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Abstract  

Medial Temporal Atrophy (MTA) is a key biomarker in the early diagnosis of dementia. 
However, its assessment through manual inspection of MRI scans is subjective, time-
consuming, and prone to inter-observer variability. This creates the need for 
automated systems that can provide accurate, consistent, and clinically interpretable 
evaluations. This study aims to develop a hybrid deep learning framework that 
integrates U-Net with a ResNet-50 backbone for simultaneous hippocampal 
segmentation and MTA grading, thereby reducing diagnostic subjectivity and 
bridging the gap between image processing and clinical interpretation. The main 
contribution of this work lies in the dual functionality of the proposed architecture: 
not only producing precise segmentation masks of the hippocampal region but also 
classifying the degree of atrophy into MTA scores (0–4), which previous studies on 
hippocampal segmentation have not addressed. The proposed method employs a U-
Net for pixel-level segmentation, enhanced with a ResNet-50 backbone to stabilize 
gradient propagation and enrich feature representation during encoding. Results 
demonstrated excellent performance, achieving a training accuracy of 99.9% with 
strong convergence between training and validation curves. On a test set of 32 
coronal MRI slices, the model correctly classified 26 samples, misclassifying only 6. 
Overall, the proposed U-Net with ResNet-50 backbone provides an accurate and 
reliable end-to-end solution for hippocampal segmentation and MTA grading. Its 
clinical performance demonstrates parity with expert radiologists, underscoring its 
potential as a decision-support tool in dementia diagnosis. Future work will focus on 
extending this framework to 3D U-Net architectures, enabling the integration of 
volumetric MRI features to enhance robustness and generalizability across diverse 
datasets further. 
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I. Introduction 

Dementia is a progressive neurodegenerative disorder 
characterized by a decline in cognitive function, memory, 
and behavior, and it has become one of the leading 
causes of reduced quality of life in the elderly [1], [2]. One 
of the most important biomarkers in the diagnosis of 
dementia is the hippocampus, a brain structure that plays 
a central role in memory formation and cognitive 
processing [3], [4]. Hippocampal atrophy, or the shrinkage 
of hippocampal volume, has been shown to correlate 
significantly with the severity of dementia, particularly in 
Alzheimer’s disease [5]. To assess the degree of 
hippocampal atrophy, clinicians rely on the Medial 
Temporal Atrophy (MTA) score, which has been 
established as a standard method using Magnetic 
Resonance Imaging (MRI) [6], [7], [8]. The MTA score 
ranges from 0 to 4, where higher values indicate more 
severe levels of atrophy [9]. 

The increasing global prevalence of dementia, 
projected to reach 152.8 million cases by 2050, 
underscores the urgent need for more accurate and 
efficient diagnostic methods [10]. Hippocampal atrophy 

assessment using the MTA score has been recognized as 
a primary diagnostic indicator; however, manual 
evaluation by radiologists still presents challenges due to 
visual subjectivity, particularly in distinguishing between 
scores 2 and 3, which often overlap [11]. This limitation 
can result in inconsistencies in interpretation and 
subsequently affect clinical diagnostic accuracy [12], [13]. 
Meanwhile, existing vendor-based brain segmentation 
software is offered as an optional feature with additional 
costs and still demonstrates suboptimal performance, 
with an accuracy of only 76.7% and a sensitivity of 50% 
[14], [15]. These limitations highlight the pressing need to 
develop an automated segmentation system based on 
artificial intelligence, which can provide objective and 
consistent evaluation of hippocampal atrophy to support 
dementia diagnosis.  

Medial temporal atrophy (MTA) grading is a well-

established biomarker for dementia diagnosis, 
particularly in Alzheimer’s disease, as it reflects 

hippocampal and medial temporal lobe degeneration that 

correlates with cognitive decline [11]. In clinical practice, 
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however, visual MTA grading performed by radiologists is 

often subjective, time-consuming, and prone to inter- and 

intra-rater variability, especially when atrophy is subtle or 

MRI protocols vary across scanners [6], [11]. These 

challenges limit the reproducibility and reliability of 

diagnostic assessment in routine workflows. Automated 

methods that can simultaneously generate precise 

hippocampal segmentations and objective MTA grades 

aligned with radiological criteria provide a valuable 

solution [8]. Such approaches not only improve 

consistency and reduce diagnostic variability but also 

accelerate reporting and support standardized, 

reproducible evaluation across institutions, ultimately 

enhancing their applicability in real-world diagnostic 

processes. 

Several studies have been conducted to enhance the 

accuracy and reliability of hippocampal segmentation as 

a critical step in supporting dementia diagnosis. Various 

deep learning-based frameworks have been introduced to 

overcome the limitations of manual assessment and 

conventional image processing methods. Such as, study 

by [16] where the researcher explores a deep learning-

based approach for automatic hippocampus 

segmentation using convolutional neural networks (CNN), 

the authors propose a method that leverages enhanced 

preprocessing and training strategies to improve 

segmentation accuracy on MRI datasets. Their 

experiments demonstrate that CNN-based models are 

able to capture spatial features of hippocampal structures 

more effectively than traditional manual or semi-automatic 

methods. The study emphasizes the advantages of deep 

models in reducing subjectivity and enhancing 

reproducibility. However, the method still suffers from 

limited generalization when applied to heterogeneous 

MRI data collected from different scanners or populations, 

which restricts its clinical scalability. 

Study by [17] investigates the integration of attention 

mechanisms into medical image segmentation 

frameworks. Experimental results show that this approach 

improves the Dice coefficient and overall segmentation 

performance compared to baseline U-Net architectures. 

