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Abstract—The rapid development of medical practices and
imaging technology tools creates substantial growth in the amount
of medical image data each year in our present era. This research
aims to develop a hybrid approach that integrates Machine
Learning (ML) and Deep Learning (DL) techniques to enhance
the accuracy and reliability of medical image classification
for diagnostic purposes. Medical imaging data complexity and
growing volume serve as the research motivation, which leads
to an investigation of standalone ML or DL limitations and
their combination into a single framework. The medical image
processing starts with normalization, then noise reduction, and
continues to grayscale conversion before performing histogram
equalization. This research uses VGG16 and ResNet50 alongside
MobileNet and InceptionV3 for feature extraction, then applies
ten different ML algorithms, including SVM and MLP, and Ran-
dom Forest, for classification. Five public medical image datasets
from Kaggle are used: COVID-19 chest X-rays, melanoma skin
lesions, pneumonia chest X-rays, acute stroke facial images, and
various eye diseases. Hybrid models display superior performance
compared to stand-alone ML or DL models based on accuracy,
precision, recall, and F1-score evaluation measures. Multiple
datasets demonstrate that the MobileNet+MLP combination de-
livers the most accurate results, which demonstrates its reliable
and efficient performance. The developed AI diagnostic tool
presents a scalable system alongside accuracy and interpretability
to enhance clinical decision outcomes.

Keywords—Classification; deep learning; feature selection; hy-
brid models; machine learning; medical diagnosis; medical image
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I. INTRODUCTION

Medical imaging is an essential aspect of our time, em-
ploying various technologies to obtain images of the human
body or specific parts of it [1]. Medical imaging considers
a crucial component of medical diagnosis, since it is widely
applied in hospitals, medical laboratories, and other facilities
due to its importance in diagnosing various diseases, as well as
aiding in monitoring patient treatment [2]. The most important
medical imaging modern techniques are X-ray radiography,
endoscopy, Magnetic Resonance Imaging (MRI), magnetic res-
onance spectroscopy, thermography, electrical source imaging
and several other techniques [3].

*Corresponding authors.

Several limitations in human analysis of medical images
compared to modern techniques, such as the fact that the image
analysis process takes time due to the complexity of the data,
in addition to the fact that the analysis depends mainly on
the experience of the image analyst, so there is a possibility
of human errors. Moreover, there are some effects that occur
to medical images, whether modern or traditional, including
noise [4].

According to [5], noise is defined as the random change in
the original pixel value that reduces image quality. Therefore,
it is important to use modern medical imaging techniques to
remove noise, especially compared to conventional images,
to enable accurate disease diagnosis without any issues that
may affect the analysis of medical images. Consequently,
several artificial intelligence techniques have been developed
to address these issues in medical imaging and assist in
medical diagnosis, including Machine Learning (ML) and
Deep Learning (DL) technologies [6], [7], which are important
for processing complex data, identifying problems that the
human eye might miss, and reducing noise in medical images
to enhance their quality [8], [9].

A. Machine Learning

Machine Learning (ML) aims to study statistical algorithms
that can learn from the input data to perform tasks that are
automatically improved through experience [10]–[12]. All of
this leads to increasing the efficiency of the algorithm that was
built, which reduces human errors in entering or analyzing data
[13], [14]. ML is used to make decisions and predictions based
on learning from data. In [15], the authors categorize ML as
following:

• Supervised Learning: The aim of this type is to predict
outcomes using labeled data.

• Unsupervised Learning: This type learns from
unlabeled/unstructured data.

• Semi-Supervised Learning: A large amount of unlabeled
data and a small amount of labeled data are combined to
improve the performance of the model.
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In order to successfully implement machine learning tech-
niques, several important aspects must be carefully considered
[16]:

1) High-quality input data: It’s important to have the
proper high-quality input data, which has minimal artifacts
and noise, to achieve the best possible machine learning
performance and to maintain low noise levels, but ground truth
labels are even more important as erroneous labels severely
damage model performance and tend to be hard to catch in
training.

2) Accuracy of ground truth labels: Ground truth labels
must be accurate, because it involves confirming and checking
the correctness of the diagnostic label and of the diagnosis
itself. Other types of noise have a more dramatic effect on
model accuracy than errors in ground truth labels, emphasizing
the need for strict ground truth labeling.

3) Completeness of training sets: The best performance
results from machine learning models exist when training
datasets contain no missing features while also being complete.
While there are data augmentation techniques like random
imputation or sophisticated algorithms, which can help fill
up these gaps, but have less effectiveness as we train on full
datasets.

4) Dataset size: Machine learning models tend to prefer
larger datasets so that they can capture the true variability
of the data, which helps reduce the risk of performance
issues caused by a small number of outliers. Nevertheless,
obtaining large enough datasets remains difficult, in particular
for precision medicine and disease studies with low frequency.

5) Precision and accuracy in classification algorithms: To
obtain strong model performance, the optimization process has
to balance both precision and accuracy, as both are indispens-
able for reliable and effective classification algorithms.

6) Model validation: Before a machine learning model
is deployed to make clinical decisions or computer-aided
decisions, it has to go through very thorough validation. For
instance, a physician diagnoses cases and the model is trained
using those cases and is evaluated by comparing its outputs
with assessments of new cases by other physicians. This is
done for reliability and accuracy [17].

B. Deep Learning

Deep Learning (DL) is mainly used in large datasets to
model complex patterns using multi-layered artificial neural
networks, which aim to mimic the human brain [18], [19].
As is known, DL is a powerful and transformative branch of
machine learning, and it learns from unlabeled data such as im-
ages, audio, and text [20], [21]. Deep learning also has several
key benefits that enable it to be very effective for a wide variety
of applications. It can achieve high accuracy, especially when
it has been trained on large data. One of its most significant
features is that it can automatically learn data representation to
avoid manual feature extraction [22], [23]. Also, deep learning
models are highly scalable and easy to adapt to large data sets
and increasing computational power, which makes them suit-
able for large-scale and complex problems too. Deep learning
(DL) has numerous uses in various fields. In image and video
processing, it is used for the recognition of specific elements,

such as facial detection or facial emotion, and in medicine, it
can forecast the kind of diseases. DL also powers voice-to-text
systems such as Alexa and Google Voice and enables real-
time machine translation from one language to another [24].
The building blocks of deep learning are multi-layer artificial
neural networks, and they consist of a few basic components.
They are neurons and layers, and each artificial neuron pro-
cesses inputs by calculating weights, biases, and activation
functions to supply the result to the next layer. Activation
functions such as Rectified Linear Unit (ReLU), sigmoid, and
tanh introduce essential non-linearity to neural networks. Loss
functions like Mean Squared Error and Cross Entropy are used
to quantify predictive accuracy. Optimization algorithms like
Stochastic Gradient Descent (SGD) are used for improving
model performance by reducing the loss function by adjusting
the network’s weights during training. Three main objectives
of this study are: 1) identify the most appropriate deep learning
model to analyze medical image data, 2) propose an integrated
hybrid framework which combines deep learning and machine
learning classifiers to boost the diagnostic performance, and 3)
review previous research as the comparison studies of ML and
DL in medical image classification. This research is organized
as follows: In Section II, we briefly review related work;
Section III describes the research methodology; Section IV
provides the experimental results, and finally, conclusions are
presented in Section V along with future scope.

II. RELATED WORK

In this section, we will discuss the previous research about
medical diagnosis using hybrid of machine learning and deep
learning techniques.

