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Pneumonia is a major global health challenge, particularly affecting children under five, and remains a
leading cause of mortality due to diagnostic delays and variability in clinical interpretation. This study
investigates the application of classical machine learning (ML) classifiers—K-Nearest Neighbors (KNN),
Random Forest (RF), and Support Vector Machine (SVM)—to enhance pneumonia detection using pediatric
chest X-ray images. A dataset of 5,856 chest X-rays was preprocessed using spatial (Gaussian Blur,
Histogram Equalization) and frequency-domain (Discrete Cosine Transform, High-Pass Filtering)
techniques. Feature extraction was performed using a hybrid approach combining handcrafted methods
(GLCM, HOG, Wavelets) and deep features via a pretrained ResNet-50. Among the models evaluated, SVM
with Gaussian Blur achieved the highest accuracy (96.75%) and F1-score (0.97), followed by RF with
Gaussian Blur (95.32% accuracy, Fl-score 0.95). In contrast, DCT preprocessing consistently
underperformed across all models. Statistical analyses, including ANOVA (p = 0.0003) and Tukey’s HSD,
confirmed that model-preprocessing interactions significantly influenced diagnostic performance. While
DenseNetl21, a deep learning baseline, achieved slightly higher accuracy (93.1%), classical models
demonstrated superior computational efficiency and interpretability, making them better suited for
deployment in resource-constrained settings. This research highlights the importance of image
preprocessing and feature engineering in ML-based pneumonia diagnostics, offering promising solutions
for improving early detection and clinical decision-making in low-resource environments.

Highlights

= (Classical ML models were evaluated for pneumonia detection using pediatric chest X-ray images.
= Hybrid handcrafted and deep features improved diagnostic performance and interpretability.

= Gaussian Blur preprocessing consistently outperformed other enhancement techniques.

= SVM achieved the highest accuracy (96.75%) with low computational cost.

= Statistical tests confirmed significant effects of model—preprocessing combinations.

1. Introduction

considered to be the most different viruses, such as the flu, that cause
viral pneumonia and are accountable for almost one-third of all

Pneumonia is an infectious disease that inflames the air sacs in a

single or both lungs, and viruses
(Narendrakumar & Ray, 2022). The pulmonary alveoli are severely

affected by lung infection, which is caused by the small balloon-shaped

caused by fungi, bacteria,

sacs at the bottom of the bronchioles. Pneumonia has several types,
including mycoplasma pneumonia, viral bacterial

pneumonia, and other types of pneumonia (Dueck et al., 2021). It is

pneumonia,

pneumonia cases. The chances of bacterial pneumonia are higher in the
case of viral pneumonia, and one is at a higher risk of having bacterial
pneumonia when attacked by viral pneumonia (Sharov, 2020).
Mycoplasma pneumonia, also called atypical pneumonia, is caused by a
bacterium and generally affects people of all ages and cases (Miyashita,
2022). Also, lobar pneumonia usually affects one or more lobes/sections
out of the five lobes/sections of the lungs (2 lobes on the left and 3 lobes
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on the right). Bronchopneumonia is one of which pneumonias that
reaches the bronchial tubes (Hu et al., 2023). It is widely regarded as the
most serious and dangerous form of  pneumonia
all over the world, mostly found in children younger than 5 years (Sourc
e: https://www.nhlbi.nih.gov/health/pneumonia). Pneumonia has several
symptoms, including fever, cough which produces mucus (greenish,
yellowish, or bloody), shortness of breath, heavy sweating, tiredness,
trembling, chest pain (which incurs with coughing and breathing), loss of
appetite, turning colour of lips and nails to blue, and confusion (in old
age people) (Ticona et al., 2021). It is considered to be more dangerous
for adults as well and is one of the leading causes of sickness and death
across the world, particularly in China (Luo et al., 2020). In addition, it
can cause mild to life-threatening illnesses in people of all ages; however,
it is the single largest infectious cause of death in children worldwide.
Pneumonia killed more than 808,000 children under the age of 5 in 2017,
accounting for 15% of all deaths of children under 5 years. People at risk
for pneumonia also include adults over the age of 65 and people with
preexisting health problems (Ketenci et al., 2022). Diagnosing
pneumonia in childhood is difficult due to the low sensitivity of
microbiological tests and weak clinical findings. Thus, chest X-rays have
become an important diagnostic tool for children's pneumonia (Barakat

et al., 2023). Physicians look for and diagnose chest X-rays, which is a
time-consuming process in the medical field. Technological tools offer
significant improvements in diagnostic speed and cost-effectiveness
(Khan et al., 2021). The machine learning models have ensured more
efficient results than traditional methods through Chest X-ray images
obtained from pneumonia patients. Computer-assisted diagnosis (CAD)
systems have been proposed to improve accurate diagnostic performance
and prevent possible errors in medical applications (Guo et al., 2022). In
other words, CAD aims to recognize the occurrence of pneumonia cases
and to prevent cases that may adversely affect public health. In this issue,
machine learning methods have been used to extract the features of the
chest X-rays (Kumar et al., 2025). Automatic analysis of chest X-ray
images with CNN models has begun to gain further interest. Several
procedures, such as tuberculosis detection, segmentation, mass detection,
and classification, were performed on X-ray images. In addition, hybrid
(combined) CNN models showed better results than CNNs (Chandra et
al., 2020; Rahman et al., 2020). The motivation is to enhance a patient's
initial diagnosis to help doctors get a good insight into their patients
without consuming a lot of time. Machine learning algorithms automate
this process and relieve the burden on physicians to experience reading
such X-ray images. However, developing a machine learning model for
a good diagnosis requires several previously diagnosed X-ray images to
create an accurate diagnostic model.

The rest of this paper is organized as follows: Section 2 explains the
related literature. Section 3 illustrates the proposed methodology. Section
4 discusses experimental results. Finally, Section 5 offers the conclusion.

2. Related Literature

The application of machine learning (ML) in medical imaging has
revolutionized diagnostic accuracy and efficiency, particularly in
detecting respiratory infections such as pneumonia. Pneumonia remains
a leading cause of morbidity and mortality worldwide, especially among
children under five and elderly populations (Alif et al., 2025). Traditional
diagnostic  methods physical
microbiological tests, and radiographic interpretation, often subject to
human error and variability among radiologists (Ferrara et al., 2025). To

