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Abstract

Kidney diseases, including cysts, stones, and tumors, are common among older
adults and often progress asymptomatically, leading to delayed diagnoses. Manual
interpretation of CT images by clinicians is labor-intensive and can vary significantly
between observers, especially in high-volume settings. This study aims to develop
and evaluate an artificial intelligence—based decision support system for multiclass
kidney disease classification with an emphasis on robustness, computational
efficiency, and clinical feasibility in elderly healthcare environments. The study
proposes a medical informatics evaluation framework that integrates standard
performance metrics with learning dynamics, overfitting analysis, and error
distribution assessments to ensure reliable model selection. Three architectures
were evaluated: a conventional CNN, MobileNet-V2, and EfficientNet-B0. Experiments
were conducted on a publicly available dataset containing 12,446 CT images across
four classes (Normal, Cyst, Stone, and Tumor). Models were trained under varying
epoch settings and evaluated using weighted accuracy, precision, recall, F1-score,
AUC, learning curve analysis, and confusion matrix assessment. The results indicate
that the conventional CNN achieved perfect numerical performance but exhibited
rapid convergence and early metric saturation, limiting the interpretability of
generalization under the current dataset configuration. EfficientNet-B0O showed
stable yet conservative performance, whereas MobileNet-V2 achieved near-optimal
accuracy with gradual convergence, minimal overfitting, and superior computational
efficiency. At the optimal configuration (epoch 50), MobileNet-V2 achieved an
accuracy of 1.00, precision of 1.00, recall of 1.00, F1-score of 1.00, and an AUC of
0.9997. These findings suggest that lightweight architectures, particularly MobileNet-
V2, offer a practical solution for CT-based kidney disease decision support, while
acknowledging the need for patient-level and multi-institutional validation.
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complicate therapeutic interventions [3]. Consequently,

Kidney disease represents one of the most significant and
growing health burdens in the elderly population, with
prevalence increasing in parallel with aging-related
physiological deterioration of renal function and prolonged
exposure to comorbid risk factors such as hypertension
and diabetes mellitus [1]. In this population, renal
pathologies including cysts, calculi, and neoplasms
frequently develop without overt clinical symptoms during
their early stages, resulting in delayed diagnosis and
intervention [2]. Such diagnostic delays are particularly
detrimental in older adults, as age-related physiological
decline may accelerate disease progression and

strategies that enable the timely and reliable detection of
kidney disease are essential for improving clinical
outcomes and strengthening geriatric healthcare
systems.

Computed tomography (CT) is widely utilized in clinical
practice for the evaluation of renal abnormalities due to its
high spatial resolution and ability to provide detailed
anatomical information [4]. However, interpreting kidney
CT images in the routine clinical setting remains
challenging [5]. Radiologists are often confronted with
increasing imaging volumes, limited availability of
subspecialty expertise, particularly in primary and
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secondary healthcare facilities, and inherent inter-
observer variability in image assessment [6]. These
constraints hinder early detection and limit the scalability
of renal disease screening programs, despite the clinical
benefits of early diagnosis and continuous monitoring.

In response to these challenges, deep learning-based
approaches, particularly convolutional neural networks
(CNNs), have been increasingly applied to automate the
classification of kidney diseases from CT images [7].
Numerous studies have reported exceptionally high
accuracy values, often approaching perfect performance.
An emerging concern in medical imaging research is the
“high-performance illusion,” in which reported results
appear strong but do not translate to clinical settings [8].
This issue frequently arises from dataset-related factors,
including data leakage caused by image-level splitting
without patient-wise grouping, repeated anatomical slices
from the same examination, and limited demographic
diversity. In such cases, models may exploit data
redundancy or homogeneous image characteristics,
leading to overly optimistic performance estimates that do
not reflect real-world deployment conditions [9].
Therefore, high numerical accuracy alone is insufficient to
indicate clinical reliability, as previously reported in studies
discussing data leakage effects in medical imaging model
evaluation [10]. To reduce potential evaluation bias, this
study explicitly separates the training, validation, and test
subsets during model development and performance
assessment.

Many previous studies also rely on increasingly
complex deep learning architectures without adequate
consideration of computational requirements or
deployment feasibility [11]. This limitation is particularly
important for healthcare faciliies with limited
computational infrastructure, where diagnostic systems
must operate with limited memory and processing power
[12]. In this study, lightweight deep learning models refer
to neural network architectures designed with reduced
parameter count, lower memory consumption, and
shorter inference time while maintaining competitive
classification = performance. Models with these
characteristics are more suitable for integration into
clinical decision support systems, especially in resource-
limited environments such as regional hospitals and
outpatient diagnostic units [13]. To address these practical
constraints, several studies have begun exploring
lightweight deep learning architectures that balance
predictive performance with computational efficiency.

Lightweight architectures such as MobileNet and
EfficientNet have been proposed as alternatives due to
their parameter efficiency and computational practicality
[14]. These architectures aim to maintain classification
performance while minimizing resource demand, which
supports their potential use in routine clinical workflows
[15]. Nevertheless, existing research rarely examines how
architectural  selection affects learning stability,
convergence behavior, and resistance to overfitting. The
relationship between model selection and deployment
readiness for early detection and long-term monitoring of
kidney disease in older populations also remains

insufficiently studied [16]. Only a limited number of studies
have systematically examined the implications of high-
performance illusion in public kidney CT datasets and its
effect on clinical decision support reliability.

Despite the growing body of research on deep
learning—based kidney disease classification from CT
images, several critical gaps remain from a medical
informatics and clinical decision support perspective [17].
Existing studies predominantly emphasize peak
classification accuracy while overlooking system-level
evaluation aspects essential for real-world deployment,
such as training stability, convergence behavior,
susceptibility to overfitting, and error distribution patterns
[18]. Moreover, limited attention has been given to how
different architectural choices affect the robustness,
computational efficiency, and reliability of Al-assisted
diagnostic support systems under realistic clinical
constraints [19] As a result, there is a lack of
comprehensive evaluation frameworks that assess not
only model performance but also methodological validity
and deployment readiness within medical imaging
informatics systems.

Unlike most previous studies that primarily report peak
classification accuracy, the proposed framework
evaluates deep learning models using a multi-aspect
assessment strategy. The framework simultaneously
analyzes classification performance, learning stability,
parameter efficiency, and inference efficiency within a
single evaluation protocol. By integrating computational
efficiency metrics with learning behavior analysis, this
study positions model suitability not only in terms of
predictive accuracy but also practical deploy ability in
clinical decision support systems.