A. Machine Learning Model

This section explains ten machine learning techniques used
under the supervised learning category, categorized to clarify
how each model approaches learning and prediction as the
following:

1) Bayes-based models: Bayesian models are designed
with reference to Bayes’ Theorem and are widely utilized
for probabilistic classification tasks. Naive Bayes (NB) is a
well-known example, particularly renowned for its simple ar-
chitecture, high computational efficiency, and fast processing,
particularly in dealing with big data. It needs only estimation of
significant parameters—mean and variance of variables—to be
performed using a small training set [25]. The second category
involves models such as Linear Discriminant Analysis (LDA),
which is a statistical technique used in discriminating between
two or more event or object classes. LDA computes the linear
feature combination that maximally discriminates between the
classes and is generally used for feature reduction prior to
classification [26].

2) Function-based models: Mathematical formula-based
classification models are models based on mathematical ex-
pressions in order to discriminate between data classes. The
Support Vector Machine (SVM) is a strong algorithm used
to identify patterns as well as conduct regression and classi-
fication functions [27]. It is particularly effective in domains
that need high-dimensional space analysis. Logistic Regression
is another function-based model used for problems of binary
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classification [28]. It works through the use of a database
of independent variables and is often used in areas such as
diagnosis of disease as well as prediction of risks. In addition,
Multi-layer Perceptron (MLP) is an artificial neural network
created by a few full connected layers and nonlinear activation
functions. MLPs are ideal for classifying complex data sets like
intrusion detection and problems where the data is not linearly
separable [29].

3) Lazy learning models: Lazy algorithms differ from
typical models in that they do not necessarily train a predictive
model directly. Instead, they store the training data and make
a decision at the moment of prediction. An old prime example
is the K-Nearest Neighbors (KNN) algorithm. KNN classifies
a query point with the class of the majority of its nearest
neighbors in the training data, and it is an easy but effective
method for classification tasks [30].

4) Meta-learning models: Meta-learning or ensemble
strategies improve prediction performance by combining multi-
ple models [31]. Adaptive Boosting (AdaBoost) is a commonly
used ensemble strategy which builds an accurate classifier by
iteratively adding up weak base learners. The current iteration
allots weights to the classifiers based on their precision, with
more accurate learners having greater weightage in the final
decision. The final classification emerges through the process
of weighted voting, achieving greater overall prediction per-
formance [32]. Tree-Based Models: Tree-based algorithms use
a decision tree structure for splitting data according to feature
values. Random Forest (RF), introduced by Breiman in 2001,
constructs numerous decision trees during training. It votes for
the most common class for classification or estimates the av-
erage of the individual estimates for regression [33]. Gradient
Boosting is another robust method that builds models step by
step, each of which corrects the errors in previous models. It
excels at boosting accuracy through making better predictions.
Last but not least, the Decision Tree (DT) model itself creates
a tree where the branches are feature tests and leaves are class
labels. DTs are generally used in statistics, data mining, and
elsewhere due to their simplicity and interpretability [34].

B. Deep Learning Model

This research explains four deep learning techniques
specifically those used in deep convolutional neural networks
(CNNs) applied to image classification, object detection, and
other related tasks, as follows:

• Visual Geometry Group (VGG16) [35], the number
16 refers to the number of layers that make up this
model, comprising 13 are convolutional layers and 3 are
connected layers. It applied in medical imaging analysis,
face recognition, and the detection of different objects.

• Residual Network (ResNet50) [36], the number 50 refers
to the number of layers, comprising 48 convolutional
layers and 2 are connected layers. The purpose of using it
is residual connections to solve the problem of vanishing
gradients in deep networks.

• MobileNet [37], designed specifically for mobile and
embedded devices, mobileNet was designed to reduce
computational cost and number of parameters by using

depthwise separable convolutions.

• InceptionV3 [38], the number three refers to the third
version of the model, which released in 2016. It is one of
the powerful models in deep learning because of its ability
to recognize and classify different images and used in all
modern CNN networks.

In [39], the authors explore the application of Machine
Learning (ML) models to improve the accuracy of breast
cancer detection. They used the Wisconsin Diagnostic Breast
Cancer (WDBC) dataset, then applied data normalization
techniques and handled missing values to ensure data qual-
ity. The hybrid feature selection method, combining Corre-
lation based Feature Selection (CFS) and Recursive Feature
Elimination (RFE), was chosen to reduce the dataset to 11
key attributes. Different machine learning models, including
Random Forest, Gradient Boosting, SVM, ANN, and MLP,
were evaluated using 5-fold cross-validation. The Multilayer
Perceptron (MLP) achieved the highest accuracy of 99.12.
The study focuses of the importance of advanced machine
learning algorithms for accurate breast cancer diagnosis in real-
world applications. In [40], the authors focused on diagnosing
diabetes using machine learning and its various techniques to
select the best classifier for predicting the disease. The authors
evaluated four feature selection techniques (e.g., Correlation
Attribute Evaluator) and 12 classifiers across two datasets
using metrics like accuracy, precision, recall, and F1-measure.
They concluded that the Correlation Attribute Evaluator was
optimal for feature selection, and MultiClassClassifier per-
formed best in diagnosis tasks. This work demonstrates the
effectiveness of machine learning in medical diagnostics [41].
Machine learning techniques are used to predict the outcomes
of COVID-19 diagnosis and treatment. Different techniques
such as decision trees, random forests, and support vector
machines used to analyze the symptoms and medical history of
patients. They trained the models to give severity predictions
of the disease (mild, moderate, severe) and to recommend
appropriate treatment for that severity prediction. The results
showed that machine-learning models can be used to predict
the amount of disease and therefore decreased the workload
of healthcare providers and efficiency in the treatment.

In [42], the authors developed a deep learning-based model
to diagnose five types of lung and colon tissues (two be-
nign and three malignant), by using deep learning techniques
and image processing such as (convolutional neural networks
(CNNs)) on histopathological images. Their results showed on
their proposed model high classification accuracy of (96.33%)
in the early detection of cancer. In [43], the authors address the
limitations of traditional machine learning models in medical
diagnostics, which often rely on associative patterns between
symptoms and diseases. The purpose of this study is to im-
prove diagnostic accuracy by integrating causal reasoning into
machine learning models, leading to greater alignment with
clinical diagnostic processes. The authors applied the proposed
model to clinical vignettes and compared its performance with
standard associative algorithms and human doctors. The re-
sults showed that their causal model outperformed associative
models with an accuracy comparable to the top (25%) of
doctors. In [44], the authors proposed a deep learning model
for brain tumor classification using both a standard Convo-
lutional Neural Network (CNN) and the ResNet50 model. In

www.ijacsa.thesai.org 1387 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 16, No. 12, 2025

TABLE I. SUMMARIZING THE RECENT REFERENCES: REFERENCE, YEAR, TITLE, METHODS, ADVANTAGES, AND LIMITATIONS

Reference Year Title Methods Advantages Limitations
Salma et al. [39] 2025 Leveraging Machine Learning for

Effective Breast Cancer Diagnosis
Machine Learning (ML) models
including classification algorithms

High diagnostic accuracy for breast
cancer; improved efficiency in early
detection

Limited to breast cancer data;
generalizability to other datasets
not evaluated

Alzyoud et al. [40] 2024 Diagnosing Diabetes Mellitus Using
Machine Learning Techniques

ML classification techniques (e.g.,
SVM, Decision Tree)

Efficient identification of diabetic
patients; applicable to real-world
datasets

Accuracy depends on data quality;
lacks deep learning integration

Rudra Kumar et al. [41] 2022 Diagnosis and Medicine Prediction
for COVID-19 Using Machine
Learning Approach

ML algorithms for diagnosis and
treatment prediction

Supports both diagnosis and
treatment planning; fast processing

Limited to COVID-19; based on
initial pandemic data with possible
bias

Masud et al. [42] 2021 A Machine Learning Approach to
Diagnosing Lung and Colon Cancer
Using a Deep Learning-Based
Classification Framework

Deep learning (CNN-based
classification)

High performance in cancer type
classification; robust feature
extraction

Computationally intensive; requires
large labeled datasets

Richens et al. [43] 2020 Improving the Accuracy of Medical
Diagnosis with Causal Machine
Learning

Causal ML techniques to improve
prediction accuracy

Enhances interpretability and
accuracy; reduces bias in
predictions

Complex model structure; harder to
implement in standard ML
workflows

Ali et al. [44] 2025 Learning Architecture for Brain
Tumor Classification Based on
Deep Convolutional Neural
Network: Classic and ResNet50

CNN and ResNet50 architectures High classification accuracy;
effective for medical imaging

Deep models require high
computation and large data for
training

their work, deep CNNs were shown to accurately distinguish
among the different tumor types through the extraction of
high-level features from medical imaging data. Comparison of
the baseline CNN and ResNet50 revealed that state-of-the-art
deep architectures like ResNet50 achieved superior accuracy,
underlining the strength of higher-order deep learning models
in medical diagnosis and image-based classification.

