive Bayes), boundary-based approaches (Support Vector Machine), connectionist
systems (Neural Networks and Multi-Layer Perceptron), hierarchical models (Decision Tree), and gradient-
enhanced variants (Gradient-boosted Decision Tree). Additionally, ensemble methods combining multiple
algorithms through Random Forest and Majority Voting techniques were assessed, with particular attention
to combinations that integrate the capabilities of MLP, GBT, and SVM. Among all methodologies evaluated,
the Gradient Boosted Tree demonstrated superior performance characteristics, achieving a classification
accuracy of 90% across testing scenarios. This finding highlights the potential value of boosted decision tree
architectures in clinical diagnostic applications, particularly for the early identification of lung cancer, where
accurate classification directly impacts treatment planning and patient outcomes.

1.2) K-nearest Neighbors

The K-nearest Neighbors (KNN) algorithm functions as a supervised learning classifier that utilizes
proximity relationships to determine the classification of data points. While capable of addressing both
regression and classification problems, KNN primarily serves as a classification method, operating on the
fundamental principle that similar data instances naturally cluster together in feature space [26] (Figure 9). In
their research, the investigators implement an enhanced k-Nearest-Neighbors approach supplemented with
genetic algorithm optimization for feature selection. This strategic combination effectively reduces
dimensionality while simultaneously improving classifier performance. The methodology targets an explicitly
accurate diagnosis of disease progression stages in lung cancer patients. To maximize the effectiveness of their
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proposed system, the research team conducts systematic experimentation to identify the optimal value for the
k parameter —the number of neighboring points considered during classification. Through rigorous testing on
a comprehensive lung cancer dataset, their approach demonstrates superior accuracy in disease stage
determination compared to conventional methods. The genetic algorithm component plays a crucial role in
identifying the most diagnostically relevant features while eliminating redundant or noisy variables that could
potentially degrade classification performance. This feature selection process not only improves accuracy but
also enhances computational efficiency by reducing the dimensionality of the feature space, allowing for more
rapid diagnosis without sacrificing precision. The methodology's success in accurately classifying different
disease stages highlights its potential clinical value, particularly in settings where timely and accurate staging
directly impacts treatment planning and patient management strategies.

Figure 9. Structure of K-nearest Neighbors (KNN) machine learning model.

1.3) Logistic Regression

Logistic Regression represents a versatile statistical methodology widely applied in classification
scenarios and predictive modeling. This approach effectively estimates occurrence probabilities for specific
events within datasets containing multiple independent variables. When applied to binary classification
problems—such as differentiating between non-COVID and COVID cases—the model generates probability
outputs constrained between 0 and 1. A fundamental aspect of this technique involves the logit transformation,
which converts odds ratios (the success probability relative to the failure probability) into a more
mathematically tractable form. Research by Chen et al. [27] examined various classification methods for lung
cancer prediction, with Logistic Regression selected as one of the key comparative algorithms. Their
investigation utilized comprehensive datasets from the UCI Machine Learning Repository, incorporating a
diverse set of predictive attributes. These features encompassed demographic factors (Age, Gender),
environmental exposures (Air Pollution, Dust Allergy, Occupational Hazards), lifestyle variables (Alcohol Use,
Balanced Diet, Obesity, Smoking, Passive Smoking), genetic predisposition (Genetic Risk, Chronic Lung
Disease), and symptom indicators (Chest Pain, Hemoptysis, Fatigue, Weight Loss, Dyspnea, Wheezing,
Dysphagia, Digital Clubbing, Respiratory Infections, Persistent Cough, and Sleep Disturbances). Within their
analytical framework, outcome classifications employed a three-tier labeling system: malignant tumors
received designation '2', benign tumors were labeled '1', and tumor-free healthy individuals were assigned '0".
Performance evaluation revealed that Logistic Regression achieved 66.7% accuracy in correctly classifying
cases across these categories. Notably, while Logistic Regression demonstrated reasonable predictive
capability, Support Vector Machine (SVM) algorithms consistently outperformed other classification
methodologies within the comparative analysis. This performance differential highlights the complexity of
lung cancer prediction and suggests that while Logistic Regression offers interpretability advantages, more
sophisticated algorithms may provide enhanced predictive power for complex medical classification tasks.
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2) Traditional Machine Learning

Unexplainable machine learning refers to a model that lacks transparency or interpretability. This kind
of machine learning model is complex and challenging to understand.