To address this gap, this study proposes a structured
evaluation framework for an Al-based medical imaging
decision-support system for multiclass kidney disease
classification from CT images. The framework
systematically compares three representative deep
learning architectures, namely a conventional CNN,
MobileNet-V2, and EfficientNet-B0O, which reflect varying
levels of model complexity and computational demand
[20]. Rather than focusing solely on final classification
accuracy, the proposed framework integrates quantitative
performance metrics, learning curve analysis,
convergence stability assessment, overfitting evaluation,
and confusion matrix-based error analysis to provide a
holistic understanding of model behavior within a clinical
decision support context [21]. Through this
comprehensive evaluation strategy, the study aims to
better understand how model characteristics influence
practical deployment in clinical environments.

Therefore, this study aims to develop and evaluate an
Al-based medical imaging decision support framework
that assesses the robustness, computational efficiency,
and clinical feasibility of deep learning models for CT-
based kidney disease classification. The findings are
intended to support early detection and monitoring
strategies applicable to aging populations, rather than
being limited to a specific age-defined cohort [22]. By
emphasizing both  diagnostic performance and

Corresponding author: Aji Prasetya Wibawa, aji.prasetya.ft@um.ac.id, Department of Electrical Engineering and Informatics, Universitas Negeri

Malang, Malang, Indonesia.
DOI: https://doi.org/10.35882/ijeeemi.v8i2.325

Copyright © 2025 by the authors. Published by Jurusan Teknik Elektromedik, Politeknik Kesehatan Kemenkes Surabaya Indonesia. This work
is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 International License (CC BY-SA 4.0).

173


https://ijeeemi.org/
https://portal.issn.org/resource/ISSN-L/2656-8624
mailto:aji.prasetya.ft@um.ac.id
https://doi.org/10.35882/ijeeemi.v8i2.325
https://creativecommons.org/licenses/by-sa/4.0/

Indonesian Journal of Electronics, Electromedical Engineering, and Medical Informatics

e-ISSN: 2656-8624

Homepage: https://ijeeemi.org/; Vol. 8, No. 2, pp. 172-188, May 2026

implementation feasibility, the proposed framework seeks
to bridge the gap between algorithmic development and
real-world clinical application.

This study contributes to the field of medical
informatics by developing a system-oriented evaluation
framework for Al-assisted kidney disease classification
using CT images, designed to support clinical decision-
making [23]. A comparative analysis of deep learning
architectures with distinct computational characteristics is
conducted to highlight trade-offs among classification
accuracy, generalization stability, and resource efficiency
in medical imaging decision support systems [24].
Furthermore, this work provides an in-depth investigation
of learning dynamics, overfitting behavior, and error
distribution patterns, revealing the limitations of accuracy-
centric evaluation when applied to public kidney CT
datasets [25]. Finally, practical insights are provided on
selecting lightweight deep learning models, particularly
MobileNet-V2, to facilitate the development of deployable,
reliable, and sustainable Al-based diagnostic support
systems in resource-constrained clinical environments
[26]. Taken together, these contributions aim to advance
the design of clinically deployable Al systems that balance
predictive performance with operational feasibility in
healthcare settings.

Il. Materials and Method

This study employs a structured research methodology to
develop a deep neural network (DNN) model for
multiclass classification of kidney disease images. The
workflow commences with the acquisition of kidney
disease images from the Kaggle platform, followed by a
preprocessing stage that encompasses image
preprocessing and data partitioning. Subsequently, three
deep learning architectures, CNN, MobileNet-V2, and
EfficientNet-BO, are utilized. Each deep learning
architecture was subsequently trained according to a
predetermined epoch schedule, with consistent optimizer
and loss function configurations to ensure a fair
comparison. Model performance was evaluated using
standard classification metrics, namely accuracy,
precision, recall, F1-score, and the area under the curve
(AUC), to quantify the models’ capacity to discriminate
between classes. All experiments were conducted on a
workstation equipped with an AMD Ryzen 5 4600H six-
core processor, NVIDIA GeForce GTX 1650 GPU with
4GB VRAM, and 16GB DDR4 RAM. This hardware
configuration is maintained consistently across all
experiments to ensure reproducibility and equitable

computational benchmarking. The methodological
framework is depicted in Fig. 1.
A. Dataset

This study utilizes a dataset of kidney computed
tomography (CT) images derived from the public CT
Kidney Dataset: Normal-Cyst-Tumor and Stone, available
on the Kaggle platform. The dataset was originally
collected from the Picture Archiving and Communication
System (PACS) of multiple hospitals in Dhaka,
Bangladesh. The CT studies were carefully selected and
subsequently verified by a radiologist and a medical
technologist to ensure diagnostic correctness before
inclusion in the dataset. The dataset comprises abdominal
CT images centered on the renal region, and it has been
annotated into four pathological categories: Cyst, Normal,
Stone, and Tumor.

In total, the dataset comprises 12,446 unique CT
images, and the class distribution is not entirely balanced.
The Normal class contains 5,077 images, the Cyst class
3,709 images, and the Tumor class 2,283 images. In
contrast, the Stone class contains the fewest images, with
1,377 images. This imbalance, which mirrors real-world
medical data, can bias classification models, particularly
when identifying minority classes [27]. Therefore,
appropriate evaluation strategies and model design
considerations are necessary to ensure that classification
performance remains reliable across both majority and
minority classes

As the dataset is publicly available and provided at the
image level, the experimental evaluation conducted in this
study is intended to assess model behavior and
comparative robustness under controlled conditions,
rather than to establish definitive clinical diagnostic
performance.

Although the dataset was collected from multiple
hospitals and reflects real-world clinical imaging practice,
it does not include demographic metadata such as patient
age. Therefore, its representativeness for geriatric-
specific CT imaging cannot be explicitly confirmed, and
age-specific generalization remains a limitation of this
study. To illustrate the structure and characteristics of the
employed data, a sample dataset is presented in Fig. 2.
The figure shows sample CT images along with their
corresponding class labels indicating the kidney
conditions. This example illustrates the relationship
between the input images and the clinical interpretation of
these labels in the context of kidney pathology.

Data Collection ‘ Resize 224 x 224 ‘
¥

Model Architecture Optimizer

CNN Conventional Adam

Scenario Design

Accuracy
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CT KIDNEY DATASET. ‘ Pixel Normalization [0, 1] ‘
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Fig. 1. The overall research framework for kidney disease classification.
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(c) (d)
Fig. 2 Example of CT kidney image: (a) Normal, (b)
Cyst, (c) Tumor, (d) Stone.

B. Data Preprocessing

The image preprocessing stage was conducted to ensure
uniformity in the input format across all evaluated
architectures and to maintain experimental consistency
for baseline comparison. All CT scan images were resized
to a fixed spatial resolution of 224 x 224 pixels using the
cv2.resize() function from OpenCV. This dimension was
selected because it serves as the standard input for most
deep learning architectures [28], including MobileNet-V2
and EfficientNet-B0, while balancing visual fidelity and
computational efficiency.