The comparison table (Table I) highlights a line of recent
research studies based on machine learning (ML) and deep
learning techniques in medical diagnosis. Various methods
were employed throughout the research studies, from popular
ML algorithms Support Vector Machines and Decision Trees
to more advanced deep learning models such as Convolutional
Neural Networks (CNNs) and ResNet50.

These approaches have demonstrated superb performance
in the diagnosis of the disease: breast cancer, diabetes, COVID-
19, lung and colon cancer, and brain tumors. Notable strengths
that they reported are improved accuracy in diagnosis, op-
erational efficiency for early detection, and the capability to
process large and multidimensional medical datasets. How-
ever, each of the studies came with certain limitations. For
instance, models that involve deep learning require a lot of
computational power and vast amounts of labeled data, while
typical ML approaches may struggle with generalizability or
lack the ability to process complex patterns in data. Notably,
adding causal machine learning to a single experiment gave
better interpretability, but at the cost of more complex models.
Overall, the table underscores the growing effectiveness of ML
in medicine as well as the necessity for balancing accuracy,
interpretability, and computational efficiency.

III. PROPOSED METHODOLOGY

This section presents the research methodology, including
the framework, datasets, evaluation metrics, and a summary of
the findings. Section III(A) provides a detailed description of
the five selected datasets. Section III(B) presents the method-
ology.

A. Description of the Dataset

In this study, five publicly available medical image datasets
from Kaggle were utilized to ensure comprehensive evaluation
across a wide range of clinical scenarios. These datasets
include chest X-ray images for COVID-19 and pneumonia
detection, dermoscopic images for melanoma skin lesion clas-
sification, facial images for acute stroke diagnosis, and a multi-
class collection of ocular images for eye disease identification.
This diversity provides a robust test bed for assessing the
generalizability and effectiveness of hybrid deep learning and
machine learning approaches in automated medical diagnosis.
Each dataset covers multiple conditions or disease classes
with varying sample sizes, enabling a thorough assessment of
model performance across different diagnostic challenges. The
key characteristics and class distributions of these datasets are
summarized in Table II.

B. Methodology

The main idea of this research is to build a hybrid model
that combines ML and DL algorithms to determine the best
combination suitable for medical diagnosis tasks; Fig. 1 illus-
trates the general methodology of the current research. The
following subsections provide a detailed explanation of the
main steps considered in the methodology of this research.

1) Data collection: At this stage, different datasets have
been searched to suit the purpose of this research, images
containing different diseases have been collected.

Five datasets have been downloaded from the Kaggle
website: COVID-19 images, melanoma skin cancer images,
chest X-ray images, various eye diseases, and facial images of
acute stroke and non-acute stroke. More information regarding
the collected datasets is provided later in this section.

2) Image pre-processing: At this stage, the collected im-
ages are pre-processed to ensure they are suitable for machine
learning or deep learning models. Initial pre-processing steps
in image analysis begin with rescaling the image pixel values
from 0 to 255 to be OpenCV compatible, as it is a widely used
computer vision library. Normalizing the input data using this
standard allows for uniform and reliable utilization of OpenCV
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functions throughout the processing chain. The second sig-
nificant step is applying denoising using GaussianBlur, an
extremely common technique for reducing noise by smoothing
pixel intensity values through averaging neighboring pixels in
the context of a Gaussian function. It suppresses random noise,
exaggerates prominent image features, and ultimately improves
the accuracy and resilience of image analysis models.

Convert the image to grayscale Converting an image to
grayscale simplifies the data which removes the unnecessary
color information and only leaves the image with the intensity
values. It merges the three-color channels (Red, Green, and
Blue) into one where a pixel is a value of light intensity.
Grayscale format reduces computational complexity and puts
the focus on the structural information. Histogram applica-
tion: Histogram application enhances image contrast, making
features more distinguishable and improving visual clarity.
Histogram equalization merely reshapes pixel intensity values
from 0–255 to distribute them across the full range of 0–255
in order to highlight small details that are a point or two
overshadowed by greater attention to detail. This also allows
edges and textures which are necessary for tasks such as the
edge detection and image segmentation. Fig. 2 show the image
pre-processing pipeline starts by rescaling pixel values to the
range of 0 to 255. GaussianBlur is then used to smooth pixel
intensities and reduce noise, enhancing key features. After
that, the pictures are converted to grayscale, which reduces
computational complexity by combining color channels into a
single intensity channel. Last but not least, histogram equaliza-
tion is used to enhance image contrast by redistributing pixel
intensities, emphasizing textures, edges, and minute details
that are essential for precise image analysis. The images
are ready for efficient machine learning or deep learning
model training thanks to this series of actions. Many studies
have highlighted the importance of image pre-processing for
boosting the performance of machine learning-based medical

TABLE II. CHARACTERISTICS OF THE DATASETS

Dataset Condition (Class) Frequency
COVID CXR Image COVID-19 536
COVID CXR Image Viral pneumonia 619
COVID CXR Image Normal cases 668
COVID CXR Image Total 1823
Melanoma Skin Cancer Benign 5000
Melanoma Skin Cancer Malignant 4605
Melanoma Skin Cancer Total 9605
Chest X-Ray NORMAL 1341
Chest X-Ray PNEUMONIA 3875
Chest X-Ray Total 5216
Face Images of Acute Stroke
and Non-Acute Stroke

noStroke data 2511

Face Images of Acute Stroke
and Non-Acute Stroke

stroke data 1259

Face Images of Acute Stroke
and Non-Acute Stroke

Total 3770

Different Eye Disease ACRIMA 560
Different Eye Disease Glaucoma 212
Different Eye Disease ODIR-5K 7000
Different Eye Disease ORIGA 517
Different Eye Disease Cataract 70
Different Eye Disease retina disease 70
Different Eye Disease Total 8429

Fig. 1. Research methodology.

diagnosis. As an example, [45] shows that application of
Contrast Limited Adaptive Histogram Equalization (CLAHE)
improved classification performance of histopathology images
in terms of F1-score, which was 98% with pre-processing and
93% without it. Similarly, [46] proposed to use convolutional
denoising autoencoders for effective denoising of medical
images, thereby, maintaining essential clinical information
even in noisy case. Furthermore, the combination of Gaussian
smoothing and clustering techniques applied before CNN
training, according to [47], enhanced the detection accuracy
of tumors. These findings validate the image pre-processing
techniques in this study, which include grayscale conversion
along with histogram equalization and Gaussian denoising
for improving model robustness and feature detection through
noise reduction.