2.1) Multi-layer Perceptron

The Multilayer Perceptron (MLP), as described by Tamarindo et al. in 2018, emerges as a crucial
component within the realm of feed-forward neural networks. Comprising three distinct layers — an input
layer, a hidden layer, and an output layer — the MLP's architecture is eloquently depicted in (Figure 10). The
primary role of the input layer is to receive and process the incoming signals. On the other hand, the output
layer assumes responsibility for pivotal functions such as classification and prediction. Notably, MLP's
innovative prowess lies in its capacity to accommodate an infinite sequence of hidden layers, discretely
interposed between the input and output layers. This network structure, characterized by a unidirectional flow
of data from the input to the output layer, closely aligns with the feed-forward network paradigm. The training
regimen used to equip the nodes within the MLP with the requisite knowledge is underpinned by the
backpropagation learning technique. Through this method, MLPs refine their model parameters, thereby
enhancing their capability to generalize and make accurate predictions. Notably, MLPs exhibit a remarkable
capacity to address problems that defy linear separability, rendering them exceptionally adept at
approximating a wide spectrum of continuous functions.

Input Layers Hidden Layers Output Layers

O8O @
O @K @
O @@ @
O—0 00

Figure 10. Structure of a Multi-layer perceptron (MLP) machine learning model

This study presented a practical methodology for the detection and classification of lung cancer in CT
scan images [5]. The approach involved extracting texture features, including statistical features, which were
then fed into various classification algorithms. These algorithms included k-nearest neighbors, support vector
machines, decision trees, multinomial naive Bayes, stochastic gradient descent, random forests, and multi-layer
perceptrons (MLPs). The analysis outcomes revealed that the MLP classifier achieved the highest accuracy,
reaching an impressive rate of 88.55%, surpassing the performance of the other classifiers examined in the study.

2.2) Convolutional Neural Network

Convolutional Neural Networks distinguish themselves from traditional neural architectures through
their exceptional ability to process structured grid data, particularly images and audio signals (Figure 11). Their
specialized structure comprises three principal layer types. The convolutional layer serves as the network's
foundation, utilizing sliding filter matrices to detect local patterns through the generation of feature maps.
Pooling layers perform downsampling operations, reducing spatial dimensions while preserving essential
information and providing translation invariance. Fully connected layers serve as the final processing stage,
integrating the detected features to inform classification decisions. This hierarchical organization creates a
progressive feature extraction pipeline. The initial convolutional layers identify fundamental visual elements —
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detecting basic attributes such as color boundaries, edges, and simple textures. As information propagates
through intermediate layers, the network begins recognizing more complex patterns and structural
components of increasing abstraction. The deeper layers gradually assemble these components into
recognizable object parts, with each successive layer capturing increasingly sophisticated representations. This
architectural progression enables the network to transform raw pixel data into meaningful semantic concepts,
ultimately converging at the fully connected layer where comprehensive image understanding occurs and final
classification decisions are made. This hierarchical feature extraction mirrors how human visual processing
combines elemental visual information into coherent object recognition, but accomplishes this through learned
mathematical operations rather than biological processes.

o 5 | ) Output
[ Output

Qutput

Figure 11. Convolutional Neural Network (CNN) machine learning model.

The research by Cai et al. [28] addresses the critical challenge of developing effective computerized
detection models for COVID-19 diagnosis using CT imaging, with particular focus on overcoming the
limitations of small dataset sizes. The investigators propose an innovative architectural approach —the stacked
autoencoder detector model —which demonstrates significant performance improvements across multiple
evaluation metrics. Their methodology employs a two-phase implementation strategy. Initially, they construct
four specialized autoencoder modules that form the foundation layers of their detection system. These
autoencoders are specifically engineered to extract high-dimensional, information-rich features from thoracic
CT images that might otherwise remain undetected through conventional approaches. In the second phase,
these individual autoencoder components are integrated through a cascading arrangement, with their outputs
connected to a fully-connected dense layer and ultimately to a softmax classification layer. This creates a
comprehensive end-to-end detection pipeline capable of distinguishing COVID-19 manifestations from normal
pulmonary imaging. Performance evaluation reveals remarkable effectiveness, particularly noteworthy given
the limited amount of available training data. The system achieves exceptional results across all primary
assessment metrics: 94.7% overall accuracy, 96.54% precision (indicating minimal false positives), 94.1% recall
(demonstrating high sensitivity to positive cases), and a balanced F1-score of 94.8%.