In addition to resizing, the pixel values were
normalized by dividing each intensity value by 255.0,
thereby constraining them to the range [0, 1]. This
normalization aims to reduce scale differences between

features, accelerate convergence during training, and
enhance the numerical stability of the model [29]. The
kidney disease category labels were converted to one-
hot-encoded vectors to enable multiclass classification
with a Softmax output layer. No data augmentation
techniques were applied during preprocessing. This
decision was intentionally made to preserve consistency
across all evaluated models and to ensure a fair baseline
comparison of architectural efficiency without introducing
additional variability from augmentation strategies.

The preprocessed dataset was partitioned at the
image level using the train_test_split function from the
Scikit-learn library with the parameter shuffle = True. The
dataset was first split into training and test sets with a 20%
test split. The remaining 80% was subsequently split
again to obtain a validation subset with a proportion
equivalent to 20% of the total dataset. This procedure
yielded a final distribution of 60:20:20, corresponding to
7,467 training images, 2,489 validation images, and 2,490
testing images. The dataset provides only image-level
metadata, without patient identifiers. Therefore, patient-
level grouping during partitioning was not feasible.

C. Model Architecture

This study implements three deep neural network
architectures for kidney CT image classification: a
conventional Sequential CNN, MobileNet-V2, and
EfficientNet-BO. The overall architectural configurations
and the structural differences among the three models are
illustrated in Fig. 3. The figure provides a visual
representation of the feature extraction pipelines, pooling
mechanisms, and classification heads employed in each
architecture, thereby clarifying the comparative design
strategy adopted in this study.

The first architecture is a conventional convolutional
neural network (CNN) arranged sequentially to
progressively extract hierarchical spatial features from CT
images of size 224 x 224. The convolution operation on
layer [ is mathematically defined in Eq. (1) [30].

\ Output

Cyst

CNN Conventional
Conv2D Conv2D
Va (28 filers. MaxPooling2D (64 fikers MaxPooling2D ol
. . — . Flatten ——> (4 units, Softmax
33 kernel, (2%2 pool size) 3x%3 kernel, (2%2 pool size) activation)
RelU acti RelU activation)
MobileNet-v2
Pre-trained MobileNet-v2 Dense
Base Gl gePooling2D . -
(Frozen, ImageNet weight) (4 units, Softmax activation)
Input Kidney CT Image
(224x224x3) EfficientNet-B0
M| | Pre-trained EfficientNet-80
Feature Dropout (rate = 0.5) Dense
(Frozen, TF Hub) (4 units, Softmax activation)

/

Fig. 3 Architecture Diagram that visually represents each model architecture.
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C-1 K K

o _ [O) (I-1) )
Xi,j,k =0 Z Z Z I/I/u,v,m,k : Xi+u,j+v,m + bk (1)

m=1u=1v=1
where Xi(j.),k denotes the activation value at spatial position
(i,j) of the k-th feature map in the [-th convolutional layer.

The term Xﬁ;?mm represents the input feature value

from the (I — 1)-th layer at channel m within the receptive
field. Wu(‘i,)‘m_k corresponds to the convolutional kernel
weight connecting the m-th input channel to the k-th
output feature map at layer [, while b,((l) denotes the bias
term associated with the k-th filter. The indices u and v
define the spatial dimensions of the convolution kernel
with size K X K, and C,_; indicates the number of input
channels from the previous layer. Finally, a(-) represents
the nonlinear activation function applied after the
convolution operation.

In the first convolutional layer, K = 3 and the number
of filters k = 28, producing 28 feature maps as shown in
Fig. 3. The selection of 28 filters in the first layer is
intentionally adopted as a manual parameter-reduction
strategy to control early-stage redundancy and reduce
computational complexity before feature expansion in
deeper layers. The second convolutional layer applies
K = 3 with 64 filters (k = 64), increasing representational
capacity for deeper feature abstraction. Spatial
downsampling is performed using max pooling defined in
Eq. (2) [31].

P, i = max X;.,i 2
i,j,k Wr)en i+u,j+v,k ( )

where P; ; , represents the pooled output value at spatial
location (i,j) for the k-th feature map. The variable
Xitu,j+vx denotes the input activation within the local
pooling region centered around the spatial position. The
indices u and v define the coordinates within the pooling
window. At the same time, Q denotes the set of spatial
locations within the pooling region. After the second
pooling layer, the feature maps are flattened into a 1D
vector of 186,624 units and passed to a Dense layer with
4 output neurons, using Softmax activation for multiclass
classification. Notably, no dropout regularization is
applied in the conventional CNN, allowing the model to
retain full representational capacity during training [32].
The second architecture is MobileNet-V2, which uses
transfer learning. As illustrated in Fig. 3, the model
consists of a pre-trained MobileNet-V2 base network
initialized with ImageNet weights [33], followed by a
GlobalAveragePooling2D layer and a Dense classification
layer with four Softmax units. All convolutional layers in
the MobileNet-V2 base are frozen (trainable = False) to
preserve the learned depthwise separable convolution
representations. The GlobalAveragePooling2D layer
converts the final feature maps into a 1D feature vector
while reducing the number of parameters and mitigating
overfitting compared to a flattening operation [34]. The
final Dense layer with four neurons corresponds to the
four kidney CT classes. It is the only trainable component
in the model. This design reduces training complexity

while effectively leveraging robust feature representations
learned from large-scale pre-training.

The third architecture employs EfficientNet-BO as a
pre-trained feature extractor. As shown in Fig. 3, the
model uses the EfficientNet-BO feature vector module
from TensorFlow Hub, which directly produces a 1280-
dimensional feature representation from a 224 x 224 x 3
input image. EfficientNet-B0 is designed using compound
scaling principles that balance network depth, width, and
input resolution. Since spatial aggregation is performed
internally by the feature-vector module, no explicit
GlobalAveragePooling2D layer is included in the
Sequential configuration. A Dropout layer with a rate of 0.5
is applied after feature extraction to reduce feature co-
adaptation and improve generalization. Finally, a Dense
layer with four Softmax neurons maps the extracted
features to the kidney CT categories.

D. Scenario Design

All training experiments were executed using the Adam
(Adaptive Moment Estimation) optimizer. This optimizer
was selected for its ability to adjust the learning rate for
each parameter adaptively. This property is highly
effective for handling data with RSE or noisy gradients
[35]. In this study, the Adam optimizer was implemented
with the default TensorFlow configuration, using n =
0.001, B1 = 09, B2 = 0999, and & = 1077. This
optimization procedure is specified by Eq. (3) [36].