3) Data splitting: Once the images are pre-processed, the
data is prepared for model training and evaluation. The primary
activities of this method start with stratified sampling, ensuring
that there is a well-distributed balance of classes between the
training, validation, and test datasets, hence enabling repre-
sentative data splits. Shuffling is then used to avoid bias by
the data sample order, enabling randomness in the dataset.
Feature extraction plays a vital role in that it utilizes deep
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Fig. 2. Images preprocessing flowchart.

models to extract useful image features, which are blended
with machine learning to increase prediction precision. Several
deep learning architectures are blended and adjusted to provide
optimal performance: VGG16 is blended with ten different
machine algorithms to optimize predictive capacity; MobileNet
is customized to provide light-weight and efficient image
processing; ResNet50, a residual very deep network, is utilized
to provide effective image classification and prediction; and
Inception V3 is utilized due to its advanced structure to
provide high-performance predictions in complex tasks.Many
researchers endorse the efficacy of hybrid and ensemble
methods in medical AI applications, combining deep learning
capabilities with conventional machine learning classifiers has
shown good promise in enhancing the precision of medical
image classification. A comparative study showed that hybrid
models where pre-trained convolutional neural networks like
MobileNet, VGG16, and Inception V3 are used as feature
extraction and then machine learning algorithms are used for
classification, attained very high accuracy [48]. Furthermore,
ensembling techniques that integrate predictions from different
classifiers showed the ability to increase the robustness and
reliability of models in clinical environments, as shown by an
evaluation of a revised medical image classification process
[49]. Fig. 3 shows the data splitting diagram.

4) Data training: Data training involves running deep
learning models with preprocessed data for improved predic-
tions. This section explains details about the specific models,
their configurations and how deep learning is merged with a

machine learning algorithm. Fig. 4 shows the data training
process.

• Deep Learning Model. We train on the preprocessed
images in this phase to extract our feature using different
deep learning models for prediction. The models used in
this research include: VGG16, MobileNet, ResNet50, and
Inception V3 models.

• Deep Learning merge with Machine Learning. Features
from the deep learning models are merged with various
machine learning algorithms in order to better increase
the predictive power of the deep learning models.

This hybrid approach involves the following steps:
◦ Feature Extraction: Using the deep learning models

(such as VGG16, MobileNet, ResNet50 and Inception
V3) are used to automatically extract relevant features
from the images. Features that typically include
textures, edges, and patterns which are essential for
disease classification can be included in these features.

◦ Using Machine Learning Algorithms: When features
are extracted, we input them into various machine
learning algorithms for classification and prediction.
Ten machine learning algorithms are used including:
(Naive Bayes (NB), Linear Discriminant Analysis
(LDA), Support Vector Machine (SVM), Logistic
Regression (LG), Multi-layer Perceptron (MLP),
K-Nearest Neighbors Algorithm (KNN), Adaptive
Boosting (AdaBoost), Random Forest (RF), Gradient
Boosting, Decision Tree (DT)). The deep learning
models tries to create predictions while these
algorithms optimization for the predictions in order
to increase accuracy and performance of the overall
system.

◦ Hybrid Model: This method combines the abilities of
deep learning to extract features with the flexibility
and efficiency of machine learning for prediction to
improve the overall predictive ability of classification,
especially in classifying images with high accuracy.

5) Evaluation phase: The hybrid model performance is
evaluated in terms of accuracy and efficiency using evalu-
ation metrics in classifying medical images accurately and
efficiently. In [42], the authors presented a hybrid model that is
a combination of a deep CNN and SVM classifier to improve
brain tumor classification. They used common metrics, were
Accuracy, Precision, Recall, F1-score, and Dice Similarity
Coefficient (DSC) for the assessment of the model. The model
achieved an accuracy of (98.3%) and DSC of (97.8%) on
the Brain Dataset-1. Their finding showed the efficiency of
combining deep learning for feature extraction with machine
learning for classification in medical imaging tasks. In this
research, four evaluation measures have been used as the
following:

C. Evaluation Metrics

Accuracy: Calculates the proportion of correctly classified
instances (both positive and negative) out of all instances; it
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Fig. 3. Data splitting process.

Fig. 4. Data training process diagram.

measures the model’s overall correctness.

Accuracy =
TP + TN

TP+ TN+ FP + FN
. (1)

Precision: Measures how many of the predicted positives
are actually positive.

Precision =
TP

TP + FP
. (2)

Recall: Measures the model’s ability to capture all actual
positive cases.

Recall =
TP

TP + FN
. (3)

F1-score: The harmonic mean of Precision and Recall.

F1 =
2Precision · Recall
Precision + Recall

. (4)

IV. EXPERIMENTAL RESULTS

This section presents the evaluation results of the experi-
ments on developing an efficient medical image classification
model. The model is a hybrid that combines machine learning
and deep learning algorithms. This model aims to enhance the
predictive performance by taking advantage of the strengths of
both techniques.

• Identifying the Most Appropriate DL Model That Suits
Medical Data. In this phase, which is considered the most
important step of this research, the predictive performance
of the four deep learning models (VGG16, ResNet50,
MobileNet, and InceptionV3) is evaluated across five
different datasets related to medical image classification,
considering four evaluation metrics (Accuracy, Precision,
Recall, and F1-Score), as shown in Table III.

The most significant key insights that could be concluded
from Table III are listed next with respect to the five considered
datasets.

• COVID-19 Dataset. Out of the models it was compared
with, MobileNet performed the most accurately at 0.97,
outperforming VGG16 and InceptionV3 with accuracies
of 0.96 each. ResNet50 performed the worst at 0.74.
Additionally, Precision, Recall, and F1-score indicate
that MobileNet, VGG16, and InceptionV3 performed
comparably, while ResNet50 lagged on this task.

• Melanoma Skin Cancer Dataset. MobileNet was best with
0.93 accuracy, slightly above VGG16 and InceptionV3
(0.92 each). ResNet50 was worst (0.78). Precision, Recall,
and F1-score were high for MobileNet, VGG16, and
InceptionV3, highlighting their suitability for melanoma
identification.

• Chest X-Ray Images. MobileNet achieved the maximum
accuracy (0.99), followed by VGG16 (0.98) and
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TABLE III. PERFORMANCE COMPARISON OF DEEP LEARNING MODELS
ON VARIOUS MEDICAL DATASETS

Dataset Deep Learning Model Acc Prec Rec F1
COVID-19 Dataset VGG16 0.96 0.97 0.97 0.97
COVID-19 Dataset ResNet50 0.74 0.73 0.74 0.74
COVID-19 Dataset MobileNet 0.97 0.97 0.97 0.97
COVID-19 Dataset InceptionV3 0.96 0.97 0.97 0.97
Melanoma Skin Cancer
Dataset

VGG16 0.92 0.92 0.92 0.92

Melanoma Skin Cancer
Dataset

ResNet50 0.78 0.78 0.78 0.78

Melanoma Skin Cancer
Dataset

MobileNet 0.93 0.93 0.93 0.93

Melanoma Skin Cancer
Dataset

InceptionV3 0.92 0.92 0.92 0.91

Chest X-Ray Images VGG16 0.98 0.97 0.97 0.97
Chest X-Ray Images ResNet50 0.91 0.88 0.90 0.89
Chest X-Ray Images MobileNet 0.99 0.98 0.99 0.98
Chest X-Ray Images InceptionV3 0.97 0.97 0.97 0.97
Face Images of Acute Stroke
and Non-Acute Stroke

VGG16 0.99 0.99 0.99 0.99

Face Images of Acute Stroke
and Non-Acute Stroke

ResNet50 0.76 0.74 0.70 0.71

Face Images of Acute Stroke
and Non-Acute Stroke

MobileNet 0.99 0.99 0.99 0.99

Face Images of Acute Stroke
and Non-Acute Stroke

InceptionV3 0.98 0.98 0.98 0.98

Dataset for Different Eye
Disease

VGG16 0.96 0.78 0.76 0.74

Dataset for Different Eye
Disease

ResNet50 0.90 0.44 0.44 0.44

Dataset for Different Eye
Disease

MobileNet 0.94 0.76 0.72 0.73

Dataset for Different Eye
Disease

InceptionV3 0.96 0.95 0.96 0.95

InceptionV3 (0.97). ResNet50 scored 0.91. Across
metrics, MobileNet is the optimal choice for this dataset.