2.3) Support vector machine

The Support Vector Machine (SVM) represents a sophisticated classification and regression
methodology, distinguished by its ability to optimize decision boundaries while controlling model
complexity. This technique particularly excels when processing high-dimensional feature spaces containing
thousands of predictor variables, making it exceptionally versatile across diverse application domains. The
wide-ranging applicability of SVM extends to numerous fields, including customer analytics, computer vision
applications, biological data processing, natural language understanding, network security, protein analysis,
and audio recognition systems, demonstrating its remarkable flexibility and effectiveness. At its core, SVM
operates by transforming input data into higher-dimensional feature spaces where separation between classes
becomes mathematically tractable. The algorithm identifies optimal hyperplanes that maximize the margin
between different categories, creating robust decision boundaries that generalize effectively to new data.
Through kernel transformations, SVMs can represent complex nonlinear relationships while maintaining
computational efficiency, enabling powerful classification capabilities even with challenging datasets. For
example, consider the following (Figure 12), in which the data points are categorized into two distinct groups.
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Figure 12. Support vector machine (SVM) machine learning model.

Research by Rahman et al. [14] demonstrates the effectiveness of SVM in medical imaging through an
innovative approach for pulmonary nodule analysis in CT scans. Their methodology employs a multi-stage
process, starting with the precise segmentation of lungs using active contour models. This initial delineation
is followed by specialized masking techniques that transform connected nodules into isolated structures,
making them suitable for classification. The critical detection phase employs an SVM classifier leveraging a
combination of two-dimensional stochastic features and three-dimensional anatomical characteristics. This
hybrid feature approach enables the system to accurately identify subtle nodule patterns while maintaining
contextual awareness of surrounding anatomical structures. Following detection, the system applies active
contour modeling to extract precise nodule boundaries, facilitating volumetric and morphological analysis.
This classification framework successfully differentiates between nodules connected to pulmonary structures
(such as vessel attachments or bronchial wall nodules) and isolated parenchymal nodules. The complete
system achieves 89% detection accuracy while maintaining minimal false positive rates, demonstrating SVM's
capability to handle complex medical image classification tasks with high precision.

Performance evaluation metrics

Performance evaluation metrics were applied to measure the effectiveness of a machine learning
algorithm. Five classification metrics were utilized, including accuracy, F1 score, precision, time complexity,
and space complexity. These metrics are crucial for evaluating the accuracy, efficiency, and efficacy of a model
or system, and for identifying areas that require improvement. Accuracy, which measures the proportion of
correct predictions made by the model or algorithm, is one of the most used performance evaluation metrics
in machine learning. However, it may not be applicable for multiclass classification problems where the output
has more than two categories. The F1 score, which balances precision and recall, is a flexible metric for dealing
with imbalanced datasets.

TP+ TN
TP + FP + TN + FN

F1 score is a metric commonly used in machine learning and statistics to evaluate the performance of
a classification model, particularly when dealing with imbalanced datasets. It is a single numerical value that
combines precision and recall, providing a balanced measure of a model's accuracy.

2TP
2TP + FP +FN

Precision and recall are two other important performance evaluation metrics that measure the
proportion of true positive predictions among all positive predictions and the proportion of true positive
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predictions among all actual positive instances, respectively. These metrics are particularly Fundamental in
applications where false positives or false negatives can have serious consequences, such as medical diagnosis.

1P
TP + FP

Time complexity and space complexity are measures of the computational resources an algorithm
requires during execution. Time complexity quantifies how the runtime increases relative to the input size,
typically expressed using Big O notation. This mathematical representation establishes an upper bound on
growth rates, enabling performance comparisons between different algorithms. Space complexity analyzes
memory utilization patterns, assessing both primary algorithm storage needs and auxiliary memory
requirements. For data-intensive applications such as medical image processing, space complexity becomes
particularly critical when handling large datasets like high-resolution CT scans. When evaluating machine
learning models for clinical applications, these metrics take on special significance. While complex models
may achieve superior classification accuracy, their computational demands might render them impractical for
real-time diagnostic settings. Algorithms demonstrating favorable time and space complexity characteristics
offer advantages in resource-constrained environments where processing efficiency directly impacts clinical
workflow. The balance between algorithmic complexity and computational efficiency represents a key
consideration when developing diagnostic systems, particularly those intended for deployment in settings
with limited computational resources or where rapid results are essential for patient care.

3. Results and Discussion
3.1 Experimental Setup

In this study, we utilized the Lung Image Database Consortium Image Collection (LIDC-IDRI), as
reported by Armato, IIL et al. [24], which comprises 244,527 thoracic computed tomography (CT) scans for
diagnostic and lung cancer screening purposes from 1,010 patients. We also incorporated normal CT scans
from a publicly accessible COVID-19 (SARS-CoV-2) lung CT dataset, which includes 1,229 negative cases,
encompassing both normal and non-COVID-19 images. These datasets provide images in a 512x512px PNG
format, sourced from actual patients at the radiology departments of academic hospitals in Tehran, as documented
by Aria, M. et al. [25]. The final dataset includes 1,224 normal lung CT scans and 1,010 lung cancer cases.