7 _
—Mm
T (3)
where w, denotes the model parameter vector at iteration
t, and w,,, represents the updated parameter after the
optimization step. The term 7 refers to the learning rate
that controls the step size during parameter updates. The
variables m; and 7; correspond to the bias-corrected first
moment (mean) and second moment (uncentered
variance) estimates of the gradients, respectively. The
parameter € is a small constant added for numerical
stability to prevent division by zero during the update
process.

The optimization procedure also employs the
Categorical Crossentropy loss function, which is well-
suited to multiclass classification with one-hot-ended
labels [37]. Eq. (4) defines this loss, which quantifies the
divergence between the model’s predicted probability
distribution (§) and the true label distribution (y) [38].

Wer1 = We —

C
Les = = ) yi-log 90) @
i=1

where L.; denotes the categorical cross-entropy loss
value. The variable C represents the total number of
classes in the classification problem. The term yi
corresponds to the true label indicator for class i, which is
encoded using a one-hot representation. The predicted
probability for class i produced by the Softmax output
layer is denoted by Ji. The logarithmic function log(:)
measures the negative log-likelihood of the predicted
probability for the correct class, thereby penalizing
incorrect  predictions and encouraging accurate
probabilistic classification.
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Categorical cross-entropy was selected because the
classification task involves four mutually exclusive
classes with one-hot-encoded labels, which s
mathematically consistent with Softmax output activation.
Specifically, the Softmax function produces a normalized
probability distribution over the four classes (\sum; yi = 1),
and Categorical Crossentropy directly measures the
negative log-likelihood of the correct class, thereby
encouraging probabilistic calibration of predictions.
Although the dataset exhibits class imbalance, no class
weighting was applied to maintain consistent comparative
evaluation across architectures. This design choice
ensures that performance differences reflect architectural
behavior rather than loss reweighting strategies. Model
robustness under imbalance conditions was instead
assessed through weighted Precision, Recall, and F1-
score metrics. To analyze model stability and learning
dynamics, the experiment was designed with five distinct
training duration conditions: 10, 20, 30, 40, and 50
epochs. All training conditions were applied consistently
across the three model architectures, without employing
early stopping or a learning rate scheduler. This range of
epoch counts enables the identification of the model’s
convergence point, beyond which accuracy improvement
slows or ceases (saturation). It also facilitates the
detection of tendencies toward overfitting or underfitting
[39]. An overview of all experimental configurations is
provided in Table 1.

Table 1. Experimental design scenarios for analyzing
model stability across varying training durations.

Architecture Configuration Epoch
CNN Adam, Categorical 10, 20, 30,
Conventional Crossentropy 40, 50
. Adam, Categorical 10, 20, 30,
MobileNet-V2 Crossentropy 40, 50
- Adam, Categorical 10, 20, 30,
EfficientNet-B0 Crossentropy 40, 50

E. Evaluation

The evaluation framework in this study is designed to
analyze not only classification performance but also
model learning characteristics, convergence stability, and
error behavior across different architectural designs. The
objective is to compare the robustness and feasibility of
deep learning models for kidney disease classification in
a computational and methodological context, rather than
to claim final clinical diagnostic accuracy. The model’s
performance was evaluated using several quantitative
metrics: accuracy, precision, recall, F1-score, and Area
Under the Curve (AUC). These metrics are derived from
the confusion matrix, which summarizes correct and
incorrect predictions for each class in a multiclass setting.
True Positive (TP) denotes positive instances correctly
classified, True Negative (TN) denotes negative instances
correctly identified, False Positive (FP) occurs when a
negative instance is misclassified as positive, and False
Negative (FN) occurs when a positive instance is

misclassified as negative, as used in the evaluation
metrics defined in Eq. (5)-Eq. (8) [40]. Together, these
evaluation metrics provide a comprehensive basis for
assessing both the predictive capability and the learning
behavior of the models within the proposed evaluation
framework.

TP+TN

A = 5
CUTacY = TP+ TN + FP + FN ®)
TP
Precision TP L FP (6)
TP
- 7
Recall TP L FN (7)

Fi—s ~oox Precision X Recall
core = Precision + Recall (8)

Eq. (5) to Eq. (8) define the following calculations.
Accuracy quantifies the proportion of correct predictions
relative to the entire test sample. Precision quantifies the
proportion of correctly predicted positive instances among
all predicted positives. Recall (Sensitivity) quantifies the
proportion of actual positive instances that are correctly
identified. F1-Score provides a balanced summary when
a trade-off between Precision and Recall is present.
These four metrics are particularly important given the
class imbalance in the employed dataset. Additionally, the
AUC score is used to quantify the model’s ability to
discriminate between classes, as shown in the Receiver
Operating Characteristic (ROC) curve [41]. An AUC value
near 1 indicates excellent discriminatory ability, whereas
a value near 0.5 indicates performance equivalent to
random guessing.

In addition to numerical metrics, learning curve
analysis and confusion matrix visualization are employed
to identify potential overfitting, premature convergence,
and class-specific misclassification patterns, providing a
more comprehensive assessment of model reliability.
Furthermore, to assess whether the observed
performance differences between model architectures are
statistically significant, a paired t-test was conducted
using accuracy values obtained across epoch
configurations (10-50 epochs). Each epoch configuration
was treated as a paired observation between models. The
statistical significance level was set at a = 0.05.

lll. Results

This section presents the results of evaluating the
performance of three deep learning architectures
employed in the study, namely a conventional CNN,
MobileNet-V2, and EfficientNet-BO, for the task of
classifying kidney CT images into four classes (Normal,
Cyst, Stone, and Tumor). The evaluation was conducted
across multiple training epoch configurations, ranging
from 10 to 50 epochs. Model performance was quantified
using standard metrics, including accuracy, precision,
recall, F1-score, and AUC score.

A. Model Performances
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The quantitative performance of each architecture is
summarized in Table 2 for CNN, Table 3 for MobileNet-V2,
and Table 4 for EfficientNet-BO. The tables report metric

Table 4. Evaluation results for the EfficientNet-B0
architecture scenario.