• Face Images of Acute Stroke and Non-Acute Stroke.
Both VGG16 and MobileNet obtained the highest
accuracy (0.99), with InceptionV3 at 0.98. ResNet50
was much lower (0.76). Precision/Recall/F1 confirm that
VGG16, MobileNet, and InceptionV3 are very effective
for stroke classification.

• Dataset for Different Eye Disease. InceptionV3 and
VGG16 reached the highest accuracy (0.96), MobileNet
achieved 0.94, whereas ResNet50 underperformed (0.90)
with poor Precision/Recall/F1 (around 0.44). Overall
performance was strong, with InceptionV3 most reliable
across metrics.

Main findings (Objective 1):

• MobileNet showed consistently high performance across
all datasets, often achieving the highest Accuracy.

• ResNet50 had the worst performance across Accuracy,
Precision, Recall, and F1-score.

• VGG16 and InceptionV3 performed similarly well, with
InceptionV3 slightly more consistent.

• MobileNet and InceptionV3 appear to be the most reliable
for medical image classification, while ResNet50 is not
recommended.

TABLE IV. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
VGG16 FOR COVID-19 DATASET

Model Accuracy Precision Recall F1-Score
VGG16+SVM 0.89 0.90 0.89 0.89
VGG16+Random Forest 0.95 0.95 0.95 0.95
VGG16+Gradient Boosting 0.94 0.94 0.94 0.94
VGG16+AdaBoost 0.87 0.88 0.87 0.87
VGG16+KNN 0.94 0.94 0.94 0.94
VGG16+Logistic Regression 0.94 0.94 0.94 0.94
VGG16+Decision Tree 0.83 0.83 0.83 0.83
VGG16+Naı̈ve Bayes 0.82 0.84 0.82 0.82
VGG16+LDA 0.95 0.96 0.95 0.96
VGG16+MLP 0.94 0.94 0.94 0.94

TABLE V. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
RESNET50 FOR COVID-19 DATASET

Model Accuracy Precision Recall F1-Score
ResNet50+SVM 0.44 0.25 0.40 0.30
ResNet50+Random Forest 0.89 0.89 0.89 0.89
ResNet50+Gradient Boosting 0.93 0.93 0.93 0.93
ResNet50+AdaBoost 0.85 0.85 0.85 0.85
ResNet50+KNN 0.87 0.88 0.87 0.87
ResNet50+Logistic Regression 0.85 0.85 0.85 0.85
ResNet50+Decision Tree 0.79 0.79 0.80 0.79
ResNet50+Naı̈ve Bayes 0.78 0.78 0.78 0.78
ResNet50+LDA 0.91 0.91 0.91 0.91
ResNet50+MLP 0.78 0.81 0.78 0.76

A. Combine Deep Learning Models with Machine Learning
Techniques

This section presents the evaluation results of combining
deep learning models and machine learning techniques with
respect to the five considered datasets.

1) Evaluation results with respect to the COVID-19
dataset: This part evaluates several ML classifiers combined
with the four DL models for the COVID-19 dataset.

a) VGG16 performance: In Table IV, VGG16 with
LDA (Linear Discriminant Analysis) achieved the best results,
demonstrating strong performance and making it an optimal
choice for COVID-19 classification. However, VGG16 with
Naı̈ve Bayes and with Decision Tree performed worst, imply-
ing these classifiers may be less appropriate for this dataset.

ResNet50 Performance. Table V shows that Gradient
Boosting achieved the highest performance across all met-
rics (Accuracy=0.93, Precision=0.93, Recall=0.93, F1=0.93),
highlighting its strength for COVID-19 classification and its
ability to learn the underlying patterns in the dataset. In
contrast, the SVM variant recorded the weakest results and
exhibited an imbalanced precision–recall trade-off.

MobileNet Performance.

Table VI shows that MobileNet + MLP achieved the best
results across all metrics (Accuracy=0.97, Precision=0.97,
Recall=0.97, F1=0.97), making it the most effective com-
bination. In contrast, MobileNet + Decision Tree recorded
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TABLE VI. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
MOBILENET FOR COVID-19 DATASET

Model Accuracy Precision Recall F1-Score
MobileNet+SVM 0.96 0.96 0.96 0.96
MobileNet+Random Forest 0.95 0.95 0.95 0.95
MobileNet+Gradient Boosting 0.95 0.95 0.95 0.95
MobileNet+AdaBoost 0.92 0.92 0.92 0.92
MobileNet+KNN 0.94 0.94 0.94 0.94
MobileNet+Logistic Regression 0.96 0.96 0.96 0.96
MobileNet+Decision Tree 0.85 0.86 0.86 0.86
MobileNet+Naı̈ve Bayes 0.93 0.93 0.93 0.93
MobileNet+LDA 0.92 0.92 0.92 0.92
MobileNet+MLP 0.97 0.97 0.97 0.97

TABLE VII. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
INCEPTIONV3 FOR COVID-19 DATASET

Model Accuracy Precision Recall F1-Score
InceptionV3+SVM 0.93 0.94 0.94 0.94
InceptionV3+Random Forest 0.91 0.91 0.92 0.91
InceptionV3+Gradient Boosting 0.92 0.93 0.93 0.92
InceptionV3+AdaBoost 0.87 0.88 0.88 0.88
InceptionV3+KNN 0.87 0.89 0.88 0.88
InceptionV3+Logistic Regression 0.92 0.92 0.92 0.92
InceptionV3+Decision Tree 0.79 0.81 0.79 0.79
InceptionV3+Naı̈ve Bayes 0.85 0.85 0.85 0.85
InceptionV3+LDA 0.73 0.74 0.73 0.74
InceptionV3+MLP 0.92 0.92 0.92 0.92

the weakest performance (Accuracy=0.85, Precision=0.86,
Recall=0.86, F1=0.86).

InceptionV3 Performance.

Table VII shows that InceptionV3 + SVM achieved
the strongest, well-balanced results across all metrics
(Accuracy=0.93, Precision=0.94, Recall=0.94, F1=0.94).
In contrast, InceptionV3 + LDA exhibited the weakest
performance (Accuracy=0.73, Precision=0.74, Recall=0.73,
F1=0.74).

Based on the previous performance metrics, the most
suitable machine learning (ML) classifier for the COVID-19
medical data depends on the chosen deep learning (DL) feature
extractor. The best combinations by Accuracy are:

• If MobileNet is used, MLP is the best choice (Accuracy:
0.97).

• If VGG16 is used, LDA is the best choice (Accuracy:
0.95).

• If ResNet50 is used, Gradient Boosting is the best
(Accuracy: 0.93).

• If InceptionV3 is used, SVM is the best (Accuracy: 0.93).

For the COVID-19 dataset, MobileNet + MLP is the
strongest overall. Final model selection should also consider
interpretability, computational cost, and dataset-specific re-
quirements, as summarized in Fig. 5.

