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Abstract

Accurate classification of adrenal cortical carcinoma (ACC) using magnetic resonance imaging (MRI)
remains a key challenge in medical image analysis. In recent years, convolutional neural networks
(CNNs) are being developed to analyze medical images. The study addresses two primary research
questions: (a) Do pre-trained CNNs outperform custom-trained models in ACC classification from
MRI? and (b) Does a lower parameter count correspond to improved predictive efficiency and general-
ization? Four pre-trained CNN architectures (VGG16, ResNet50, MobileNetV2, ConvNeXtTiny) and
two custom models optimized using Optuna hyperparameter tuning were evaluated on a dataset com-
prising MRI scans of ACC and normal adrenal tissue. The dataset was divided into training, validation,
and test subsets. Classification performance was assessed using accuracy, precision, recall, specificity,
confusion matrices, and receiver operating characteristic (ROC) analysis. MobileNetV2 demonstrated
the strongest overall performance, achieving the highest test recall (0.95), specificity (0.99), and AUC
(0.96), despite having only 3.57 million parameters. Both MobileNetV2 and ResNet50 achieved the
highest test accuracy (92.2%). While custom models underperformed overall, the smallest custom
model (Optuna Model 2, 1.16M parameters) outperformed the larger custom model in test accuracy
(85.5% vs. 80.3%) and total misclassifications. ROC analysis further confirmed the effectiveness of
smaller, well-optimized models (AUC = 0.93 for Optuna Model 2). The results confirm that while
pre-trained models offer high classification performance, compact CNNs with optimized architectures
can deliver comparably strong results with drastically fewer parameters. These findings emphasize
the potential of lightweight deep learning models for robust and resource-efficient medical image
classification.

Keywords: convolutional neural network; magnetic resonance imaging

1. Introduction

Adrenocortical carcinoma (ACC) is a rare yet highly aggressive malignancy originating from the
adrenal cortex, with an estimated annual incidence of 0.7-2 cases per 100,000 individuals in the United
States [1-3]. The disease is associated with poor prognosis and frequent recurrence, necessitating early
and accurate diagnosis [3]. Comprehensive diagnostic evaluation typically involves clinical assessment
[4], hormonal profiling [5], and imaging studies [6,7]. Among imaging modalities, magnetic resonance
imaging (MRI) offers high-resolution, multiparametric capabilities for noninvasive adrenal lesion
characterization [8].

Despite their widespread use and high spatial resolution, conventional imaging modalities such
as magnetic resonance imaging (MRI) and computed tomography (CT) have notable limitations in
detecting subtle radiological features that may indicate early or atypical manifestations of malignancy
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[9,10]. Diagnostic assessments typically depend on qualitative interpretation of morphological charac-
teristics and quantitative measures such as attenuation values or signal intensities, which may overlook
nuanced patterns associated with tumor heterogeneity or early disease progression [11-14]. Conse-
quently, this subjective reliance can contribute to diagnostic variability and potential misclassification,
particularly in challenging or equivocal cases.

To overcome these limitations, machine learning (ML) and artificial intelligence (AI) techniques
are being developed and increasingly integrated into radiological workflows to enhance diagnostic
precision and reproducibility [15-17]. These data-driven approaches enable the extraction and analysis
of complex, high-dimensional imaging features—often imperceptible to the human eye—through
techniques such as radiomics, deep learning, and texture analysis [18-20].

For instance, Elmohr et al. demonstrated that CT-based texture analysis could achieve a diag-
nostic accuracy of 82% in differentiating adrenal lesions, outperforming conventional radiological
interpretation, which achieved an accuracy of 68.5% [? ]. Similar studies have shown that Al-enhanced
imaging can improve lesion detection, risk stratification, and treatment planning in various oncologic
contexts [21,22].

Nevertheless, despite these promising advancements, the clinical adoption of Al-driven tools
remains limited due to several challenges, including data heterogeneity, lack of standardized protocols,
limited external validation, and concerns about model interpretability and generalizability [23,24].
Continued research, multidisciplinary collaboration, and regulatory guidance are essential to facilitate
the integration of Al into routine radiological practice.