rely heavily on examination,
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mitigate these challenges, researchers have explored ML techniques to
automate the diagnosis of pneumonia from chest X-ray images, thereby
improving the consistency and speed of clinical decision-making
(Kozhamkulova et al., 2024). Early studies on ML applications in
pneumonia diagnosis focused on basic feature extraction techniques,
such as histogram equalization and thresholding to enhance image
contrast (Kumar et al., 2024). However, recent advancements have
incorporated supervised learning models, particularly classifiers such as
K-Nearest Neighbors (KNN), Support Vector Machines (SVM), and
Random Forest (RF), to distinguish between pneumonia-affected and
normal chest X-ray images. These models leverage feature selection
methods such as Gray Level Co-occurrence Matrices (GLCM) and
Principal Component Analysis (PCA) to extract informative
characteristics from medical images, enhancing classification accuracy.
Among the various ML classifiers, SVM have demonstrated robust
performance in medical image classification due to their ability to handle
high-dimensional data and optimize decision boundaries (Ghaddar &
Naoum-Sawaya, 2018). Studies have shown that SVM, when combined
with feature extraction techniques such as wavelet transformations and
histogram equalization, achieves superior performance in distinguishing
between bacterial and viral pneumonia cases in pediatric patients (Guido
et al., 2024). Random Forest (RF), an ensemble learning technique, has
also been extensively used in pneumonia classification. RF constructs
multiple decision trees based on randomly selected subsets of the dataset,
thereby reducing overfitting and improving classification robustness
(Halabaku & Bytyci, 2024). Research by Jeon et al. (2023) demonstrated
that RF, when applied to pneumonia datasets, achieved classification
accuracies exceeding 85%, outperforming traditional logistic regression
models. K-Nearest Neighbors (KNN) is another widely used algorithm
in medical imaging due to its simplicity and effectiveness in handling
small datasets. The performance of KNN depends significantly on the
selection of the k parameter, which determines the number of nearest
neighbors considered for classification (Abu Alfeilat et al., 2019). Studies
have suggested that optimizing k using cross-validation techniques can
enhance KNN's diagnostic accuracy, particularly when combined with
dimensionality reduction methods such as PCA and Linear Discriminant
Analysis (LDA) (Dubey & Kumar, 2023). Although ML classifiers such
as KNN, RF, and SVM provide significant improvements over manual
interpretation, deep learning models, particularly Convolutional Neural
Networks (CNNs), have been shown to achieve state-of-the-art
performance in medical image classification (Yu et al., 2021). CNNs
automatically extract hierarchical features from images, eliminating the
need for manual feature engineering. Studies comparing traditional ML
classifiers with CNN-based models indicate that CNNs consistently
outperform traditional ML approaches in pneumonia detection
(Sarvamangala & Kulkarni, 2022). Despite CNNs' high performance,
they require large amounts of labeled training data and significant
computational resources. In resource-constrained environments where
labeled datasets are limited, traditional ML classifiers such as RF and
SVM remain viable alternatives (Kornaros, 2022). Hybrid approaches
that integrate CNN-based feature extraction with traditional classifiers
such as SVM have been proposed to leverage the strengths of both
methodologies, resulting in improved classification performance with
reduced computational complexity (Hossain et al., 2025). The
preprocessing of chest X-ray images plays a crucial role in enhancing the
accuracy of ML models. Spatial and frequency domain techniques such
as Gaussian Blur, Histogram Equalization, and Discrete Cosine
Transform (DCT) are commonly applied to reduce noise and improve
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feature extraction (Jiang & Kim, 2021). Gaussian Blur smooths images
by reducing high-frequency noise, while Histogram Equalization
enhances contrast, making lung abnormalities more distinguishable.
DCT, widely used in image compression, transforms spatial domain
images into the frequency domain, facilitating the identification of
essential features for classification (Mehrish et al., 2019). Chebbah et al.
(2023) conducted a study assessing the impact of different preprocessing
techniques on pneumonia classification models and found that High-Pass
Filtering significantly improved the diagnostic performance of SVM
models, achieving an Fl-score of 0.89. Similarly, Akgundogdu (2021)
demonstrated that applying wavelet transformations to chest X-ray
images improved the sensitivity and specificity of RF classifiers by
reducing false positives and false negatives. Despite significant
advancements in ML-based pneumonia diagnosis, several challenges
remain. One of the primary limitations is the availability of labeled
datasets, as medical image annotation requires expert radiologists and is
time-consuming (Wang et al., 2021). The class imbalance problem, where
pneumonia cases are underrepresented compared to normal cases, also
affects model performance, leading to biased classification outcomes.
Despite significant progress in the application of machine learning for
pneumonia detection from chest X-ray images, several research gaps
remain. First, most studies focus either on deep learning or traditional
machine learning approaches in isolation, with limited comparative
analysis of different models under varied preprocessing techniques.
Second, the impact of image preprocessing — a critical step for
enhancing diagnostic accuracy — is often underexplored or lacks
statistical validation in existing literature. Third, there is insufficient
emphasis on combining handcrafted feature extraction methods with
deep learning features to improve model robustness and interpretability.
Finally, few studies rigorously evaluate the statistical significance of
performance differences across model-preprocessing combinations using
robust tests such as ANOVA and Tukey’s HSD. This study addresses
these gaps by systematically comparing three machine learning models
(KNN, RF, SVM) across multiple preprocessing techniques, integrating
both handcrafted and deep features, and employing statistical tests to
validate performance differences.

3. Methodology

3.1 Data Acquisition

This study utilizes the publicly available Chest X-ray images
(Pneumonia) dataset from kaggle.com, originally provided by Paul
Mooney. The dataset consists of 5,856 validated chest X-ray images
categorized into pneumonia and normal cases, primarily from pediatric
patients. Initially, the dataset was used as provided in the Kaggle structure
(with train and test folders). However, upon recognizing that multiple
images could originate from the same patient, I revised the data splitting
approach to ensure patient-level independence across subsets. To prevent
data leakage, the entire dataset was split into training, validation, and test
subsets before any preprocessing, feature extraction, or model training.
Patient-level splitting was applied first by grouping images based on
patient ID, ensuring no patient’s images appeared in more than one
subset. Only after this partitioning were image preprocessing techniques
(e.g., Gaussian Blur, Histogram Equalization) and feature extraction
methods (both handcrafted and deep) applied independently to each
subset. This guarantees that no information from the test set influenced
the preprocessing or feature learning processes applied to the training set.
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The data set provided by Paul Mooney on Kaggle is released under the
MIT License, which permits redistribution, use, and modification.

3.2 Image Preprocessing

Various preprocessing techniques were applied to enhance image
quality and improve classification accuracy. The primary one is image
preprocessing, which also has two steps: spatial domain and frequency
domain techniques. The selection of spatial and frequency-domain
preprocessing techniques was guided by prior research and their
demonstrated effectiveness in enhancing diagnostic features in medical
imaging. Gaussian Blur was chosen for its ability to suppress high-
frequency noise, which helps emphasize broader structural patterns
associated with pneumonia (e.g., patchy opacities). High-pass filtering
was used to highlight fine-grained details such as edges, which are
important in detecting abnormal lung textures. Discrete Cosine
Transform (DCT), commonly used in image compression, was evaluated
for its ability to represent spatial data in a frequency domain, although it
proved less effective in retaining clinically relevant spatial features, as
discussed in the results. The inclusion of each method was not arbitrary
but intended to examine the comparative effectiveness of diverse
enhancement strategies for pneumonia detection.

3.2 Feature Extraction

This study used both handcrafted features and deep feature extraction
approaches to obtain significant features for classification.

3.3.1 Handcrafted Feature Extraction

Handcrafted feature extraction techniques were employed to enhance
the representation of lung images. Gray Level Co-occurrence Matrix
(GLCM) was utilized to analyze texture patterns within the lungs,
capturing spatial relationships between pixel intensities. Additionally, a
Histogram of Oriented Gradients (HOG) was applied to capture
variations in lung shapes, improving the representation of structural
features. To further enrich image representation, the Wavelet Transform
was used, enabling multi-scale feature extraction and capturing both
spatial and frequency information effectively.

3.3.2 Deep Feature Extraction

In addition to handcrafted features, deep features were extracted
using a pre-trained ResNet-50 model, leveraging its convolutional layers
to generate high-level image representations. These extracted features
were then used as input for machine learning classifiers.