. . . . Acc Pre Rec F1-Sc AUC

values obtained at different epoch configurations,
providing a comparative overview of classification Epoch10 097 097  0.97 097  0.9948
performance across the three models. Epoch 20 0.97 0.97 0.97 0.97 0.9979
Table 2. Evaluation results for the CNN architecture Epoch 30 0.98 0.98 0.98 0.98 0.9988
scenario. Epoch 40 0.98 0.98 0.98 0.98 0.9988
Acc Pre Rec F1-Sc AUC Epoch 50 0.98 0.99 0.99 0.98 0.9992

Epoch 10 1.00 1.00 1.00 1.00 1.00 As depicted in Table 4, at epoch 10, the EfficientNet-

Epoch 20 1.00 1.00 1.00 1.00 1.00
Epoch 30 1.00 1.00 1.00 1.00 1.00
Epoch 40 1.00 1.00 1.00 1.00 1.00
Epoch 50 1.00 1.00 1.00 1.00 1.00

As shown in Table 2, CNN exhibits identical
performance metrics across all evaluated epoch
configurations. From epoch 10 to epoch 50, the model
attains accuracy, precision, recall, and F1-score values of
1.00. The AUC remains constant at 1.00 across all training
scenarios. The observed consistency across these
metrics indicates that the CNN’s classification
performance remains unchanged as the number of
epochs increases. No numerical variation is observed in
any of the evaluation metrics, whether at the beginning or
at the conclusion of ftraining. Thus, based on the
quantitative metrics analyzed, the CNN achieves the
highest classification performance across all epoch
configurations evaluated in this study.

Table 3. Evaluation results for the MobileNet-V2
architecture scenario.

Acc Pre Rec F1-Sc AUC
Epoch 10 0.98 0.99 0.99 0.99 0.9991
Epoch 20 0.99 0.99 0.99 0.99 0.9997
Epoch 30 0.99 0.99 0.99 0.99 0.9998
Epoch 40 0.99 1.00 1.00 1.00 0.9998
Epoch 50 1.00 1.00 1.00 1.00 0.9997

The performance evaluation of the MobileNet-V2
architecture is summarized in Table 3. At epoch 10,
MobileNet-V2 attained an accuracy of 0.98, with
precision, recall, and F1-score values of 0.99, and an AUC
value of 0.9991. As the number of epochs increased, the
accuracy reached 0.99 at 20 and 30 epochs. In contrast,
the precision, recall, and F1-score remained in the range
of 0.99. At 40 epochs, the precision, recall, and F1-score
values reached 1.00, while the accuracy remained at
0.99, with an AUC of 0.9998. At epoch 50, the model
attained an accuracy of 1.00, with precision, recall, and
F1-score also reaching 1.00. The AUC at this epoch was
recorded as 0.9997. Overall, the results in Table 3
demonstrate a gradual improvement in MobileNet-V2
performance as the number of epochs increases, with
evaluation metrics approaching or attaining their
maximum values at the highest training epoch.

BO architecture attained an accuracy of 0.97, with
precision, recall, and F1-score each equal to 0.97, and an
AUC value of 0.9948. At epoch 20, the accuracy and F1-
score remained at 0.97, whereas the AUC increased to
0.9979. Further improvements were observed at epoch
30, when the accuracy, precision, recall, and F1-score
increased to 0.98, accompanied by an AUC of 0.9988.
These metrics remained stable until epoch 40. At epoch
50, precision and recall increased to 0.99, while accuracy
and F1-score remained at 0.98; the AUC value in this
configuration reached 0.9992. Collectively, these results
demonstrate that EfficientNet-B0 exhibits relatively stable
performance across all epoch configurations, with gradual
improvements in metrics and consistently high AUC
values throughout training.
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Fig. 4 Learning curve of the CNN architecture: (a)
accuracy curves, (b) loss curves.
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Fig. 5 Learning curve of the MobileNet-V2 architecture: (a) accuracy curves, (b) loss curves.

B. Learning Curves

Learning curves are presented to analyze training
dynamics over 50 epochs by examining the evolution of
accuracy and loss on both the training and validation sets
under identical experimental conditions. Fig. 4, Fig. 5, and
Fig. 6 illustrate the comparative learning behavior of the
CNN, MobileNet-V2, and EfficientNet-BO architectures,
highlighting their  convergence patterns and
generalization characteristics throughout training. Fig. 4
illustrates the learning curve of the CNN architecture,
showing accuracy and loss values for the training and
validation datasets over 50 epochs. At the initial epoch,
the training accuracy begins at approximately 0.93 and
rapidly increases to values close to 1.00 within the first
few epochs. The validation accuracy follows a similar
pattern, reaching values near 1.00 at an early stage of
training. After this point, both training and validation
accuracy curves remain constant and overlap closely until
the final epoch.

The loss curves presented in Fig. 4 show a sharp
decline during the early epochs. The training loss
decreases from an initial value of approximately 0.20 to a
value near zero within the first few epochs. Similarly, the
validation loss rapidly converges toward zero and remains
stable throughout the remainder of the training process.
After the initial convergence phase, no significant
fluctuations or divergences are observed between the
training and validation loss curves.

The near-perfect overlap between training and
validation curves from the early epochs indicates
immediate saturation of the optimization process. The
absence of a measurable generalization gap across 50
epochs suggests that performance stabilizes at its
maximum value shortly after training begins.

Fig. 5 presents the learning curves of the MobileNet-
V2 architecture, showing the progression of training and
validation accuracy and loss values over 50 epochs. At
the initial epoch, the training accuracy is approximately
0.7, while the validation accuracy is around 0.88. Both
accuracy curves increase progressively during the early
epochs, reaching values above 0.95 within the first 5to 10
epochs.

As training continues, the training and validation
accuracy curves gradually approach 1.00. Minor

fluctuations are observed in the validation accuracy curve
during the mid-epochs of training. However, the overall
trend remains stable, with both curves converging toward
similar values by the final epochs.

The corresponding loss curves show a steady
decrease throughout training. The training loss decreases
from an initial value of approximately 0.65 to values close
to zero by the later epochs. The validation loss follows a
similar downward trend, decreasing consistently and
remaining slightly higher than the training loss during most
epochs. Both loss curves approach minimal values
toward the end of training without abrupt changes.

accuracy

- ftrain_accuracy
val_accuracy

0 10 20 30 40 50
epoch

(a)

0.8 1 —— train_loss
val_loss

f'J 1|0 2I0 3b 4:0 5I0
epoch
(b)
Fig. 6 Learning curve of the EfficientNet-BO
architecture: (a) accuracy curves, (b) loss curves.
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Fig. 6 shows the learning curves for the EfficientNet-
BO architecture over 50 training epochs. At the initial
epoch, the training accuracy is approximately 0.68. It
increases progressively through the early training stages,
exceeding 0.90 within the first 10 epochs. The validation
accuracy follows a similar upward trend and stabilizes
around 0.97-0.98 in the later epochs. Throughout the
training process, the validation accuracy consistently
exceeds the training accuracy, resulting in a persistent
performance gap between the two curves. The
corresponding loss curves demonstrate a steady
decrease across epochs. The training loss declines from
an initial value above 0.80 to approximately 0.20 by the
final epochs. In contrast, the validation loss decreases
from around 0.50 to below 0.10. Notably, the validation
loss remains consistently lower than the training loss
across all epochs. Both curves exhibit smooth
convergence without abrupt oscillations.