Deep learning (DL) models, a specialized subset of machine learning (ML), have revolutionized
medical image analysis by enabling automatic feature extraction and reducing the need for manual
intervention. These models have shown remarkable success across various tasks, including tumor
segmentation, classification, and prognosis prediction in oncologic imaging [25-32]. In MRI-based
studies, for instance, Moawad et al. utilized ML techniques in combination with radiomic feature
extraction to effectively classify adrenal lesions into benign, malignant, and incidental categories using
contrast-enhanced scans. This approach addressed significant diagnostic challenges, particularly in
cases involving small or incidentally discovered lesions [33]. Similarly, Kazemi et al. investigated the
performance of two convolutional neural network (CNN) architectures—ResNet18 and ShuffleNet—for
brain tumor classification. Both models achieved high diagnostic accuracy (97.86%), with ShuffleNet
demonstrating superior computational efficiency due to its lightweight structure [34].

Beyond classification, DL approaches have also been explored for tumor segmentation using
architectures such as U-Net and V-Net, which have shown promise in delineating complex tumor
boundaries in brain and abdominal imaging [35-37] Furthermore, recent studies have incorporated
hybrid approaches that combine radiomics, DL features, and clinical data to enhance model inter-
pretability and predictive power [22,38,39]

This study evaluates and compares the diagnostic performance of four widely used pre-trained
convolutional neural network (CNN) architectures—VGG16, ResNet50, MobileNetV2, and ConvNeXt-
Tiny—with two custom-designed CNN models optimized using the Optuna hyperparameter tuning
framework. One of the custom models was specifically developed to achieve a significantly reduced
parameter count, emphasizing computational efficiency. By examining both classification accuracy
and model complexity, the study explores the trade-offs between leveraging transfer learning from
large-scale pre-trained models and designing lightweight, task-specific architectures for MRI-based di-
agnosis of adrenocortical carcinoma (ACC). This comparison aims to inform model selection strategies
where diagnostic performance must be balanced against computational resource constraints, especially
in clinical or low-resource settings.
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2. Methodology
2.1. Data

Predictive deep learning models require large, well-annotated, and validated datasets to achieve
robust and generalizable performance. In this study, the dataset was compiled from publicly accessible
sources, including PubMed, Radiomedia, The Cancer Imaging Archive (TCIA), PubMed Central, the
National Cancer Institute, the International Cancer Imaging Society, and DataMed. The final dataset
consisted of 1,580 magnetic resonance imaging (MRI) scans of the adrenal glands acquired across
multiple anatomical planes—axial, coronal, and sagittal. Among these, 940 images represented cases
of adrenocortical carcinoma (ACC), while 640 depicted normal adrenal glands.

All ACC cases were confirmed as Stage Il based on the European Network for the Study of Adrenal
Tumors (ENSAT) staging system [40] and were collected prior to the initiation of chemotherapy. The
dataset included various image formats, such as .jpeg, .jpg, .bmp, and .png. For binary classification
purposes, labels were assigned as follows: 0 for normal adrenal glands and 1 for ACC. The dataset
was randomly partitioned into a training set (80%) and a test set (20%) to facilitate model development
and performance evaluation.

2.2. Pretrained Models

As shown in Figure 1, the pretrained models — VGG16 [41], ResNet50 [42], ConvNeXtTiny [43],
and MobileNetV2 [44] — were used for binary classification of cancerous and normal MRI images.
Images underwent preprocessing steps including resizing, normalization, and format conversion
to ensure compatibility with model input requirements. The dataset was divided into training and
testing sets with an 80:20 ratio. Data augmentation techniques such as rotation, flipping, zooming,
and translation were applied to the training data to enhance generalization and mitigate overfitting.
Each model was initialized with ImageNet-pretrained weights. The fully connected (top) layers were
removed and replaced with custom dense layers tailored to the binary classification task. Training
was performed using tuned hyperparameters such as learning rate, batch size, and number of epochs.
Model performance was assessed using standard evaluation metrics: accuracy, precision, recall, F1-
score, confusion matrix, and ROC-AUC.
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Figure 1. Schematic representation of the arcitecture for pre-trained models optimized for classification of ACC
using MRI images.
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2.2.1. VGG16

VGG16 is a 16-layer convolutional network developed by Oxford’s Visual Geometry Group [41].
It consists of 13 convolutional layers and 3 dense layers, with max pooling used for downsampling.
Known for its uniform architecture and effective performance in image classification tasks, VGG16
processes images through sequential convolutional blocks, followed by max pooling and fully con-
nected layers. For this study, transfer learning was applied using the pretrained VGG16 base. A global
average pooling layer and task-specific dense layers were added, resulting in over 15 million trainable
parameters.