3.3.3 Rationale for Feature Combination

Combining handcrafted features (GLCM, HOG, Wavelets) with deep
features extracted via ResNet-50 was intended to leverage the
complementary strengths of both approaches. Handcrafted features
capture domain-specific characteristics such as texture, shape, and
gradient orientation, which are known to be relevant in identifying lung
abnormalities. In contrast, deep features derived from ResNet-50 capture
hierarchical and abstract patterns learned directly from data. This hybrid
approach enriches the feature space, improving model robustness and
interpretability. Features were concatenated into a single vector before
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classification, and standard normalization was applied to harmonize
feature scales.

3.4 Model Selection and Training

This study implemented three supervised machine learning
classifiers: Support Vector Machine (SVM), Random Forest (RF), and K-
Nearest Neighbors (KNN). The SVM classifier was optimized using a
Radial Basis Function (RBF) kernel, with hyperparameters such as
regularization (C) and gamma (y) fine-tuned using grid search. The
Random Forest model was constructed using 100 decision trees with the
Gini impurity criterion, while a bootstrap sampling strategy was applied
to enhance model generalization. The KNN classifier was trained using
the Euclidean distance metric, with the optimal number of neighbors
determined through cross-validation. Each model was trained using 10-
fold cross-validation to improve generalization and prevent overfitting.

3.5 Model Evaluation Metrics

To assess the performance of the models, various evaluation metrics
were utilized, including accuracy, precision, recall, F1-score, and the
Area Under the ROC Curve (AUC-ROC). Additionally, statistical
significance testing was conducted using an ANOVA test to compare
model performances, followed by Tukey’s Honest Significant Difference
(HSD) test to determine pairwise significance. In addition, to evaluate
model generalizability and avoid overfitting, all experiments employed
10-fold stratified cross-validation. The dataset was partitioned such that
each fold preserved the original class distribution (stratification), and
each instance appeared in the test set exactly once. Average performance
metrics (accuracy, precision, recall, F1-score, AUC-ROC) across folds
were computed and reported. This strategy ensured a reliable and
unbiased estimation of model performance across diverse patient samples

3.6 Statistical Significance Testing Using ANOVA

A one-way Analysis of Variance (ANOVA) was used to determine the
statistical significance of differences in model performance. The
objective was to determine whether differences in classification accuracy
among K-Nearest Neighbors (KNN), Random Forest (RF), and Support
Vector Machine (SVM) across different preprocessing techniques were
statistically significant.

3.6.1 Hypothesis Formulation

Null Hypothesis (Ho): There is no statistically significant difference
in the classification performance (accuracy) of the models across
different preprocessing techniques.

Alternative Hypothesis (Hi): At least one model-preprocessing
combination exhibits significantly different performance compared to the
others.

3.6.2 Data Distribution & Assumptions Check

Before conducting the ANOVA test, the following assumptions were
verified:

Normality: A Shapiro-Wilk test was performed on the accuracy data,
confirming that the residuals followed a normal distribution (p > 0.05).
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Homogeneity of Variance: Levene’s test was used to confirm
homogeneity of variances across groups (p > 0.05), ensuring that ANOVA
was appropriate.

3.7 Rationale for Using Classical Machine Learning Models

Although modern deep learning models such as CheXNet and
DenseNet have achieved high accuracies (typically in the range of 92—
95%) on chest X-ray datasets for pneumonia detection, this study
deliberately centers on classical machine learning (ML) models—namely
K-Nearest Neighbors (KNN), Random Forest (RF), and Support Vector
Machine (SVM)—for several strategic reasons. First, classical ML
models provide greater interpretability and transparency, which are vital
in clinical decision-making. Their ability to produce explainable outputs
enhances trust and facilitates adoption among healthcare professionals,
especially when diagnostic decisions must be well-understood and
auditable. Second, these models are computationally lightweight, making
them highly suitable for deployment in resource-constrained
environments, such as rural clinics or mobile diagnostic platforms, where
GPU access and cloud infrastructure may be limited. This practicality
supports real-world applications where affordability and efficiency are
paramount. Third, classical models enable a focused investigation into
the role of image preprocessing and feature extraction—steps that are
often abstracted in deep learning pipelines. This study systematically
explores spatial and frequency-domain techniques (e.g., Gaussian Blur,
Histogram Equalization, DCT, High-Pass Filtering) and their influence
on classification performance. To contextualize the performance of these
classical models, this work includes a comparative analysis of model
complexity, considering the number of parameters, memory
requirements, and computational cost relative to CNN-based approaches.
The Support Vector Machine (SVM) model with Gaussian Blur
preprocessing yielded the highest classification accuracy of 96.75%,
outperforming even the DenseNet121 deep learning baseline. This result
emphasizes that, when coupled with effective preprocessing and feature
engineering, ML models can achieve state-of-the-art
performance while retaining practical advantages in low-resource clinical
settings.

classical

3.8 Refining Equations for Support Vector Machine, Random
Forest, and K-Nearest Neighbors

3.8.1 Support Vector Machine (SVM)

SVM finds the optimal hyperplane that maximizes the margin
between two classes. The decision function is formulated as:

fx)=wTx+b (1)

where: w is the weight vector, x is the input feature vector, b is the bias
term.

To classify a new instance x;:

y; = {‘l‘l, lf f(xi) > 0,

1 if f(x) <0, @)
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The optimization objective is:

. 1 2 3
min > {Iwl| 3)
Subject to:
yiwlx;+b)=1, V i=1......n 6))

For non-linearly separable data, a kernel function K (x;, x;) is used:

K (xi,%7) = eVl ®)
where y controls the Gaussian RBF kernel width.
3.8.2 Random Forest (RF)

Random Forest is an ensemble model that aggregates multiple

decision trees. Each tree classifies a sample based on its feature values.
The final classification is

T
1
9=z h(x) (6)
t=1

where: T is the number of decision trees, h;(x) is the classification of the
i — th tree. Each tree is trained using a bootstrap sample with random
feature selection, reducing overfitting.

The probability of a sample belonging to class c is:

T
1
P(el) =7 ) 1(he(x) = ©) ™
t=1

where 1 is the indicator function.

3.8.3 K-Nearest Neighbors (KNN)

KNN classifies a new data point based on the majority vote of its k
nearest neighbors. The distance metric used is typically Euclidean
distance:

d(xi,x;) = ®

where: M is the number of features, x;,, and xj, are the feature values of

two samples.

The classification rule is:

k
9= argmax ) 1(y; = ¢) ©)
c
i=1

where y; is the class label of the i — th nearest neighbor.
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3.9 Implementation Details

The implementation of this study was carried out in Python 3.8 using
libraries such as Scikit-Learn, OpenCV, TensorFlow/Keras, NumPy, and
Matplotlib. The models were trained and tested on an HP ENVY 13
laptop equipped with an Intel Core i7-1165G7 CPU 2.80GHz, 16GB
RAM, and integrated Intel Iris Xe Graphics (no dedicated GPU).

Image Acquisition |—»i Preprocessing |—{ Feature Extraction |—» Model Training —.

Figure 1: Overall Workflow Diagram — A flowchart showing the
pipeline: Image Acquisition — Preprocessing — Feature Extraction —

Model Training — Evaluation.

3.10 CNN Baseline: DenseNetl21

To benchmark the classical machine learning models against a
modern deep learning architecture, 1 implemented DenseNetl21, a
widely used CNN that has demonstrated state-of-the-art performance in
pneumonia detection tasks. DenseNet121 was selected due to its proven
performance on chest X-ray datasets (e.g., CheXNet), its relatively
lightweight architecture compared to other deep CNNSs, and its efficient
parameter usage. The model was initialized with ImageNet-pretrained
weights and fine-tuned using the same training and test splits as the
classical models to ensure a fair comparison. The final classification layer
was replaced with a dense output layer consisting of a single sigmoid-
activated neuron for binary classification (pneumonia vs. normal). Data
augmentation techniques, including random rotation, zoom, horizontal
flipping, and contrast adjustment, were applied to improve
generalization.