Overall, the CNN learning curve demonstrates rapid
convergence with early saturation, as both accuracy and
loss reach asymptotic values within the initial epochs and
remain stable thereafter. Meanwhile, the MobileNet-V2
learning curve shows a gradual increase in accuracy and
continuous reduction in loss, with training and validation
curves remaining closely aligned and parallel throughout
the training process. EfficientNet-BO exhibits progressive
convergence without early saturation, maintaining
smoothly decreasing loss curves while consistently
presenting a persistent gap in which validation accuracy
remains higher and validation loss lower than the
corresponding  training curves across epochs.
Collectively, these learning dynamics serve as empirical
indicators of model generalization behavior, as reflected
by the degree of convergence stability, curve alignment,
and the presence or absence of performance divergence
under identical experimental settings.
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Fig. 7 Confusion matrix of the CNN architecture at 50
epochs.

C. Confusion Matrix

The confusion matrices provide a class-level evaluation of
model performance by detailing the distribution of correct
and incorrect predictions across the four kidney disease
categories. Unlike aggregated metrics, this representation
reveals inter-class misclassification patterns and
highlights class-specific predictive behavior. Fig. 7, Fig. 8,
and Fig. 9 show the confusion matrices for the CNN,
MobileNet-V2, and EfficientNet-BO architectures,
respectively, each evaluated at 50 epochs, corresponding
to their optimal performance configurations. Fig. 7
presents the confusion matrix of the CNN architecture
evaluated at 50 epochs. The model correctly classifies all
754 Cyst images, 977 Normal images, and 456 Tumor
images, with no observed misclassifications. In the Stone
class, 302 of 303 samples are correctly predicted, with 1
misclassified as Cyst. Overall, only one misclassification
is observed, occurring between the Stone and Cyst
categories.
Confusion Matrix
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Fig. 8 Confusion matrix of the MobileNet-V2
architecture at 50 epochs.

Fig. 8 presents the confusion matrix of the MobileNet-
V2 architecture evaluated at 50 epochs. In the Cyst class,
750 of 754 images are correctly classified, with 1
misclassified as Normal, 2 as Stone, and 1 as Tumor. For
the Normal class, 976 images are correctly predicted, with
a single misclassification into the Tumor category. In the
Stone class, 299 of 303 samples are correctly classified,
while 4 are misclassified as Cyst. All 456 Tumor images
are correctly identified, with no  observed
misclassifications. Overall, misclassification events are
limited and primarily occur between the Cyst and Stone
categories. Fig. 9 presents the confusion matrix of the
EfficientNet-BO architecture evaluated at 50 epochs. In
the Cyst class, 752 out of 754 images are correctly
classified, with two misclassified as Normal. In the Normal
class, 976 images are correctly classified, with 1
misclassification into the Tumor class. In the Tumor class,
446 out of 456 images are correctly identified, with four
misclassified as Cyst and six as Normal. The Stone class
correctly classifies 279 of 303 samples, while 10 are
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misclassified as Cyst, 10 as Normal, and 4 as Tumor.
Misclassification is distributed across multiple class pairs,
with the highest frequency observed in the Stone class.

Confusion Matrix
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Fig. 9 Confusion matrix of the EfficientNet-B0
architecture at 50 epochs.

Overall, the confusion matrices reveal distinct inter-
class misclassification patterns across the evaluated
architectures. In all models, misclassification is
predominantly observed between the Cyst and Stone
categories. The EfficientNet-BO architecture exhibits the
highest error dispersion, particularly in the Stone class.
Notably, the Stone category, which represents the
smallest test subset, shows the highest number of
misclassifications in this architecture. In contrast, the
CNN architecture demonstrates only a single
misclassification, whereas MobileNet-V2 shows limited
errors, primarily between Cyst and Stone.

D. Comparative Performance Summary

To provide an overall comparison of model performance,
the best-performing configuration for each evaluated
architecture is summarized in Table 5. The table presents
the optimal epoch setting and corresponding evaluation
metrics for CNN, MobileNet-V2, and EfficientNet-BO,
allowing direct comparison of their quantitative
classification performance under their respective best
conditions. In addition to classification metrics,
computational characteristics, including total parameters,
trainable parameters, model size, training time, and
testing time, are incorporated to enable a comprehensive
assessment of efficiency and performance trade-offs.
Based on the results shown in Table 5, the CNN model
achieves perfect values across all reported metrics,
including accuracy, precision, recall, F1-score, and AUC,
with these results obtained consistently across epochs 10
to 50. MobileNet-V2 also reaches perfect values for
accuracy, precision, recall, and F1-score at epoch 50. In
contrast, its AUC value remains very close to unity at
0.9998. EfficientNet-BO attains its best performance at
epoch 50, achieving an accuracy of 0.98, precision and

recall values of 0.99, an F1-score of 0.98, and an AUC
value of 0.9992.

Table 5. Comparison of the best-performing models
across different architectures.

CNN MobileNet-v2  EfficientNet-BO
Epoch 10-50 50 50
Acc 1.00 1.00 0.98
Pre 1.00 1.00 0.99
Rec 1.00 1.00 0.99
F1-Sc 1.00 1.00 0.98
AUC 1.0000 0.9998 0.9992
Total 763,476 2,263,108 4,054,688
Parameters
Trainable 763,476 5,124 5,124
Parameters  (100%) (0.23%) (0.13%)
Model Size 15.47 MB
(MB) 2.91 MB 8.63 MB
Training
Time (50 4,270 s 4684 s 6,538 s
epochs)
Testing ~10-11's ~30's ~37's
Time

From a computational perspective, the CNN exhibits
the lowest total parameter count (763,476) and the
shortest testing time (approximately 10-11 seconds).
However, all parameters in the CNN model are trainable,
meaning that 100% of the network weights are updated
during training. In contrast, MobileNet-V2 contains
2,263,108 total parameters, yet only 5,124 parameters
(0.23%) are trainable under the transfer learning
configuration.  Similarly,  EfficientNet-BO  contains
4,054,688 total parameters, with only 5,124 trainable
(0.13%). This indicates that both transfer learning-based
architectures rely primarily on pre-trained feature
representations, while updating only a very small fraction
of parameters during fine-tuning.

Although CNNs demonstrate shorter training and
inference times in absolute terms, MobileNet-V2 achieves
equivalent peak classification performance while requiring
substantially fewer trainable parameters. Compared to
EfficientNet-BO, MobileNet-V2 also achieves higher
accuracy (1.00 vs. 0.98), lower model size (8.63 MB vs.
15.47 MB), shorter training time (4,684 s vs. 6,538 s at 50
epochs), and reduced inference time (=30 s vs. =37 s).