2.2.2. ResNet50

ResNet50 is a 50-layer deep convolutional network utilizing residual connections to mitigate the
vanishing gradient problem [42]. The architecture is divided into four stages of residual blocks, each
consisting of convolutional layers, batch normalization, ReLU activation (as described in equations 1
and 2), and identity or projection shortcut connections. The skip connections allow the network to
learn residual mappings, facilitating the training of deeper networks. For this study, the pretrained
ResNet50 model was fine-tuned with a modified classifier tailored for the binary classification task
[42].

Y = \}/{% x scale 4 of fset (1)

here, Y is the output value for the input (X) signal, # denotes the mean of the batch, o denotes

the variance of the batch, and € is a small constant to prevent division by zero. Scale and offset are
learnable parameters.

Activation(ReLU) = max(0, input) ()

2.2.3. ConvNeXtTiny

ConvNeXtTiny is a compact convolutional neural network (CNN) optimized for efficient image
recognition, particularly on resource-constrained devices [43]. It follows the ConvNeXt architecture
and balances performance with computational efficiency through staged blocks that use depthwise
and point-wise convolutions, normalization layers, and activation functions [43]. Down-sampling
operations reduce spatial dimensions while increasing feature depth to capture complex patterns
[43]. In this study, the pre-trained ConvNeXtTiny model with ImageNet weights was customized by
removing its fully connected layers, setting the input shape, and adding global average pooling and
dense layers for binary classification. A final sigmoid-activated dense layer generates binary outputs.
Training included callbacks for learning rate scheduling, checkpointing, and TensorBoard visualization,
with the model compiled using the Adam optimizer, binary cross-entropy loss, and metrics such as
accuracy, precision, and recall [43].

2.2.4. MobileNetV?2

MobileNet is a CNN architecture developed for mobile and edge devices with limited compu-
tational power [44]. MobileNetV2, an enhanced version, is optimized for lightweight deep learning
tasks in embedded vision applications. The model begins with a standard convolutional layer using
32 filters and a 3x3 kernel, followed by inverted residual blocks. Each block includes an expansion
layer with 1x1 convolutions to increase channel depth and a depthwise convolution for efficient spatial
filtering, as described in Equation 3.

Y[i,j,n) =Y K[, m,n]« X[i+1,j+m,n] 3)
I,m
MobileNetV2 uses 1x1 projection layers to reduce channel count and includes skip connections
to support information flow. Bottleneck layers lower computational cost while preserving feature
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quality. The model ends with global average pooling and a dense layer for binary classification.
Key improvements include linear bottlenecks, shortcut connections, and a lightweight block design,
enhancing both efficiency and performance.

2.2.5. Custom CNN Model

Deep learning models can automatically extract imaging features to enhance task-specific perfor-
mance [45]. Convolutional neural networks (CNNS5s) are the most widely applied in medical image
processing [46]. CNNs utilize convolutional layers that apply learned kernel functions across input
images. This process, described by the equation:

Y[i,j, k] = Y K[I,m,nk] x Y[i+j,j+m,n]+ Blk| (4)
Lmmn

here Y[i,j, k] represents the output feature map, K[I, m, n, k| the learned kernel weights, Y[i +j,j +
m, n] the input pixels, and B[k| the bias term—enables task-adaptive feature extraction. Unlike fully
connected networks, CNNs share kernel weights across spatial locations, reducing the number of
trainable parameters and improving training efficiency [45]. Pooling layers further reduce spatial
dimensions and introduce translational invariance, supporting spatial feature hierarchy learning [46].
To optimize model performance, we used Optuna, an open-source hyperparameter optimization
framework that applies algorithms such as Tree-structured Parzen Estimator (TPE), random search,
and grid search. Optuna adjusts hyperparameters including learning rate (1 x 107> to 1 x 1072, log
scale), dropout rate (0-0.5), batch size (16, 32, 64), number of neurons (16-128), kernel size (1-5),
activation functions (‘relu’, ‘sigmoid’, ‘tanh’), and number of convolutional layers (1-3). In this study,
two custom CNN models were developed and hyperparameter-optimized using Optuna. One of
the models was trained using significantly fewer parameters than the other to assess performance
differences under reduced model complexity. The search process used Bayesian optimization to explore
hyperparameter combinations, stopping when three consecutive trials produced similar results. The
best-performing configuration was selected for evaluation. Figure 2 outlines the workflow, which
begins with data preprocessing and augmentation, followed by dataset splitting (train, validation,
test). During each iteration, models were trained with callbacks (e.g., early stopping), validated, and
logged. Once optimal parameters were identified, the model was retrained and tested. Performance

metrics and hyperparameters were recorded for further analysis.
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Figure 2. Schematic representation of the arcitecture for custom models optimized for classification of ACC using
MRI images.
3. Results

The study evaluated four pre-trained convolutional neural networks (CNNs)—VGG16, ResNet50,
MobileNetV2, and ConvNeXtTiny—against two custom-trained models optimized using Optuna

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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hyperparameter tuning. This study addressed two main research questions: (a) whether pre-trained
convolutional neural networks (CNNs) outperform custom-trained models, and (b) whether models
with fewer parameters yield better predictive performance.