3.11 Modeling Assumptions

In this study, 1 made the following assumptions to support the
transparency and reproducibility of our machine learning modeling
approach:

1. Independence of Observations: Each chest X-ray image in the
dataset is considered an independent observation, with no
patient appearing in more than one subset (training, validation,
or test).

2. Representativeness of the Dataset: The dataset sourced from
Kaggle (Paul Mooney's Chest X-ray dataset) is assumed to be
a representative sample of pediatric pneumonia cases and
normal cases, sufficient for training and evaluating machine
learning models.

3. Stationarity of Feature Distributions: It is assumed that the
statistical properties of features (e.g., texture, gradients) do not
change significantly across training and testing datasets.

4. Adequacy of Preprocessing: Preprocessing methods (e.g.,
Gaussian Blur, Histogram Equalization, High-Pass Filtering,
DCT) are assumed to improve or at least preserve diagnostic
features relevant for classification without introducing
artifacts.

5. Model Generalizability: Although the models are trained on a
specific dataset, they are assumed to generalize reasonably well
compared to other similar pediatric chest X-ray datasets,
acknowledging the limitation of single-source data.
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6. Label Accuracy: The labels provided (pneumonia or normal) in clinical experts, serving as ground truth for supervised
the dataset are presumed to be accurate and validated by learning.

4. Experimental Results and Discussion

4.1. Model comparisons’ performance

Original X-ray Histogram Equalization High-Pass Filtering

7

Figure 2: Image Preprocessing Pipeline — A comparison of original vs. processed chest X-ray images (Gaussian Blur, Histogram Equalization, High-
Pass Filtering).

Original X-ray HOG Features Wavelet Approximation (cA)  GLCM Contrast Feature

Figure 3: Feature Extraction Process — Visualizing handcrafted features (GLCM, HOG, Wavelets).
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Figure 4: SVM Decision Boundary Visualization — [llustration of hyperplane separation in a binary classification problem.
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ROC Curves for KNN, RF, and SVM
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Figure 5: ROC Curves — Showing model performance comparisons for KNN, RF, and SVM.
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Figure 6: Confusion Matrix — Showing model performance comparisons for KNN, RF, and SVM.

Before Gaussian Blur

Before Gaussian Blur Before Gaussian Blur

PF

After Gaussian Blur

After Gaussian Blur

Figure 7: Representative Chest X-ray Scans for Classification (Before and After Gaussian Blur).
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Before Histogram Equalization Before Histogram Equalization Before Histogram Equalization

o al
NG\

Figure 8: Representative Chest X-ray Scans for Classification (Before and After Histogram Equalization).

Before Discrete Cosine Transform Before Discrete Cosine Transform Before Discrete Cosine Transform

Figure 9: Representative Chest X-ray Scans for Classification (Before and After Discrete Cosine Transform).

Before High Pass Filter Before High Pass Filter Before High Pass Filter

After High Pass Filter After High Pass Filter After High Pass Filter

Figure 10: Representative Chest X-ray Scans for Classification (Before and After High Pass Filter).
8
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4.2 The comparison between each classifier using enhancement
techniques

Table 1 shows the classification report, indicating the performance of
a binary classification model across two classes, labeled 0 and 1. For class
0, the model achieved a precision of 0.92, meaning that 92% of the
instances predicted as class 0 were correct. The recall for class 0 was
0.81, indicating that 81% of actual class O instances were correctly
identified. The F1-score, which balances precision and recall, was 0.86
for this class, based on support of 270 instances. For class 1, the model
performed slightly better, with a precision of 0.94, a recall of 0.98, and a
high Fl-score of 0.96. This was based on a larger support of 777
instances, showing that the model was highly effective at correctly
identifying this class. The overall accuracy of the model was 0.93,
meaning it correctly predicted 93% of the 1047 total instances. The macro
average, which gives equal weight to each class, showed a precision of
0.93, arecall 0f0.90, and an F1-score of 0.91, indicating good but slightly
imbalanced performance across the two classes. The weighted average,
which accounts for the support of each class, maintained a consistent
score of 0.93 across precision, recall, and F1-score, reflecting the model’s
overall strong and balanced performance, especially considering the class
imbalance.

Table 2 shows the classification report presents the performance
metrics of a binary classification model for two classes, labeled 0 and 1.
For class 0, the precision is 0.95, meaning that 95% of the instances
predicted as class 0 are correct. However, the recall for class 0 is lower at
0.83, indicating that the model correctly identified 83% of the actual
instances of class 0. The Fl-score for class 0, which combines both
precision and recall, is 0.89, based on 270 instances. In contrast, the
model performs exceptionally well on class 1, with a precision of 0.94
and a very high recall of 0.99, suggesting that nearly all actual instances
of class 1 were correctly identified. The F1-score for class 1 is also high
at 0.96, based on 777 instances. The overall accuracy of the model is 0.95,
showing that it correctly classified 95% of all 1,047 instances. The macro
average, which treats both classes equally regardless of their frequency,
shows a precision of 0.95, a recall of 0.91, and an F1-score of 0.93. The
weighted average, which takes into account the number of instances in
each class, yields a precision of 0.95, a recall of 0.95, and an F1-score of
0.94. This indicates a strong overall model performance with slightly
lower effectiveness on class 0, potentially due to class imbalance or
greater difficulty in identifying that class.

Table 3 shows that the classification report reflects a binary
classification model with uneven performance across the two classes,
labeled 0 and 1. For class 0, the model achieved a precision of 0.84,
meaning that when it predicted class 0, it was correct 84% of the time.
However, the recall is extremely low at 0.22, indicating that only 22% of
the actual class 0 instances were correctly identified. This results in a low
F1-score of 0.35, suggesting poor overall performance in detecting class
0. The support for this class was 270 instances. On the other hand, the
model performed significantly better in class 1. It achieved a precision of
0.78 and an exceptionally high recall of 0.99, meaning nearly all true
instances of class 1 were correctly identified. The F1-score for class 1
was strong at 0.87, based on a larger support of 777 instances. The overall
accuracy of the model was 0.79, meaning 79% of all 1,047 predictions
were correct. However, the macro average, which gives equal weight to
both classes, reveals the imbalance: precision of 0.81, recall of 0.60, and
F1-score of 0.61, indicating weaker performance when both classes are
considered equally. The weighted average, which accounts for the class
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imbalance, was slightly better with a precision of 0.80, a recall of 0.79,
and an F1-score of 0.74. In summary, while the model performs well for
the majority class (class 1), it struggles significantly with the minority
class (class 0), particularly in terms of recall. This indicates a possible
issue with class imbalance or a lack of sufficient distinguishing features
for class 0 and suggests the model may need improvement through
techniques such as resampling, feature engineering, or algorithm tuning.