Therefore, when considering both classification
metrics and computational characteristics, CNN and
MobileNet-V2 achieve equivalent peak performance
across most evaluation metrics, whereas EfficientNet-BO
exhibits slightly lower accuracy and F1 scores. Although
CNN demonstrates the shortest training and testing times,
MobileNet-V2 achieves comparable predictive
performance while requiring only 0.23% of its total
parameters to be optimized under the transfer learning
configuration. The AUC values for all architectures remain
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consistently high, indicating strong discrimination across
the evaluated models.

E. Statistical Significance Analysis

To further examine whether the observed performance
differences among the evaluated architectures are
statistically significant, a paired t-test was conducted on
the accuracy values obtained across training epochs (10—
50). The results of the statistical comparison are
summarized in Table 6.

Table 6. Paired t-test Results for Model Accuracy
Comparison.

Model

Comparison tvalue  p-value  Significance
Y 2 31623 0.0341 Significant
R etBo 97980  0.0006 gl’g::zz'gt
'\Eﬂfcf’,g:fn'\tjﬁg éa’ S 57155  0.0046 Sig\éﬁirzam

The statistical analysis indicates that all pairwise
model comparisons yield p-values below the 0.05
significance level. The difference between CNN and
MobileNet-V2 is statistically significant (p = 0.0341),
suggesting that CNN achieves a higher mean accuracy
across epochs. A stronger level of significance is
observed between CNN and EfficientNet-B0 (p = 0.0006),
indicating a highly significant difference in performance.
Similarly, the comparison between MobileNet-V2 and
EfficientNet-BO shows a statistically significant difference
(p = 0.0046), confirming that MobileNet-V2 outperforms
EfficientNet-BO in terms of mean accuracy across the
evaluated epochs. Overall, these findings provide
inferential support for the earlier comparative results and
strengthen the conclusion regarding the relative suitability
of the evaluated architectures for multiclass kidney CT
image classification.

IV. Discussion

The findings of this study indicate that high classification
performance in CT-based kidney disease detection does
not inherently reflect robust generalization capability.
Although all evaluated models achieve near-perfect
metrics, their learning behaviors differ substantially, as
reflected in the contrast between immediate saturation in
CNN, progressive convergence in MobileNet-V2, and
conservative stabilization in EfficientNet-B0. This
distinction is critical in medical image analysis, where
models must generalize across heterogeneous patient
data rather than optimize dataset-specific patterns. The
evaluation framework employed in this study enables this
distinction by analyzing multi-epoch consistency, training—
validation alignment, and class-level error distribution,
thereby providing a more reliable basis for assessing
model suitability in clinical decision support systems.

As shown in Table 2, the conventional CNN model

reaches identical performance results across all
evaluated epoch configurations, with accuracy, precision,

recall, F1-score, and AUC consistently reaching 1.00 from
epoch 10 to 50. This lack of variance in classification
performance indicates immediate metric saturation,
suggesting that the model's optimization process plateaus
shortly after training commences. The learning curve in
Fig. 4 further supports this observation, as accuracy
rapidly increases from 0.93 to 1.00 and training loss
sharply declines from 0.20 to near zero within the initial
epochs, indicating that feature representation is
established early. Although the confusion matrix in Fig. 7
reveals a near-perfect error rate of approximately 0.04%,
resulting from a single misclassification in the Stone class,
this high level of fitting should be interpreted with caution.
The absence of patient-level data separation in the
current dataset introduces a potential source of data
leakage, whereby the model may learn patient-specific
visual patterns rather than generalized disease features
[42]. Therefore, the perfect AUC value of 1.00 is likely
influenced by evaluation constraints and dataset
characteristics, and should not be regarded as a definitive
indicator of clinical readiness [43].

As presented in Table 3, MobileNet-V2 achieves an
incremental increase in accuracy from 0.98 at epoch 10
to 1.00 at epoch 50, representing an absolute gain of 0.02.
This non-zero variance indicates progressive refinement
of feature representations, suggesting that the model
avoids premature metric saturation by continuously
optimizing its weights [44]. The learning curve in Fig. 5
further supports this trend; the smooth convergence of
validation accuracy from 0.88 to nearly 1.00,
accompanied by a steadily decreasing loss, demonstrates
controlled optimization without divergence. The confusion
matrix in Fig. 8 confirms this learning pattern [45],
reporting a low error rate of 0.36% (9 misclassifications),
primarily between the Cyst and Stone classes. This
misclassification pattern corresponds to the visual
similarities in texture and intensity observed in renal CT
imaging, suggesting that the model's errors are
attributable to clinical imaging characteristics rather than
random algorithmic failure. This structured
misclassification indicates that MobileNet-V2 achieves
controlled convergence, with feature representations
refined progressively across epochs [46]. This behavior is
attributed to the architectural design of MobileNet-V2,
which employs depthwise separable convolutions and
frozen pretrained layers to reduce parameter redundancy,
thereby enabling gradual optimization while maintaining
stable generalization performance [47].

Based on Table 4, EfficientNet-BO demonstrates an
incremental accuracy gain from 0.97 at epoch 10 to 0.98
at epoch 50, representing an absolute gain of 0.01. This
gradual metric progression indicates that the model
undergoes a controlled optimization process without
reaching an early performance plateau. The learning
curve in Fig. 6 supports this, showing a persistent
validation—training gap where the validation loss remains
consistently lower than the training loss. This non-
divergent trajectory indicates that the model performs
under strong regularization, where feature
representations are constrained to reduce overfitting [48].
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Table 7. Comparison of the proposed method with previous kidney CT image classification studies.

Study Method Acc (%) Pre Rec F1-Sc
Hossain et al., 2023 [56] CNN-Custom 98.66 0.98 0.98 0.98
Pande et al., 2024 [52] YOLO-v8 82.52 0.86 0.75 0.76
Ekpar et al., 2024 [57] CNN-based 97.00 0.96 0.96 0.96
Canbay et al., 2024 [50] MobileNet 99.83 0.99 0.99 0.99
Refaee et al. 2025 [51] ResNet50 83.04 0.81 0.78 0.78
Hossain et al., 2025 [58] DenseNet121 + EfficientNet-BO 99.24 0.99 0.99 0.99
Proposed Model MobileNet-V2 100.0 1.00 1.00 1.00
The confusion matrix in Fig. 9 reveals 24  architectures, such as YOLO-v8 (82.52%) and ResNet50

misclassifications in the Stone class, representing an
accuracy difference of approximately 7.65% compared to
the Cyst class. This distributed error pattern suggests that
EfficientNet-BO prioritizes global representation stability
instead of class-specific optimization. The combination of
incremental gains and persistent gap alignment indicates
that compound scaling and dropout mechanisms yield
conservative convergence dynamics, resulting in a stable
yet less aggressive optimization profile than MobileNet-
V2.