Table 1. Evaluation of pre-trained and custom models.

Metric VGG16 ResNet50 | MobileNetV2 | ConvNeXtTiny | Optunal | Optuna?2

Parameters 15,241,025 | 25,686,913 3,570,753 28,608,609 13,537,047 | 1,162,177
Train Loss 0.1892 0.1084 0.0732 0.1193 0.0393 0.1209
Train Accuracy 0.9833 0.9538 0.9731 0.9528 0.9805 0.9615
Train Precision 0.9094 0.9477 0.9678 0.9557 0.8723 0.9635
Train Recall 0.99 0.88 0.98 1.00 0.9858 0.9615
Train Specificity 0.98 0.81 0.99 0.67 0.9828 0.9616
Validation Loss 0.3727 0.2973 0.3147 0.3306 0.4127 0.3758
Validation Accuracy 0.8716 0.9128 0.906 0.8807 0.8918 0.8846
Validation Precision 0.8273 0.8629 0.8321 0.7603 0.8891 0.8955
Validation Recall 0.89 0.85 0.88 0.99 0.8937 0.8824
Validation Specificity 0.87 0.74 0.91 0.54 0.8721 0.8871
Test Loss 0.2819 0.2427 0.2851 0.3114 0.395 0.3471
Test Accuracy 0.9174 0.922 0.922 0.9083 0.8028 0.8550
Test Precision 0.8593 0.8615 0.841 0.7973 0.8664 0.8413
Test Recall 0.94 0.87 0.95 1.00 0.8937 0.8548
Test Specificity 0.97 0.82 0.99 0.62 0.8721 0.8551

Among pre-trained models, MobileNetV2 achieved the lowest training loss (0.0732) and a high
training accuracy of 0.9731. ResNet50 and VGG16 followed with accuracies of 0.9538 and 0.9833,
respectively. The custom Optuna Model 1 yielded a lower training loss (0.0393) but had reduced
precision (0.8723) compared to MobileNetV2 (0.9678). Validation accuracy was highest for ResNet50
(0.9128), followed by MobileNetV2 (0.906), and VGG16 (0.8716). Validation precision ranged from
0.7603 (ConvNeXtTiny) to 0.8955 (Optuna Model 2). ConvNeXtTiny achieved the highest recall (0.99)
but had the lowest specificity (0.54). ResNet50 and MobileNetV2 both achieved the highest test
accuracy (0.922). MobileNetV2 recorded the highest test recall (0.95) and specificity (0.99), with a
precision of 0.841. ConvNeXtTiny had perfect test recall (1.00) but the lowest specificity (0.62). Among
custom models, Optuna Model 2 achieved higher test accuracy (0.8550) than Optuna Model 1 (0.8028),
despite having fewer parameters (1.16M vs. 13.54M).

MobileNetV2, with 3.57 million parameters, outperformed larger models such as ResNet50 (25.69
million) and ConvNeXtTiny (28.61 million). Optuna Model 2, the smallest model evaluated (1.16
million parameters), outperformed Optuna Model 1 (13.54 million) across most metrics.

Receiver Operating Characteristic (ROC) analysis revealed strong discriminatory performance
across both pretrained and custom models (Figure 3, top and bottom panels). Among the pretrained
networks, MobileNetV2 achieved the highest AUC of 0.96, followed closely by VGG16 and Con-
vNeXtTiny (AUC = 0.95), and ResNet50 (AUC = 0.92). For the custom hyperparameter-optimized
CNNs, Model 1 (13.5 million parameters) achieved an AUC of 0.95, matching VGG16 and ConvNeXt-
Tiny, while Model 2, with only 1.16 million parameters, maintained a relatively high AUC of 0.93.
These results suggest that while pretrained models—particularly MobileNetV2—exhibit strong perfor-
mance, well-optimized custom CNNs can achieve comparable ROC-based discrimination, even with
significantly fewer trainable parameters.
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Figure 3. Receiver Operating Characteristic (ROC) Curves for all the models studied in this work: A. MobileNetV2,
B. ResNet50, C. VGG16, D. ConvNeXtTiny, E. CustomModell, and F. CustomModel2. The figure indicates the
true-poisitive versus false positive rates for each model.