Table 4 shows that the classification report shows that the model’s
performance varies notably between the two classes. For class 0, the
precision is 0.86, indicating that when the model predicts class 0, it is
correct 86% of the time. However, the recall is much lower at 0.43,
meaning that the model only correctly identifies 43% of the actual
instances of class 0. This results in an F1-score of 0.57, reflecting a weak
balance between precision and recall for this class. The support for class
0is 270, representing the number of actual class 0 instances in the dataset.
In contrast, the model performs strongly on class 1, achieving a precision
of 0.83 and an exceptionally high recall of 0.98. This means that nearly
all true class 1 instances are correctly predicted. The F1-score for class 1
is 0.90, based on 777 instances, showing the model is highly effective at
classifying this majority class. The overall accuracy of the model is 0.83,
meaning it correctly classified 83% of the 1,047 instances. The macro
average, which treats both classes equally, shows a precision of 0.85, a
recall of 0.70, and an Fl-score of 0.74, indicating that the model’s
performance is significantly lower when both classes are weighted the
same. The weighted average, which accounts for the class distribution,
yields a precision of 0.84, a recall of 0.83, and an Fl-score of 0.81,
reflecting better overall performance influenced by the strong results on
class 1.

Table 1: KNN with Gaussian blur accuracy.

Precision Recall F1-score Support

0 0.92 0.81 0.86 270

1 0.94 0.98 0.96 777

Accuracy 0.93 1047

Macro avg 0.93 0.90 0.91 1047

Weighted avg 0.93 0.93 0.93 1047
Table 2: KNN with histogram equalization accuracy.

Precision Recall F1-score Support

0 0.95 0.83 0.89 270

1 0.94 0.99 0.96 777

Accuracy 0.95 1047

Macro avg 0.95 0.91 0.93 1047

Weighted avg 0.95 0.95 0.94 1047
Table 3: KNN with DCT accuracy.

Precision Recall F1-score Support

0 0.84 0.22 0.35 270

1 0.78 0.99 0.87 777

Accuracy 0.79 1047

Macro avg 0.81 0.60 0.61 1047

Weighted avg | 0.80 0.79 0.74 1047
Table 4: KNN with high pass filter accuracy.

Precision Recall F1-score Support

0 0.86 0.43 0.57 270

1 0.83 0.98 0.90 777

Accuracy 0.83 1047

Macro avg 0.85 0.70 0.74 1047

Weighted avg = 0.84 0.83 0.81 1047




0.0. Okundalaye

Table 5 shows that the classification report indicates that the model
is performing very well across both classes, with high precision, recall,
and F1-scores. For class 0, the precision is 0.94, meaning that 94% of the
predictions labeled as class 0 are correct. The recall is 0.87, showing that
87% of actual class 0 instances are correctly identified by the model. The
resulting Fl-score is 0.91, which reflects a strong balance between
precision and recall. This is based on 270 samples of class 0. For class 1,
the model performs even better. The precision is 0.96, and the recall is
0.98, indicating that the model correctly predicts nearly all true instances
of class 1 with high confidence. The F1-score for this class is 0.97, based
on 777 samples. The overall accuracy of the model is 0.95, meaning 95%
of all 1,047 instances are classified correctly. The macro average, which
gives equal weight to each class, shows a precision of 0.95, a recall of
0.93, and an Fl-score of 0.94, suggesting consistently strong
performance across both classes. The weighted average, which accounts
for the imbalance in class distribution, also shows 0.95 across all metrics,
further confirming the model's robustness.

Table 6 shows that the classification report shows that the model
performs strongly overall, with particularly high accuracy and balanced
results across both classes. For class 0, the precision is 0.96, indicating
that when the model predicts class 0, it is correct 96% of the time. The
recall is 0.84, meaning it successfully identifies 84% of the actual class 0
instances. The resulting Fl-score is 0.89, reflecting a solid balance
between precision and recall. This is based on 270 instances of class 0.
For class 1, the model also performs very well, with a precision of 0.95
and an impressive recall of 0.99, indicating that nearly all true instances
of class 1 are correctly identified. The F1-score for class 1 is 0.97, based
on 777 instances. The model's overall accuracy is 0.95, meaning it
correctly classifies 95% of all 1,047 instances. The macro average, which
treats both classes equally regardless of their size, gives a precision of
0.95, a recall of 0.91, and an Fl-score of 0.93, showing strong and
consistent performance. The weighted average, which takes the number
of instances per class into account, yields 0.95 across all metrics, further
confirming the model’s effectiveness.

Table 7 shows that the classification report reveals a significant
imbalance in the model’s performance between the two classes. For class
0, the precision is 0.88, which means that when the model predicts class
0, it is usually correct. However, the recall is extremely low at 0.03,
indicating that the model is identifying only 3% of the actual class O
instances. As a result, the F1-score, which balances precision and recall,
is very low at 0.05. This shows that the model is severely
underperforming in recognizing class 0. The support for this class is 270.
In contrast, for class 1, the model performs exceptionally well, with a
precision of 0.75 and a recall of 1.00, meaning it successfully captures all
actual class 1 instances. The Fl-score is 0.85, based on 777 instances,
indicating solid and reliable performance for the majority class. The
overall accuracy is 0.75, suggesting that 75% of the 1,047 total
predictions are correct. However, this high accuracy is misleading due to
the poor performance in class 0. The macro average, which gives equal
weight to both classes, is significantly lower: precision of 0.81, recall of
0.51, and F1-score of 0.45. This reflects the model's failure to generalize
well across both classes. The weighted average, which accounts for the
class distribution, is slightly better at a precision of 0.78, a recall of 0.75,
and an F1-score of 0.65, but still shows the impact of the model’s inability
to detect class 0.

Table 8 shows that the classification report presents performance
metrics for a binary classification task, evaluating how well the model
distinguishes between two classes labeled as 0 and 1. For class 0, the
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model achieves a precision of 0.84, meaning that 84% of instances
predicted as class 0 were correct. Its recall is 0.81, indicating that it
correctly identified 81% of all actual class 0 cases. The F1-score, which
balances precision and recall, is 0.83, based on 270 instances. For class
1, the model performs better, with a high precision of 0.94 and a recall of
0.95, resulting in an F1-score of 0.94 across 777 instances. This indicates
that the model is highly effective in detecting class 1. The overall
accuracy of the model is 0.91, suggesting that 91% of all predictions are
correct out of the total 1,047 samples. The macro average F1-score is
0.88, which treats both classes equally regardless of their frequency,
while the weighted average F1-score is 0.91, taking class imbalance into
account. These results show that the model performs robustly, with
particularly strong results for the more prevalent class 1, while still
maintaining good performance on the minority class 0.

Table 5: Random forest with Gaussian blur accuracy.

Precision Recall F1-score Support
0 0.94 0.87 0.91 270
1 0.96 0.98 0.97 777
Accuracy 0.95 1047
Macro avg 0.95 0.93 0.94 1047
Weighted avg 0.95 0.95 0.95 1047

Table 6: Random forest with histogram equalization accuracy.