TABLE VIII. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
VGG16 FOR MELANOMA SKIN CANCER DATASET

Model Accuracy Precision Recall F1-score
VGG16+SVM 0.84 0.85 0.84 0.84
VGG16+Random Forest 0.89 0.89 0.89 0.89
VGG16+Gradient Boosting 0.90 0.90 0.90 0.90
VGG16+AdaBoost 0.89 0.89 0.89 0.89
VGG16+KNN 0.88 0.89 0.88 0.88
VGG16+Logistic Regression 0.89 0.89 0.89 0.89
VGG16+Decision Tree 0.85 0.85 0.85 0.85
VGG16+Naı̈ve Bayes 0.70 0.76 0.70 0.68
VGG16+LDA 0.90 0.90 0.90 0.90
VGG16+MLP 0.92 0.92 0.92 0.91

TABLE IX. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
RESNET50 FOR MELANOMA SKIN CANCER DATASET

Model Accuracy Precision Recall F1-Score
ResNet50+SVM 0.62 0.75 0.62 0.56
ResNet50+Random Forest 0.89 0.89 0.89 0.89
ResNet50+Gradient Boosting 0.90 0.90 0.90 0.90
ResNet50+AdaBoost 0.88 0.88 0.88 0.88
ResNet50+KNN 0.87 0.87 0.87 0.87
ResNet50+Logistic Regression 0.89 0.89 0.89 0.89
ResNet50+Decision Tree 0.82 0.82 0.82 0.82
ResNet50+Naı̈ve Bayes 0.63 0.73 0.63 0.60
ResNet50+LDA 0.90 0.90 0.90 0.90
ResNet50+MLP 0.85 0.85 0.85 0.85

2) Evaluation results with respect to the melanoma skin
cancer dataset:

a) VGG16 performance: Table VIII shows that the best
performing model among all models was VGG16 with MLP,
achieving the highest values across all metrics. In contrast,
VGG16 with Naı̈ve Bayes performed the worst, making it the
least effective classifier in this comparison.

ResNet50 Performance.

Table IX shows that ResNet50 + Gradient Boosting and
ResNet50 + LDA achieved the highest scores across all metrics
(Accuracy=0.90, Precision=0.90, Recall=0.90, F1=0.90), in-
dicating strong generalization and a balanced precision–recall
trade-off. In contrast, ResNet50 + SVM produced the weakest
performance among the compared classifiers.

MobileNet Performance. Table X shows that MobileNet +
SVM achieved the highest scores across all metrics (Accu-
racy, Precision, Recall, and F1), making it the top-performing
configuration for this dataset. In contrast, MobileNet + Naive
Bayes yielded the weakest results, recording the lowest values
on all evaluated metrics.

b) InceptionV3 performance: Table XI illustrates that
the InceptionV3 with SVM model achieved the highest Accu-
racy, Precision, Recall, and F1-score. Meanwhile, the Incep-
tionV3 combined with the Decision Tree model showed the
weakest performance across all metrics.

Based on the above performance metrics, the most suitable
ML classifier for the Melanoma Skin Cancer data depends on
the chosen DL feature extractor. The best combinations by
Accuracy are:
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Fig. 5. COVID-19 model performance.

TABLE X. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
MOBILENET FOR MELANOMA SKIN CANCER DATASET

Model Accuracy Precision Recall F1-Score
MobileNet+SVM 0.92 0.92 0.92 0.92
MobileNet+Random Forest 0.90 0.90 0.90 0.90
MobileNet+Gradient Boosting 0.91 0.91 0.91 0.90
MobileNet+AdaBoost 0.86 0.86 0.86 0.86
MobileNet+KNN 0.90 0.90 0.90 0.90
MobileNet+Logistic Regression 0.89 0.89 0.89 0.89
MobileNet+Decision Tree 0.82 0.83 0.82 0.82
MobileNet+Naı̈ve Bayes 0.80 0.80 0.80 0.80
MobileNet+LDA 0.90 0.90 0.90 0.90
MobileNet+MLP 0.91 0.91 0.91 0.91

• If MobileNet is used, SVM is best (Accuracy: 0.92).

• If VGG16 is used, MLP is best (Accuracy: 0.92).

• If InceptionV3 is used, SVM is best (Accuracy: 0.91).

• If ResNet50 is used, Gradient Boosting/LDA are best
(Accuracy: 0.90).

Overall, MobileNet+SVM is the strongest model for
melanoma; VGG16+MLP is also a strong alternative, es-
pecially if computational efficiency matters (see Fig. 6 and
Table XII).

TABLE XI. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
INCEPTIONV3 FOR MELANOMA SKIN CANCER DATASET

Model Accuracy Precision Recall F1-Score
InceptionV3+SVM 0.91 0.91 0.91 0.91
InceptionV3+Random Forest 0.87 0.87 0.87 0.87
InceptionV3+Gradient Boosting 0.90 0.90 0.90 0.90
InceptionV3+AdaBoost 0.87 0.87 0.87 0.87
InceptionV3+KNN 0.86 0.87 0.86 0.85
InceptionV3+Logistic Regression 0.89 0.89 0.89 0.89
InceptionV3+Decision Tree 0.78 0.78 0.78 0.78
InceptionV3+Naı̈ve Bayes 0.80 0.80 0.80 0.80
InceptionV3+LDA 0.89 0.89 0.89 0.89
InceptionV3+MLP 0.90 0.90 0.90 0.90

ResNet50 Performance. Table XIII shows that ResNet50
+ MLP achieved the highest scores across all metrics
(Accuracy=0.96, Precision=0.95, Recall=0.95, F1=0.95). In
contrast, ResNet50 + Random Forest exhibited the weakest
performance among the compared models.

c) MobileNet performance: Table XIV shows that,
across all evaluation metrics, the MobileNet+MLP model out-
performs the rest (Accuracy 0.98, Precision 0.97, Recall 0.97,
and F1-score 0.97). In contrast, MobileNet+Decision Tree has
the lowest performance (Accuracy 0.90, Precision 0.87, Recall
0.88, F1-score 0.88), indicating notable limitations and making
it the least reliable among the tested models.
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Fig. 6. Melanoma model performance.

TABLE XII. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
VGG16 FOR CHEST X-RAY IMAGES DATASET

Model Accuracy Precision Recall F1-Score
VGG16+SVM 0.93 0.91 0.91 0.91
VGG16+Random Forest 0.96 0.95 0.94 0.94
VGG16+Gradient Boosting 0.95 0.94 0.94 0.94
VGG16+AdaBoost 0.95 0.94 0.94 0.94
VGG16+KNN 0.95 0.93 0.93 0.94
VGG16+Logistic Regression 0.95 0.94 0.94 0.94
VGG16+Decision Tree 0.90 0.86 0.87 0.87
VGG16+Naı̈ve Bayes 0.93 0.90 0.90 0.87
VGG16+LDA 0.97 0.96 0.95 0.96
VGG16+MLP 0.97 0.96 0.96 0.96

d) InceptionV3 performance: The performance of mod-
els using the InceptionV3 feature extractor with different
ML classifiers is presented in Table XV. The best results
were obtained with InceptionV3+Logistic Regression and In-
ceptionV3+MLP, each achieving 0.96 for Accuracy, Preci-
sion, Recall, and F1-score. The weakest model was Incep-
tionV3+Decision Tree.

• If MobileNet is used, MLP is best (Accuracy: 0.98).

• If VGG16 is used, MLP is best (Accuracy: 0.97); LDA
is a strong alternative.

TABLE XIII. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
RESNET50 FOR CHEST X-RAY IMAGES DATASET

Model Accuracy Precision Recall F1-Score
ResNet50+SVM 0.91 0.88 0.90 0.89
ResNet50+Random Forest 0.74 0.37 0.50 0.43
ResNet50+Gradient Boosting 0.92 0.91 0.88 0.90
ResNet50+AdaBoost 0.94 0.93 0.92 0.92
ResNet50+KNN 0.94 0.96 0.93 0.93
ResNet50+Logistic Regression 0.90 0.86 0.89 0.88
ResNet50+Decision Tree 0.92 0.93 0.92 0.93
ResNet50+Naı̈ve Bayes 0.89 0.86 0.86 0.86
ResNet50+LDA 0.83 0.78 0.90 0.88
ResNet50+MLP 0.96 0.95 0.95 0.95

• If InceptionV3 is used, MLP/Logistic Regression are best
(Accuracy: 0.96).