3.2 Experiment Result

Table 1. Performance results of traditional machine learning models with normal and non-normal lung image

datasets.
Time Time
Model Accuracy Precision Recall F1 Score Complexity  Complexity
(min) (MB)
MLP 0.55 0.27 0.50 0.35 206.63 4811.45
CNN 0.96 0.97 0.96 0.96 3.40 5628.08
SVM 0.95 0.96 0.95 0.95 108.20 9767.71

In this section, we present two distinct solutions. The first solution pertains to the image classification
results, where we report the outcomes of our efforts in distinguishing individuals as having either normal
lung conditions or lung cancer, based on image analysis in (Table 1). The second solution focuses on the results
of our feature engineering endeavors, which also aim to identify individuals in the same manner,
differentiating between normal and cancerous cases, specifically those related to the lungs. We implemented
on Google Colaboratory notebooks, which allocated an A100 GPU. In this experiment, various performance
metrics were employed to assess the effectiveness of the machine learning model. A total of two experimental
runs were conducted, each consisting of three iterations, with the results subsequently averaged for inclusion
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in this report. Initially, the model was trained and tested using both normal and non-normal lung image
datasets. The results have been presented in (Table 2). The experiment yielded compelling results. The
Convolutional Neural Network (CNN) classification model emerged as the standout performer, achieving an
impressive accuracy rate of 0.95. This results in effectiveness in accurately classifying lung images as either
normal or those with lung cancer. On the other hand, when it comes to computational efficiency, in terms of
both runtime complexity and space complexity, the Logistic Regression classification model outperforms the
others. This model demonstrated an advantageous balance between accuracy and resource utilization, making
it a strong candidate for applications where efficiency is a critical consideration. In essence, our findings
emphasize the importance of selecting the right tool for the task at hand. While the CNN excelled in accuracy,
the Logistic Regression model showcased superior efficiency, highlighting the need to strike a balance between
precision and computational resources in practical applications.

Table 2. Performance comparison of different machine learning models with normal and non-normal lung
image datasets.

Time Space
Model Accuracy  Precision Recall  F1Score Complexity Complexity

(min) (MB)
Logistic Regression 0.91 0.92 0.90 0.91 0.71 3859.11
Decision Tree 0.94 0.95 0.94 0.94 22.6 5268.47
K-Nearest Neighbor 0.94 0.95 0.94 0.94 160.57 7793.39
MLP 0.55 0.27 0.50 0.35 206.63 4811.45
CNN 0.96 0.97 0.96 0.96 3.40 5628.08
SVM 0.95 0.96 0.95 0.95 108.20 9767.71

In the second experimental phase, we utilized a morphological feature engineering dataset for training
and testing, employing the same machine learning model as in the first phase. The outcomes of these
experiments are summarized in (Table 3). Notably, the highest accuracy rate achieved was 0.88, and this was
attained by both the Multilayer Perceptron and Support Vector Machine classification models. These results
underscore the effectiveness of these models in handling morphological feature engineering data for lung
cancer classification. Similar to the first experimental phase, when considering time complexity and space
complexity, the Logistic Regression classification model demonstrated superior efficiency. This finding
reaffirms the Logistic Regression model as a compelling choice for applications where computational
resources need to be optimized while maintaining high classification accuracy.

Table 3. Performance comparison of different machine learning models with the Feature Engineering Encoder

dataset.
Time Space
Model Accuracy  Precision Recall F1Score Complexity Complexity

(min) (MB)
Logistic Regression 0.86 0.87 0.87 0.86 0.04 176.80
Decision Tree 0.87 0.88 0.88 0.87 0.48 241.45
K-Nearest Neighbor 0.87 0.88 0.88 0.87 3.21 494.99
MLP 0.88 0.89 0.89 0.88 21.99 220.83
CNN 0.82 0.83 0.83 0.82 0.16 257.79
SVM 0.88 0.89 0.87 0.87 7.15 447 .40