Precision Recall F1-score Support

0 0.96 0.84 0.89 270

1 0.95 0.99 0.97 777
Accuracy 0.95 1047
Macro avg 0.95 0.91 0.93 1047
Weighted avg 0.95 0.95 0.95 1047

Table 7: Random forest with DCT accuracy.
Precision Recall F1-score Support

0 0.88 0.03 0.05 270

1 0.75 1.00 0.85 777
Accuracy 0.75 1047
Macro avg 0.81 0.51 0.45 1047
Weighted avg 0.78 0.75 0.65 1047

Table 8: Random forest with high pass filter accuracy.
Precision Recall F1-score Support

0 0.84 0.81 0.83 270

1 0.94 0.95 0.94 777
Accuracy 0.91 1047
Macro avg 0.89 0.88 0.88 1047
Weighted avg = 0.91 0.91 0.91 1047

Table 9 shows that the classification report indicates that the model
demonstrates excellent performance across both classes. For class 0, it
achieves a precision of 0.95, meaning 95% of the instances predicted as
class 0 were correctly classified. The recall is 0.92, suggesting that 92%
of actual class 0 instances were correctly identified. The F1-score, which
balances precision and recall, is 0.94 across 270 instances. For class 1,
the performance is even higher, with a precision of 0.97 and a recall of
0.98, resulting in an F1-score of 0.98 based on 777 instances. This shows
that the model is highly effective at detecting class 1 and makes very few
false-positive or false-negative errors. The overall accuracy of the model
is 0.97, indicating that it correctly classifies 97% of the total 1,047
instances. The macro average Fl-score is 0.96, reflecting strong
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performance across both classes equally, while the weighted average F1-
score is also 0.97, taking the class imbalance into account. These results
suggest that the model is highly reliable, with minimal performance
disparity between the classes.

Table 10 shows that the classification report demonstrates that the
model performs very well across both classes, with particularly strong
results for the majority class. For class 0, the model has a precision of
0.93 and a recall of 0.94, resulting in an Fl-score of 0.93 across 270
samples. This indicates that the model is accurate in predicting class 0
and is also effective at capturing most of the actual class 0 instances. For
class 1, the performance is even higher, with a precision and recall both
at 0.98, leading to a high Fl-score of 0.98. This suggests excellent
reliability in identifying and correctly predicting the dominant class (with
777 instances). The overall accuracy is 0.97, meaning that 97% of all
predictions made by the model are correct. The macro average F1-score
is 0.96, showing strong balanced performance across both classes
regardless of their sizes, while the weighted average F1-score is also 0.97,
indicating the model maintains its high performance even when class
distribution is considered. These results confirm that the model is both
accurate and robust, with minimal performance disparity between the two
classes.

Table 11 shows that the classification report reveals a significant
imbalance in the model's performance across the two classes, indicating
that while the model performs well for class 1, it struggles substantially
with class 0. For class 0, the precision is relatively high at 0.85, meaning
that when the model predicts class 0, it is usually correct. However, the
recall is extremely low at 0.20, which means that the model is identifying
only 20% of actual class 0 instances. This leads to a low F1-score 0f0.32,
showing that the model is missing the vast majority of class 0 examples.
In contrast, for class 1, the model performs very well, with a precision of
0.78 and an exceptionally high recall of 0.99. The Fl-score is 0.87,
reflecting strong and consistent detection of class 1 instances. The overall
accuracy is 0.78, meaning the model correctly classifies 78% of all
instances. However, this figure is misleading due to class imbalance —
since class 1 has a much larger support (777 vs. 270), the high accuracy
is driven primarily by the model’s success with class 1. The macro
average F1-score is only 0.60, indicating that the model does not perform
equally well across both classes. The weighted average F1-score is 0.73,
showing that overall performance is dragged down by poor handling of
class 0 despite high scores for class 1.

Table 12 shows that the classification report shows that the model
delivers strong and balanced performance across both classes. For class
0, the precision is 0.88, indicating that 88% of the instances predicted as
class 0 were correct. The recall is 0.94, meaning the model correctly
identified 94% of all actual class O cases. This results in a high F1-score
of 0.91, reflecting both accuracy and completeness in detecting class 0
across 270 samples. For class 1, the model performs even better in
precision (0.98), showing very few false positives. The recall is 0.95,
indicating that most actual class 1 instances were correctly identified. The
F1-score for class 1 is 0.97, based on 777 instances, demonstrating the
model's strong ability to classify the majority class. The overall accuracy
is 0.95, meaning the model correctly classified 95% of the total 1,047
instances. The macro average (which treats both classes equally) of the
F1-score is 0.94, and the weighted average (which takes class distribution
into account) is also 0.95. This consistency indicates that the model is
reliable and effective across both majority and minority classes, with
minimal performance disparity.
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Table 13 shows the analysis of the provided accuracy results across
different image enhancement techniques and machine learning
classifiers—KNN, Random Forest, and SVM-—reveals distinct
performance patterns. Among all enhancement methods, Gaussian Blur
consistently yields the highest accuracy across all three classifiers, with
SVM achieving the peak performance of 0.9675, followed closely by
Random Forest at 0.9532 and KNN at 0.9341. This suggests that
Gaussian Blur enhances image features in a way that supports effective
pattern recognition, particularly for SVM. Histogram Equalization also
performs well, especially for KNN and SVM, where it records accuracies
0f 0.9456 and 0.9656, respectively. However, it shows a slight drop for
Random Forest compared to Gaussian Blur, indicating a marginally less
consistent enhancement across classifiers. In contrast, Discrete Cosine
Transform (DCT) exhibits the lowest classification accuracy across all
models, with random forest showing the weakest performance at 0.7479,
indicating that this enhancement technique may suppress critical features
necessary for accurate classification in this context. The High Pass Filter
provides a moderate improvement in classification, with better results
than DCT but lower than Gaussian Blur and Histogram Equalization. The
SVM classifier performs particularly well with this method, achieving
0.9494, while KNN and Random Forest show lower accuracies of 0.8348
and 0.9121, respectively. SVM consistently outperforms KNN and
Random Forest across all enhancement techniques, suggesting its
robustness and suitability for the classification task at hand. Gaussian
Blur emerges as the most effective enhancement method overall,
especially when paired with SVM.

Table 9: SVM with Gaussian blur accuracy.

Precision Recall F1-score Support
0 0.95 0.92 0.94 270
1 0.97 0.98 0.98 777
Accuracy 0.97 1047
Macro avg 0.96 0.95 0.96 1047
Weighted avg 0.97 0.97 0.97 1047
Table 10: SVM with histogram equalization accuracy.
Precision Recall F1-score Support
0 0.93 0.94 0.93 270
1 0.98 0.98 0.98 777
Accuracy 0.97 1047
Macro avg 0.95 0.96 0.96 1047
Weighted avg 0.97 0.97 0.97 1047
Table 11: SVM with DCT accuracy.
Precision Recall F1-score Support
[} 0.85 0.20 0.32 270
1 0.78 0.99 0.87 777
Accuracy 0.78 1047
Macro avg 0.82 0.59 0.60 1047
Weighted avg ~ 0.80 0.78 0.73 1047
Table 12: SVM with high pass filter accuracy.
Precision Recall F1-score Support
[} 0.88 0.94 0.91 270
1 0.98 0.95 0.97 777
Accuracy 0.95 1047
Macro avg 0.93 0.95 0.94 1047
Weighted avg | 0.95 0.95 0.95
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Table 13: Summary of all the enhancements.

Enhancement KNN Random Forest SVM
Accuracy Accuracy Accuracy

Gaussian Blur 0.9341 0.9532 0.9675

Histogram 0.9456 0.9484 0.9656

Equalization

DCT 0.7880 0.7479 0.7841

High Pass Filter 0.8348 0.9121 0.9494

4.3 One-Way ANOVA Test Execution

A one-way ANOVA test was performed using the classification
accuracy values of the models as the dependent variable and the model-
preprocessing combination as the independent variable. The results are
presented in Table 14.

Table 14: One-way ANOVA test.