• If ResNet50 is used, MLP is best (Accuracy: 0.96).

Overall, MobileNet+MLP achieves the highest Accuracy
for Chest X-Ray Images, while VGG16+MLP/LDA is also a
strong choice (see Fig. 7 and Table XVI).

e) ResNet50 performance: Table XVII shows that
ResNet50+KNN achieved the best performance with the high-
est Accuracy (0.91), Precision (0.90), Recall (0.89), and F1-
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TABLE XIV. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
MOBILENET FOR CHEST X-RAY IMAGES DATASET

Model Accuracy Precision Recall F1-Score
MobileNet+SVM 0.97 0.96 0.96 0.96
MobileNet+Random Forest 0.95 0.94 0.93 0.93
MobileNet+Gradient Boosting 0.96 0.95 0.94 0.94
MobileNet+AdaBoost 0.92 0.90 0.87 0.90
MobileNet+KNN 0.96 0.94 0.95 0.95
MobileNet+Logistic Regression 0.97 0.96 0.96 0.96
MobileNet+Decision Tree 0.90 0.87 0.88 0.88
MobileNet+Naı̈ve Bayes 0.92 0.89 0.88 0.85
MobileNet+LDA 0.97 0.96 0.96 0.96
MobileNet+MLP 0.98 0.97 0.97 0.97

TABLE XV. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
INCEPTIONV3 FOR CHEST X-RAY IMAGES DATASET

Model Accuracy Precision Recall F1-Score
InceptionV3+SVM 0.95 0.95 0.95 0.95
InceptionV3+Random Forest 0.92 0.92 0.92 0.92
InceptionV3+Gradient Boosting 0.95 0.95 0.95 0.95
InceptionV3+AdaBoost 0.93 0.93 0.93 0.93
InceptionV3+KNN 0.91 0.92 0.91 0.91
InceptionV3+Logistic Regression 0.96 0.96 0.96 0.96
InceptionV3+Decision Tree 0.96 0.86 0.86 0.85
InceptionV3+Naı̈ve Bayes 0.89 0.89 0.87 0.88
InceptionV3+LDA 0.94 0.94 0.94 0.94

Fig. 7. Chest X-ray model performance.

score (0.89). Conversely, ResNet50+SVM recorded the lowest
metrics (Accuracy 0.67, Precision 0.33, Recall 0.50, F1-score
0.40).

f) MobileNet performance: Table XVIII shows that the
most effective models are MobileNet+SVM, MobileNet+KNN,
MobileNet+LDA, and MobileNet+MLP, each achieving perfect
scores (Accuracy, Precision, Recall, and F1-score of 1.00).
In contrast, MobileNet+Naı̈ve Bayes recorded the weakest
performance (Accuracy 0.81, Precision 0.80, Recall 0.83, F1-
score 0.80), making it the least effective classifier in this
comparison.

g) InceptionV3 performance: Table XIX presents the
results for models using the InceptionV3 feature extractor.

TABLE XVI. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
VGG16 FOR FACE IMAGES DATASET

Model Accuracy Precision Recall F1-Score
VGG16+SVM 0.91 0.90 0.89 0.89
VGG16+Random Forest 0.98 0.98 0.97 0.98
VGG16+Gradient Boosting 0.98 0.98 0.98 0.98
VGG16+AdaBoost 0.96 0.96 0.95 0.95
VGG16+KNN 1.00 1.00 1.00 1.00
VGG16+Logistic Regression 0.97 0.97 0.97 0.97
VGG16+Decision Tree 0.90 0.89 0.89 0.89
VGG16+Naı̈ve Bayes 0.84 0.83 0.87 0.83
VGG16+LDA 0.99 0.99 0.99 0.99
VGG16+MLP 1.00 1.00 1.00 1.00

TABLE XVII. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
RESNET50 FOR FACE IMAGES DATASET

Model Accuracy Precision Recall F1-Score
ResNet50+SVM 0.67 0.33 0.50 0.40
ResNet50+Random Forest 0.88 0.89 0.84 0.86
ResNet50+Gradient Boosting 0.88 0.86 0.85 0.86
ResNet50+AdaBoost 0.84 0.82 0.82 0.82
ResNet50+KNN 0.91 0.90 0.89 0.89
ResNet50+Logistic Regression 0.81 0.79 0.77 0.78
ResNet50+Decision Tree 0.78 0.75 0.75 0.75
ResNet50+Naı̈ve Bayes 0.59 0.70 0.68 0.65
ResNet50+LDA 0.84 0.82 0.83 0.82
ResNet50+MLP 0.83 0.81 0.79 0.80

TABLE XVIII. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
MOBILENET FOR FACE IMAGES DATASET

Model Accuracy Precision Recall F1-Score
MobileNet+SVM 1.00 1.00 1.00 1.00
MobileNet+Random Forest 0.98 0.97 0.97 0.98
MobileNet+Gradient Boosting 0.99 0.99 0.99 0.99
MobileNet+AdaBoost 0.99 0.99 0.99 0.99
MobileNet+KNN 1.00 1.00 1.00 1.00
MobileNet+Logistic Regression 0.99 0.99 1.00 0.99
MobileNet+Decision Tree 0.88 0.86 0.80 0.87
MobileNet+Naı̈ve Bayes 0.81 0.80 0.83 0.80
MobileNet+LDA 1.00 1.00 1.00 1.00
MobileNet+MLP 1.00 1.00 1.00 1.00

The best-performing classifiers were SVM, KNN, Logistic
Regression, and MLP. In contrast, InceptionV3+Naı̈ve Bayes
recorded the weakest performance (Accuracy 0.75, Precision
0.79, Recall 0.75, F1-score 0.75).

Based on the previous performance metrics for the Face
Images of Acute Stroke and Non-Acute Stroke dataset, the best
ML classifier depends on the DL feature extractor:

• If MobileNet is used, SVM, KNN, LDA, or MLP achieved
perfect scores (Accuracy: 1.00).

• If VGG16 is used, KNN or MLP are best (Accuracy:
1.00).

• If InceptionV3 is used, SVM, KNN, Logistic Regression,
or MLP are best (Accuracy: 0.99).
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TABLE XIX. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
INCEPTIONV3 FOR FACE IMAGES DATASET

Model Accuracy Precision Recall F1-Score
InceptionV3+SVM 0.99 0.99 0.99 0.99
InceptionV3+Random Forest 0.94 0.94 0.94 0.94
InceptionV3+Gradient Boosting 0.95 0.96 0.95 0.95
InceptionV3+AdaBoost 0.93 0.93 0.93 0.93
InceptionV3+KNN 0.99 0.99 0.99 0.99
InceptionV3+Logistic Regression 0.99 0.99 0.99 0.99
InceptionV3+Decision Tree 0.83 0.84 0.84 0.84
InceptionV3+Naı̈ve Bayes 0.75 0.79 0.75 0.75
InceptionV3+LDA 0.95 0.95 0.95 0.95
InceptionV3+MLP 0.99 0.99 0.99 0.99

TABLE XX. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
VGG16 FOR DIFFERENT EYE DISEASE DATASET

Model Accuracy Precision Recall F1-Score
VGG16+SVM 0.93 0.45 0.49 0.47
VGG16+Random Forest 0.92 0.67 0.62 0.62
VGG16+Gradient Boosting 0.92 0.67 0.61 0.63
VGG16+AdaBoost 0.81 0.30 0.29 0.29
VGG16+KNN 0.95 0.77 0.74 0.73
VGG16+Logistic Regression 0.94 0.80 0.58 0.59
VGG16+Decision Tree 0.88 0.58 0.61 0.59
VGG16+Naı̈ve Bayes 0.62 0.54 0.67 0.54
VGG16+LDA 0.94 0.65 0.72 0.69
VGG16+MLP 0.95 0.75 0.73 0.72

Fig. 8. Acute stroke model performance.