The comparative analysis underscores that selecting
an optimal architecture for medical informatics requires
consideration beyond peak classification accuracy [49].
As detailed in Table 5, although the conventional CNN
achieves the highest numerical performance, its reliance
on full-parameter training and rapid convergence reduces
methodological robustness under the current dataset
conditions. In contrast, MobileNet-V2 offers greater
stability for Clinical Decision Support Systems (CDSS)
due to its controlled convergence dynamics along with
minimal trainable parameter overhead of 0.23% (5,124
parameters), resulting in a more effective balance
between predictive accuracy and resource efficiency.
Statistical significance testing in Table 6 further supports
this choice, as all pairwise comparisons yield p-values
below 0.05. These findings confirm that the observed
performance differences are attributable to the models'
inherent architectural learning behaviors rather than
random variation [49], thereby establishing MobileNet-V2
as a computationally efficient and methodologically robust
approach for kidney disease detection.

Table 7 presents a comparative evaluation of the
proposed MobileNet-V2 framework against recent deep
learning methods applied to kidney CT datasets.
Achieving a peak accuracy of 1.00 places the model
alongside top-performing models such as Canbay et al.
(99.83%) [50]. However, this numerical saturation
indicates that accuracy alone is insufficient for
differentiation due to dataset homogeneity. The principal
methodological advantage of this study is the reduction of
trainable parameters to 0.23% (5,124), demonstrating
that near-perfect classification performance can be
achieved with minimal computational overhead. This
efficiency is essential for real-time deployment in
resource-limited geriatric care settings. In contrast, the
larger performance gap observed in detection-oriented

(83.04%), underscores fundamental differences in task
formulation. Localization-driven optimization in these
models may not completely capture the fine-grained
textural and intensity patterns required for multiclass
classification [51][52], which are critical for clinical
practitioners to distinguish subtle renal pathologies from
normal age-related physiological changes. These findings
show that MobileNet-V2 is not only a high-accuracy model
but also a methodologically stable alternative that
balances diagnostic precision with the functional
feasibility required for long-term monitoring in elderly
populations.

From a practical and clinical perspective, the
lightweight architectural design and parameter-
optimization strategy of MobileNet-V2 facilitate its
integration into Clinical Decision Support Systems
(CDSS), particularly within healthcare facilities that
possess limited computational resources. As indicated in
Table 5, although MobileNet-V2 has a higher total
parameter count than a conventional CNN, only 0.23%
(5,124) of its parameters are trainable. In contrast,
conventional CNN models require updates to all
parameters, which increases the computational
complexity and hardware requirements during fine-tuning.
This efficiency enables MobileNet-V2 to function as a
sustainable assistive tool in high-volume radiology
workflows [53]. Its controlled convergence and reduced
adaptation burden provide scalability benefits that
outweigh minor differences in inference latency. In
geriatric renal health, where age-related physiological
changes may obscure pathological patterns and delay
diagnosis, the model’s consistent and objective outputs
assist clinicians in distinguishing subtle renal indicators
from normal aging variations [54]. Integration into CDSS
platforms can enhance screening capacity and improve
consistency in clinical assessment [55], thereby
supporting early detection strategies and long-term
clinical outcomes among elderly populations.

Despite the promising findings reported in this study,
several limitations should be acknowledged. First, the
experiments rely on a publicly available kidney CT dataset
without strict patient-level separation. Under such
conditions, images from the same patient or highly similar
CT slices may appear in both the training and test
subsets, potentially introducing implicit data leakage and
optimistic bias in performance estimates. Consequently,
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the near-perfect metrics reported earlier may partly reflect
residual similarity between samples rather than absolute
disease-level generalization. Second, the evaluation was
conducted on a single dataset, which may limit the
generalizability of the proposed model when applied to
heterogeneous clinical environments with different
imaging protocols, scanner configurations, or diverse
geriatric  demographics. Third, the experimental
framework did not incorporate extensive data
augmentation or cross-validation strategies, which may
reduce robustness to distributional shifts during
deployment. Although the multi-epoch evaluation
framework provides insight into learning stability, it cannot
fully substitute for external multi-center validation. Future
studies should therefore prioritize evaluation on multi-
institutional datasets with strict patient-wise splitting,
incorporate more diverse augmentation strategies, and
explore explainable artificial intelligence (XAl) techniques
to enhance model transparency and clinician trust in
geriatric screening. Addressing these limitations will be
essential to ensure that future Al-based medical imaging
systems achieve reliable generalization and practical
applicability in real-world clinical settings.

Overall, this study demonstrates that robust evaluation
and critical interpretation are essential when assessing
deep learning models for medical image analysis. By
integrating convergence analysis, validation alignment,
error distribution assessment, and statistical consistency
across epochs, the findings substantiate MobileNet-V2,
with an accuracy of 1.00 and an AUC of 0.9997 under the
evaluated setting, as a methodologically reliable and
practically feasible solution for CT-based kidney disease
detection.

V. Conclusion

This study evaluates and compares three deep learning
architectures CNN, MobileNet-V2, and EfficientNet-BOfor
CT image-based kidney disease classification. The
results demonstrate that, although the conventional CNN
achieves perfect numerical performance, its overly rapid
convergence behavior and early metric saturation limit the
interpretability of its generalization validity under the
current dataset configuration. In contrast, MobileNet-V2
exhibits the most balanced performance across accuracy,
learning  stability, computational efficiency, and
methodologically sound generalization. At the same time,
EfficientNet-BO demonstrates more conservative yet
stable performance, attributable to its regularization
mechanisms. Based on a comprehensive analysis of
evaluation metrics, learning curves, and confusion
matrices, MobileNet-V2 emerges as the most
methodologically reliable architecture within the current
evaluation framework for CT-based kidney disease
detection in research and decision-support contexts,
particularly for applications related to elderly renal health
(accuracy 100%). These findings emphasize that model
selection for medical imaging should not rely solely on
peak accuracy but should consider learning behavior,
robustness, and practical feasibility. While further

validation using strictly patient-wise and multi-institutional
datasets remains necessary, the current findings provide
a methodologically grounded basis for lightweight model
deployment in CT-based renal screening research.
Accordingly, this study contributes to the development of
lightweight, reliable Al-based diagnostic support
frameworks that can inform future efforts to detect kidney
disease early and improve its management in aging
populations.
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