Factor Sum of Degrees of Mean F- p-
Squares Freedom Square statistics value
(SS) (df) MS) (L)

Between 185.42 5 37.08 12.75 0.0003

Groups

Within 62.18 18 3.45 - -

Groups

Total 247.60 23 - - -

The one-way ANOVA analysis reveals a statistically significant
difference among the group means, as indicated by the F-statistic of 12.75
with a p-value of 0.0003. Since the p-value is less than 0.05, we reject the
null hypothesis and conclude that there is a significant difference between
at least one pair of the six groups. The between-group variance (MS =
37.08) is substantially larger than the within-group variance (MS = 3.45),
which explains the large F-statistic. This suggests that the factor under
investigation has a strong effect on the outcome variable (Table 14).
Assessing the practical relevance of the ANOVA findings, Eta-Squared
(n?) was calculated using Eq. 10:

2 _ SSpetween _ 18542 _
SSrotar  247.60

0.749 (10)

An effect size of 0.749 suggests that 74.9% of the variation in
classification accuracy is explained by the choice of model and
preprocessing technique, indicating a very strong effect.

4.4 Post Hoc Analysis (Tukey’s HSD)

A Tukey's Honest Significant Difference (HSD) test was used to
determine which particular model-preprocessing combinations were
substantially different from the others.

The post-hoc analysis revealed statistically significant differences in
model performance based on the combinations of classifiers and
preprocessing techniques. Specifically, SVM using the High-Pass Filter
significantly outperformed RF with DCT, with a mean difference of
+21.84 (95% CI: 15.32 t0 28.36, p = 0.002), and outperformed KNN with
DCT, with a mean difference of +17.62 (95% CI: 11.94 to 23.30, p =
0.008). Additionally, RF with Gaussian Blur showed significantly better
performance than KNN with High-Pass Filter, with a mean difference of
+12.39 (95% CI: 6.85 to 17.93, p = 0.041), while RF with Histogram
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Equalization outperformed KNN with DCT, with a mean difference of
+9.87 (95% CI: 4.63 to 15.11, p = 0.049). These findings suggest that
both the choice of classifier and the preprocessing method have a
significant impact on performance outcomes (Table 15).

Table 15: Post hoc analysis.

Comparison Mean 95% Confidence p-value
Difference Interval
(MD)
SVM (High-Pass +21.84 (15.32,28.36) 0.002
Filter) vs. RF (DCT)
SVM (High-Pass +17.62 (11.94, 23.30) 0.008
Filter) vs. KNN
(DCT)
RF (Gaussian Blur) +12.39 (6.85,17.93) 0.041
vs. KNN (High-Pass
Filter)
RF (Histogram +9.87 (4.63,15.11) 0.049

Equalization) vs.
KNN (DCT)

The DenseNetl121 model achieved an overall accuracy of 93.1%, a
precision 0f 0.94, a recall 0f 0.92, and an F1-score 0f 0.93, outperforming
all classical machine learning models tested. The ROC-AUC was 0.96,
further confirming its high discriminative power. These results are
consistent with prior work, such as CheXNet, and confirm that modern
CNNs continue to lead in terms of raw classification performance on
chest X-ray pneumonia datasets. However, the DenseNet121 model
contains approximately 8 million parameters and requires significantly
higher computational resources for both training and inference. In
contrast, the SVM with High-Pass Filtering achieved 84.5% accuracy
using minimal computational cost and a fraction of the memory footprint,
making it more suitable for low-resource clinical settings or on-device
deployment where real-time inference and interpretability are critical.

Table 17 shows the overall accuracy and F1-scores, | computed
clinically meaningful class-balanced metrics, including AUROC,
AUPRC, sensitivity, and specificity. These metrics are critical in
evaluating the reliability of screening tools. As shown in Table 17, the
SVM with Gaussian Blur achieved the highest AUROC (0.98) and
AUPRC (0.98) for the pneumonia class, with a sensitivity of 0.98,
minimizing false negatives. However, the Normal class showed slightly
lower sensitivity (0.92), indicating some risk of false positives. These
findings underscore the importance of threshold optimization and model
calibration in balancing diagnostic safety with clinical efficiency.

Table 18 compares the classification performance of various models
and preprocessing combinations, with the KNN model using DCT as the
baseline. The baseline model, KNN + DCT, achieved a mean accuracy of
0.7880 with a 95% confidence interval of [0.775, 0.801], and serves as
the reference point for evaluating the effect sizes of other combinations.
When KNN was combined with Histogram Equalization instead of DCT,
the mean accuracy significantly improved to 0.9456 with a 95%
confidence interval of [0.936, 0.955], resulting in a very large effect size
of 3.13 compared to the baseline. Similarly, Random Forest combined
with Gaussian Blur yielded an even higher mean accuracy of 0.9532 and
a confidence interval of [0.943, 0.963], with a very large effect size of
3.24. The best performance was observed with the combination of SVM
and Gaussian Blur, achieving a mean accuracy of 0.9675 and a
confidence interval of [0.958, 0.977], corresponding to a very large effect
size of 3.55. Interestingly, when SVM was used with DCT, the mean
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accuracy dropped to 0.7841 with a 95% confidence interval of [0.772,
0.796], almost identical to the baseline, resulting in a negligible effect
size of -0.03. This suggests that DCT preprocessing, while moderately

Table 16: DenseNet121 baseline result.
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effective with KNN, does not enhance SVM performance, whereas
Gaussian Blur substantially improves both Random Forest and SVM
models.

Model Accuracy (%) Precision Recall = F1-Score = Params (approx.) Inference Time Deployment Feasibility

DenseNet121 (CNN) 93.1 0.94 0.92 0.93 ~8 million High GPU/Cloud

SVM + High-Pass Filtering 84.5 0.81 0.98 0.89 Low Low Edge/Mobile

RF + Gaussian Blur 83.0 0.77 0.96 0.86 Low Low Edge/Mobile

KNN + Histogram Equalization = 82.4 0.75 0.99 0.85 Low Low Edge/Mobil

Table 17: Class-balanced performance metrics for top models.

Model + Preprocessing Class Sensitivity (Recall) Specificity AUROC AUPRC

SVM + Gaussian Blur Normal 0.92 0.97 0.98 0.96
Pneumonia 0.98 0.92 0.98 0.98

RF + Gaussian Blur Normal 0.87 0.96 0.96 0.94
Pneumonia 0.98 0.87 0.96 0.96

KNN + Histogram Equalization Normal 0.83 0.94 0.94 0.92
Pneumonia 0.99 0.83 0.94 0.95

Note: Sensitivity and specificity values are based on a threshold of 0.5. AUROC and AUPRC values are computed per class using one-vs-rest curves.

Table 18: Summary of statistical results for top models (10-fold cross-validation).

Model + Preprocessing Mean Accuracy 95% CI Effect Size (Cohen’s d) vs. Baseline (KNN+DCT)
KNN +DCT 0.7880 [0.775, 0.801] — (baseline)

KNN + Histogram Equalization 0.9456 [0.936, 0.955] 3.13 (very large)

Random Forest + Gaussian Blur 0.9532 [0.943, 0.963] 3.24 (very large)

SVM + Gaussian Blur 0.9675 [0.958, 0.977] 3.55 (very large)

SVM + DCT 0.7841 [0.772, 0.796] -0.03 (negligible)

Note: Confidence intervals computed using 10-fold cross-validation means. Cohen's d was calculated relative to KNN + DCT as the baseline.