• If ResNet50 is used, KNN is best (Accuracy: 0.91).

If computational efficiency and balanced performance are
priorities, MobileNet-based models (especially with SVM,
KNN, LDA, or MLP) are preferable due to MobileNet’s
lightweight nature. If interpretability and robustness are cru-
cial, VGG16 with KNN or MLP is an excellent choice (see
Fig. 8 and Table XX).

h) ResNet50 performance: Table XXI shows that
ResNet50+KNN and ResNet50+LDA achieved the highest
Accuracy (0.93), with ResNet50+LDA delivering consistently
strong results across all metrics. For the Precision metric,

TABLE XXI. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
RESNET50 FOR DIFFERENT EYE DISEASE DATASET

Model Accuracy Precision Recall F1-Score
ResNet50+SVM 0.74 0.12 0.17 0.14
ResNet50+Random Forest 0.92 0.68 0.61 0.62
ResNet50+Gradient Boosting 0.90 0.54 0.53 0.53
ResNet50+AdaBoost 0.94 0.30 0.33 0.31
ResNet50+KNN 0.93 0.65 0.65 0.63
ResNet50+Logistic Regression 0.91 0.43 0.46 0.45
ResNet50+Decision Tree 0.88 0.39 0.32 0.34
ResNet50+Naı̈ve Bayes 0.38 0.29 0.58 0.37
ResNet50+LDA 0.93 0.69 0.73 0.71
ResNet50+MLP 0.92 0.60 0.59 0.56

Fig. 9. Eye disease model performance.

TABLE XXII. PERFORMANCE COMPARISON OF ML CLASSIFIERS WITH
INCEPTIONV3 FOR DIFFERENT EYE DISEASE DATASET

Model Accuracy Precision Recall F1-Score
InceptionV3+SVM 0.94 0.90 0.94 0.92
InceptionV3+Random Forest 0.91 0.88 0.91 0.89
InceptionV3+Gradient Boosting 0.91 0.89 0.90 0.90
InceptionV3+AdaBoost 0.85 0.85 0.78 0.79
InceptionV3+KNN 0.93 0.92 0.93 0.92
InceptionV3+Logistic Regression 0.93 0.93 0.93 0.93
InceptionV3+Decision Tree 0.79 0.86 0.76 0.83
InceptionV3+Naı̈ve Bayes 0.70 0.73 0.75 0.74
InceptionV3+LDA 0.93 0.93 0.94 0.93
InceptionV3+MLP 0.94 0.93 0.94 0.93

ResNet50+Random Forest obtained the best result (0.68). In
contrast, ResNet50+Naı̈ve Bayes was the weakest model, with
the lowest Accuracy (0.38) and overall poor performance
compared to the others.

i) InceptionV3 performance: Table XXII shows that
InceptionV3+SVM and InceptionV3+MLP achieved the high-
est Accuracy (0.94). The highest Precision was obtained by
Logistic Regression, Naı̈ve Bayes, LDA, and MLP. The Recall
was highest for SVM and MLP. Regarding F1-score, Logistic
Regression, LDA, and MLP achieved the best results (0.93).
In contrast, InceptionV3+Naı̈ve Bayes was the weakest model
overall, with the lowest Accuracy (0.70).
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j) Summary: Different eye diseases dataset: Based
on the previous performance metrics, the most suitable ML
classifier depends on the chosen DL feature extractor. The best
combinations by Accuracy are:

• If VGG16 is used, KNN is best (Accuracy: 0.95).
• If InceptionV3 is used, MLP is best (Accuracy: 0.94).
• If MobileNet is used, SVM/KNN are best (Accuracy:

0.94).
• If ResNet50 is used, LDA is best (Accuracy: 0.93).

Overall, VGG16+KNN and InceptionV3+MLP are strong
choices, while MobileNet+SVM/KNN provides competitive
performance with efficient inference (see Fig. 9).

k) Different eye diseases dataset: For the Different Eye
Diseases dataset, VGG16+KNN is the most appropriate model
based on its highest Accuracy and balanced performance
across evaluation metrics. However, InceptionV3+MLP is
also a strong contender. The choice between them depends
on application requirements such as computational efficiency
and real-time processing needs (see Fig. 9).

B. Discussion

The primary aim of this study was to create and assess a
hybrid model architecture that combines deep learning (DL)
feature extraction with machine learning (ML) classification
techniques for medical image analysis. Across the five datasets,
performance varied with the particular pairing of DL feature
extractor and ML classifier. Key findings are summarized
below:

• COVID-19 Dataset: MobileNet+MLP achieved the
highest Accuracy (0.97).

• Melanoma Skin Cancer Dataset: MobileNet+SVM and
VGG16+MLP both reached top accuracies (0.92),
showing that different hybrid configurations can yield
competitive results depending on computational or
interpretability needs.

• Chest X-Ray Dataset: MobileNet+MLP again achieved
the highest accuracy (0.98).

• Face Images of Acute Stroke Dataset: MobileNet
with several ML classifiers (SVM, KNN, LDA, MLP)
achieved perfect accuracy (1.00), indicating strong
discriminative power of facial feature embeddings for
neurological conditions.

• Different Eye Diseases Dataset: The top performer was
VGG16+KNN (Accuracy: 0.95), while InceptionV3+MLP
also delivered competitive results (Accuracy: 0.94).

Overall, MobileNet consistently appears as the most adapt-
able and high-performing DL feature extractor across datasets,
especially when paired with MLP or SVM, depending on the
classification challenge. These results confirm the potential of
hybrid DL–ML models in medical image classification.

Model selection should not rely on accuracy alone; addi-
tional factors include:

• Computational efficiency: e.g., MobileNet is favorable
for time-sensitive applications due to high speed and low
resource use.

• Interpretability: e.g., LDA or Logistic Regression offer
clearer clinical insight.

• Dataset specifications: image resolution, noise levels,
and class imbalance must be considered.

The evaluation demonstrates that combining DL and ML
can yield hybrid models that improve classification while
providing flexible solutions for varied medical domains.

V. CONCLUSION AND FUTURE WORK

This research introduced a hybrid architecture that couples
Deep Learning (DL) feature extraction with Machine Learning
(ML) classification for medical image analysis across multiple
datasets. Four pre-trained CNNs (VGG16, ResNet50, Mo-
bileNet, InceptionV3) served as deep feature extractors; their
features were fed to ten traditional ML classifiers, forming a
comprehensive hybrid framework. We evaluated the framework
on five datasets: COVID-19 chest X-rays, melanoma skin
cancer, general chest X-rays, acute stroke facial images, and a
multi-class eye disease dataset.

Results show that performance depends on both the DL
extractor and ML classifier. In most cases, MobileNet proved
the most consistent and effective extractor, especially with
MLP or SVM. This pairing achieved the highest accuracies in
several datasets, such as COVID-19 (MobileNet+MLP, 0.97),
chest X-rays (MobileNet+MLP, 0.99), and stroke images (Mo-
bileNet+MLP/KNN/LDA, 1.00). By contrast, ResNet50 showed
relatively lower performance on stroke and eye-disease clas-
sification, whereas VGG16 and InceptionV3 achieved strong
results elsewhere and are good alternatives when interpretabil-
ity, computational complexity, or domain-specific constraints
are important.

The study further demonstrates that well-optimized hybrid
DL–ML pipelines can outperform standalone ML or DL ap-
proaches, offering better generalization across neurological,
dermatological, and respiratory imaging tasks.

Future work will expand to broader medical conditions
and explore stronger denoising methods to enhance image
quality. Another promising direction is multi-modal integra-
tion—combining images with clinical data—to improve accu-
racy and provide a more holistic diagnostic aid.
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