Our analysis revealed two distinct dataset types. Models trained on standardized non-normal and
normal images achieved higher accuracy compared to those trained on feature-encoded datasets. However,
while differences in accuracy were apparent, precision and F1-score values showed only marginal variation.
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Significantly, the use of standardized images substantially reduced computational demands, with both time
and memory complexity significantly lowered. This finding highlights the potential for considerable efficiency
gains in lung cancer classification tasks. When comparing explainable machine learning models with
traditional non-interpretable approaches, we observed broadly comparable performance. The choice of
algorithm —whether Decision Tree, Logistic Regression, K-Nearest Neighbor, CNN, or SVM—did not
substantially alter the overall diagnostic effectiveness when applied to the respective datasets. To assess
whether performance differences were statistically significant, paired t-tests were conducted across cross-
validation folds. CNN achieved significantly higher accuracy compared to Logistic Regression and Decision
Tree (p < 0.05). In contrast, no significant difference was observed between CNN and SVM (p = 0.18).
Explainable models (Decision Tree, Logistic Regression, and KNN) demonstrated statistically comparable
performance to non-interpretable models on feature-engineered datasets, as evidenced by overlapping 95%
confidence intervals. These results suggest that small variations in performance do not undermine the
interpretability advantage of an explainable app. Overall, our findings underscore the importance of
considering both accuracy and resource efficiency in medical image classification. While certain datasets may
achieve marginally higher accuracy, the performance gap is often not statistically significant. Prioritizing
computationally efficient and interpretable methods is therefore essential for real-world clinical deployment,
where resource constraints and the need for transparent decision-making are critical factors.

3.3 Discussion

Unlike previous studies that primarily prioritized accuracy, our approach introduces a novel
morphological feature engineering pipeline that reduces computational burden while encoding radiologically
interpretable features. This dual benefit bridges the gap between Al accuracy and clinical usability. Our
comparative analysis highlights the trade-offs between accuracy, efficiency, and interpretability. While CNN
achieved the highest accuracy (0.96), explainable models such as Decision Trees and K-Nearest Neighbors
produced comparable results (0.94), with only a marginal difference of ~2%. Significantly, morphological
feature engineering reduced processing time and memory usage by up to 95% while maintaining clinically
acceptable accuracy (up to 0.88). By framing predictions in terms of radiological features such as nodule size,
opacity, and distribution, explainable models not only preserved diagnostic reliability but also enhanced
transparency and clinical trust. Overall, these findings suggest that explainable models, combined with feature
engineering, offer a practical and scalable solution for real-world deployment, supporting radiologists in their
diagnostic workflows rather than replacing them.
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Figure 13. Decision Tree classifier for lung cancer detection.

The tree structure illustrates how radiological features (e.g., nodule size, opacity) are used in decision
rules, with internal nodes representing feature thresholds and leaf nodes indicating class predictions (“cancer”
or “normal”) shown in (Figure 13). The gini impurity metric quantifies class purity at each node, where lower
values denote stronger separation. For example, one path shows that if feature_1 < 0.5 and feature_3 > 1.0, the
model predicts “lung cancer” with high confidence. This visualization clarifies the reasoning process, enabling
clinicians to trace decision paths and verify which features most influenced each prediction. Such transparency
is critical for integrating Al into clinical workflows, where interpretability and accountability are essential.

4. Conclusions

This research introduced a novel application of explainable machine learning methodologies for
feature encoding from lung cancer CT imaging data. By systematically comparing explainable algorithms with
black-box approaches, our framework demonstrated reliable effectiveness in identifying malignant
pulmonary nodules. Our results show that explainable models can achieve diagnostic performance
comparable to conventional methods, while offering the added advantage of interpretability. A key
contribution of this study lies in the morphological feature engineering pipeline, which substantially reduced
computational demands in terms of both processing time and memory usage. This efficiency gain represents
a meaningful step toward practical deployment in clinical environments. The broader implications extend to
real-world healthcare, where rapid, accurate, and interpretable decision support is essential. By aligning with
radiologists” diagnostic reasoning, explainable models can enhance trust and usability in clinical workflows,
thereby supporting early detection of lung malignancies and contributing to improved patient outcomes.
Looking ahead, this methodology holds promise for broader medical imaging tasks, including oncology,
dermatology, neurology, and other radiological applications. Future research should refine feature extraction
techniques, validate performance in diverse patient populations, and explore hybrid approaches that combine
feature engineering with deep learning. Explainable machine learning models integrated with morphological
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feature engineering offer a compelling alternative to black-box approaches. Although CNNs deliver slightly
higher accuracy, explainable models provide transparency, accountability, and clinical trust—attributes
essential for the responsible integration of AI in healthcare. By balancing accuracy, efficiency, and
interpretability, explainable Al can serve as a practical decision-support tool, ultimately laying the foundation
for trustworthy and sustainable clinical adoption.
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