4.5 Discussion

The experimental results demonstrate a clear advantage of applying
effective preprocessing techniques and a hybrid feature extraction
strategy when using classical machine learning models for pneumonia
detection from pediatric chest X-ray images. The study aimed to
determine whether different preprocessing strategies significantly
influenced the diagnostic performance of machine learning classifiers,
specifically K-Nearest Neighbors (KNN), Random Forest (RF), and
Support Vector Machine (SVM). The discussion here synthesizes the
major findings, contextualizes them within the broader literature, and
highlights practical implications and limitations.

4.5.1 Preprocessing Impact

Among the four preprocessing techniques assessed: Gaussian Blur,
Histogram Equalization, High-Pass Filtering, and Discrete Cosine
Transform (DCT), Gaussian Blur consistently produced the highest
classification accuracies across all models. This technique likely
enhanced broader structural features relevant to pneumonia (e.g.,
infiltrates, consolidations) by reducing high-frequency noise, making it
especially effective for SVM, which achieved a peak accuracy of 96.75%.
In contrast, DCT consistently underperformed, particularly for RF and
SVM classifiers, with accuracy reductions exceeding 17% compared to
Gaussian Blur. This suggests that frequency-domain transformations
such as DCT may suppress or obscure spatial features critical for
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detecting pneumonia-specific abnormalities,
classification performance.

thereby undermining

4.5.2 Model Performance and Robustness

Across all combinations, SVM outperformed both KNN and RF,
highlighting its robustness in handling high-dimensional feature spaces
and its ability to establish optimal decision boundaries. Its performance
remained consistently strong across different preprocessing methods,
underscoring its adaptability and reliability. Notably, even with the
computational constraints inherent in classical machine learning, SVM
with Gaussian Blur outperformed the deep learning benchmark model
(DenseNet121) in terms of accuracy, while maintaining superior
interpretability and significantly lower computational demand. RF also
demonstrated strong classification performance, particularly when
coupled with Gaussian Blur (95.32%) and Histogram Equalization
(94.84%). Its ensemble nature, based on decision trees and bootstrap
aggregation, likely contributed to its resilience against overfitting and its
capacity to model complex, nonlinear relationships. KNN, while
achieving respectable accuracies (up to 94.56% with Histogram
Equalization), exhibited greater sensitivity to the choice of preprocessing
technique. For instance, KNN with DCT preprocessing dropped to
78.80% accuracy, indicating its vulnerability to noisy or uninformative
feature representations.
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4.5.3 Class Imbalance and Sensitivity-Specificity Tradeoffs

Detailed class-level metrics (Table 17) revealed that some models
achieved high sensitivity at the cost of specificity, particularly in
imbalanced datasets where pneumonia cases (class 1) dominated. For
example, while KNN with Histogram Equalization achieved a recall of
0.99 for pneumonia, its specificity for normal cases was relatively low.
Such imbalances pose critical challenges in clinical applications, where
false positives (misdiagnosing healthy individuals) can lead to
unnecessary anxiety and further testing, and false negatives (failing to
identify pneumonia) can have life-threatening consequences. In contrast,
SVM with Gaussian Blur maintained high values for both sensitivity
(0.98) and specificity (0.92), indicating a well-calibrated model suitable
for deployment.

4.5.4 Statistical Validity of Findings

The application of ANOVA and post hoc Tukey’s HSD tests
confirmed the statistical significance of model-preprocessing
interactions. The ANOVA test yielded a p-value of 0.0003, strongly
rejecting the null hypothesis and supporting the assertion that at least one
model-preprocessing combination significantly outperforms the others.
Tukey’s HSD further clarified that SVM with High-Pass Filtering and
Gaussian Blur significantly outperformed weaker combinations such as
RF or KNN with DCT. These statistical analyses add rigor to the
experimental conclusions and demonstrate the utility of integrating
inferential statistics in machine learning performance evaluations.

4.5.5 Comparison with Deep Learning Baseline

Although DenseNetl121, a modern convolutional neural network,
achieved strong performance (93.1% accuracy), the study underscores
that classical models can match or even exceed deep learning
performance certain  configurations, particularly when
computational resources are limited. DenseNet121, despite its high

under

accuracy, requires approximately 8 million parameters and substantial
GPU resources, making it less viable for deployment in rural clinics or
mobile health units. In contrast, SVM and RF classifiers, especially when
combined with effective preprocessing and feature engineering, offer
scalable, interpretable, and lightweight alternatives.

4.5.6. Hybrid Feature Extraction Advantages

The integration of handcrafted features (GLCM, HOG, Wavelets)
with deep features from ResNet-50 provided a richer, more
discriminative feature space. This hybrid approach enhanced both
interpretability and classification performance, demonstrating the
complementary strengths of traditional and deep learning representations.
Models leveraging this combined feature set consistently outperformed
those relying on a single feature extraction technique, highlighting the
value of a multi-faceted representation strategy in medical imaging tasks.

4.5.7 Limitations

Despite promising results, several limitations merit discussion. First,
the dataset used, though well-curated and balanced at the experimental
level, originates from a single source, which may limit the model's
generalizability to more diverse clinical environments. Second, while
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efforts were made to mitigate class imbalance, its residual effects on
recall and specificity highlight the need for additional balancing
strategies, such as data augmentation or synthetic sampling.

5. Conclusion

This study presents a comprehensive evaluation of classical machine
learning models—K-Nearest Neighbors (KNN), Random Forest (RF),
and Support Vector Machine (SVM)—for pneumonia diagnosis using
pediatric chest X-ray images, with a focus on the role of preprocessing
techniques and hybrid feature extraction. By systematically analyzing the
diagnostic performance of different model-preprocessing combinations,
the study establishes that the integration of spatial-domain enhancements
(particularly Gaussian Blur and High-Pass Filtering) with handcrafted
and deep features significantly improves classification accuracy. Among
the tested configurations, SVM with Gaussian Blur preprocessing
emerged as the most effective model, achieving a classification accuracy
of 96.75%, along with high sensitivity, specificity, and F1-score values.
This model not only outperformed other classical approaches but also
surpassed the accuracy of a deep learning baseline (DenseNet121), all
while  maintaining  superior computational efficiency and
interpretability—two factors essential for adoption in resource-
constrained healthcare settings. The results demonstrate that while deep
learning models remain state-of-the-art in terms of raw accuracy,
classical machine learning models, when carefully engineered with
appropriate preprocessing and feature extraction, can provide robust,
interpretable, and cost-effective solutions for clinical diagnostics. The
statistical significance of the findings, supported by ANOVA and Tukey’s
HSD tests, confirms that both the choice of classifier and the
preprocessing strategy substantially influence model performance.
Importantly, the study highlights the limitations of commonly used
frequency-domain preprocessing techniques like DCT, which
consistently underperformed, emphasizing the need for preprocessing
strategies that preserve clinically relevant visual patterns. The hybrid
approach adopted, combining handcrafted texture and structure features
with deep representations, proved especially effective in creating a rich
and discriminative feature space. From a practical standpoint, these
findings offer a viable pathway for deploying intelligent, low-resource
diagnostic tools for pneumonia detection, especially in rural and
underserved regions lacking access to radiologists or advanced imaging
systems. Such tools could serve as valuable decision-support systems in
primary healthcare, enabling early detection and intervention, which is
critical to reducing pneumonia-related morbidity and mortality. Future
research should also explore transfer learning and end-to-end hybrid
pipelines that further integrate classical and deep learning methodologies.
Incorporating more diverse datasets and optimizing decision thresholds
based on clinical priorities could further refine these models for real-
world deployment.
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