Confusion matrices for each model are presented in Figure 4. Among pretrained models, Mo-
bileNetV2 yielded the highest true positive rate (TPR), correctly classifying 199 out of 207 ACC cases
and 140 out of 172 normal cases. ConvNeXtTiny and VGG16 both demonstrated strong balanced
performance, misclassifying 15 and 21 ACC cases, respectively. ResNet50, despite an AUC of 0.92,

showed weaker specificity, with 60 false negatives.
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Figure 4. Confusion matrix for all the models studied in this work: A. MobileNetV2, B. ResNet50, C. VGG16, D.
ConvNeXtTiny, E. CustomModell, and F. CustomModel2. The figure emphasizes the true-positive results for each

model.
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Custom CNN Model 1 classified 180 of 198 ACC cases correctly and 158 of 180 normal cases,
while Model 2, with fewer parameters, showed improved balance, correctly identifying 172 ACC and
178 normal cases. Model 2 recorded the fewest total misclassifications (28), despite having over ten
times fewer parameters than ConvNeXtTiny or ResNet50.

Pre-trained models outperformed custom-trained models. ResNet50 and MobileNetV2 achieved
the highest test accuracy (92.2%), followed by VGG16 (91.74%). Custom models performed lower, with
Optuna Model 1 at 80.28% and Optuna Model 2 at 85.50%. Precision, recall, and specificity values
were also higher in pre-trained models.

MobileNetV2 (3.57 million parameters) outperformed larger models, including ResNet50 (25.69
million) and ConvNeXtTiny (28.61 million), with the highest test recall (0.95) and specificity (0.99).
ConvNeXtTiny, the largest model, had the lowest specificity (0.62). Optuna Model 2, the smallest
model (1.16 million parameters), outperformed Optuna Model 1 (13.54 million), indicating improved
performance with fewer parameters.

4. Discussion

This study evaluated the classification performance of four widely used pre-trained CNN models
(VGG16, ResNet50, MobileNetV2, and ConvNeXtTiny) in comparison with two custom-designed CNN
models optimized using the Optuna hyperparameter tuning framework. The results demonstrate
the effectiveness of transfer learning for MRI-based classification of ACC, with pre-trained models
consistently outperforming custom architectures across most evaluation metrics.

Among the evaluated models, MobileNetV2 achieved the highest overall performance, with an
AUC of 0.96, test recall of 0.95, and specificity of 0.99—all while maintaining a compact architecture
with only 3.57 million parameters. VGG16 and ConvNeXtTiny also showed strong classification results
(AUC = 0.95), though with significantly larger model sizes. ResNet50 attained a test accuracy of 92.2%,
but its lower specificity and higher false-negative rate limited its diagnostic reliability.

The custom-trained models showed comparatively lower performance, though with noteworthy
characteristics. Optuna Model 1 (13.54M parameters) achieved an AUC of 0.95 but had a lower test
accuracy of 80.28%. In contrast, Optuna Model 2—designed for efficiency with only 1.16 million
parameters—achieved a higher test accuracy (85.50%) and fewer misclassifications, along with the
highest validation precision among all models (0.8955). Interestingly, parameter count did not correlate
with improved performance. For instance, ConvNeXtTiny (28.61M) exhibited perfect recall but poor
specificity (0.62), while the significantly smaller MobileNetV2 yielded more balanced and superior
performance overall. Optuna Model 2’s performance, comparable to that of much larger architectures
like VGG16 and ResNet50, further underscores the value of model efficiency in medical imaging
applications.

These findings highlight the potential of transfer learning and lightweight, optimized archi-
tectures for accurate and resource-efficient classification in radiology. The results also suggest that
smaller models, when properly tuned, can rival or exceed larger networks in predictive accuracy and
generalizability.

We hope that this initial study provokes a wider interest in the field specifically in the following
directions:

e  Extending the binary classification approach to distinguish between different stages or subtypes
of ACC, as well as differentiating ACC from other adrenal pathologies.

*  Cross-Institutional Validation: Evaluating model performance on external datasets from different
imaging centers to assess generalizability and reduce overfitting to a specific data source.

¢ Integration with Clinical Metadata: Combining imaging data with clinical, biochemical, or ge-
netic markers to improve predictive accuracy and support personalized diagnostic and treatment
strategies.
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