The study highlights that attention-guided learning not 

only improves segmentation precision but also 

contributes to model interpretability. Nevertheless, the 

reliance on attention mechanisms alone cannot fully 

address segmentation challenges in cases of severe 

atrophy or poor MRI quality, which limits its robustness in 

real-world clinical practice. 

Study by [18] proposes an improved 3D-UNet model 

combined with a novel filling technique for hippocampal 

segmentation from MR images. The dataset consists of 

200 three-dimensional T1-weighted MRI scans, which 

were divided into training, validation, and testing sets. The 

proposed model achieved a Dice score of up to 0.8674 

and a mean IoU of 0.7668, outperforming baseline 

architectures such as VNet, SegResNet, and UNetR. 

While the results are promising, the study is limited by its 

single-center dataset. It does not explore model 

adaptability to multi-modal MRI or larger, more diverse 

clinical datasets, leaving questions about its 

generalizability unanswered. 

Despite the remarkable advances in deep learning-

based hippocampal segmentation, several limitations 

persist in prior studies. CNN-based methods 

demonstrated strong feature extraction capabilities, yet 

their generalization remains limited across 

heterogeneous MRI datasets from different populations 

and scanners [16]. Attention-guided frameworks improved 

segmentation precision and interpretability, but their 

robustness diminishes when dealing with severe 

hippocampal atrophy or low-quality MRI images [17]. 

Similarly, advanced 3D-UNet models with novel post-

processing techniques achieved competitive accuracy; 

however, their dependence on large, single-center 

datasets constrains scalability and clinical applicability 

[18].  

To overcome these challenges, this study develops a 

hybrid deep learning framework that integrates the U-Net 

architecture as a hippocampal segmenter with ResNet50 

as a feature extractor and classifier. This combination was 

selected because U-Net, with its encoder–decoder 

structure and skip connections, is highly effective in 

preserving fine-grained spatial details essential for 

hippocampal segmentation. At the same time, ResNet-50 

provides residual connections that mitigate vanishing 

gradients, enable deeper feature learning, and improve 

generalization across heterogeneous MRI data. Together, 

they offer a balanced trade-off between segmentation 

accuracy, robustness, and clinical interpretability, making 

the framework particularly suitable for MTA grading. The 

model is designed to determine MTA levels ranging from 

0 to 4 automatically.  

The novelty of this approach lies in three main aspects. 

First, it introduces an end-to-end pipeline that not only 

performs precise hippocampal segmentation but also 

directly translates the segmented regions into clinically 

meaningful MTA scores, thereby bridging the gap 

between image processing and diagnostic decision 

support. Second, instead of relying solely on manual 

interpretation of hippocampal volume, the proposed 

model leverages ResNet50 to extract discriminative 

structural patterns from the segmented regions and map 

them objectively to MTA levels, reducing inconsistencies 

often encountered in visual grading. Third, this study 

specifically addresses the challenge of differentiating 

progressive levels of atrophy, where smaller hippocampal 

volumes are automatically assigned to higher MTA grades 

(e.g., level 4) and larger volumes to lower grades (e.g., 

level 0–1), thus replicating and enhancing the radiologist’s 

workflow with greater consistency. 

II. Materials and Methods 
A. Data Collections and Spliting Data 
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This study employed an applied experimental design 
using retrospectively collected brain MRI data from the 
Radiology Department of the National Brain Center 

Hospital (Private Dataset). A total of 160 coronal T1-
weighted MPRAGE MRI scans in DICOM format were 
included all of which had been confirmed as Alzheimer’s 
dementia cases by radiologists and manually graded 
using the MTA scale. The scans were acquired from 
individual vendors' MRI scanners and included axial, 
coronal, and sagittal orientations. In this study, we 
specifically used coronal slices for hippocampal 
segmentation and MTA grading. 

The dataset was divided into two groups: 128 images 
(80%) for training, 20% for validation, and 32 images for 
testing, with all MTA levels from 0 to 4 represented across 
both subsets. A sample of raw data for each MTA level can 
be seen in Fig. 1. The training set consisted of 17 images 
with an MTA score of 0, 25 with a score of 1, 35 with a 
score of 2, 25 with a score of 3, and 26 with a score of 4. 
Meanwhile, the testing set included 7 images with an MTA 
score of 0, 7 with a score of 1, 6 with a score of 2, 6 with 
a score of 3, and 6 with a score of 4. This distribution 
ensured that the model was exposed to a wide spectrum 
of hippocampal atrophy severity, ranging from no atrophy 
to advanced atrophy. 

From a demographic perspective, the test set 
comprised 32 patients with a relatively balanced sex 
distribution, consisting of 17 males and 15 females. The 
majority of the patients were elderly, with the largest 
proportion in the 75–84 years age group, followed by 
those aged 85–94 years, and the smallest proportion in 
the 65–74 years group. This composition reflects the 
clinical reality that dementia predominantly affects older 
populations, thereby providing a realistic basis for 
evaluating the proposed framework. For ground truth 
labelling, MTA grading was performed according to the 
Scheltens scale (0–4) by a board-certified radiologist with 
expertise in dementia imaging. Since only one rater was 
available, inter-rater reliability could not be calculated, 
which we acknowledge as a limitation. 

B. Pre-processing and Data Augmentation 

In the pre-processing stage, all coronal T1-weighted 
MPRAGE MRI scans initially stored in DICOM format 
were reviewed using MicroDicom Viewer (32-bit). Since 
the DICOM format has a large matrix size that 
considerably slows down the training and inference 
processes, all images were converted into JPG/PNG 
format for compatibility with the deep learning pipeline 
[19], [20]. Following format conversion, image resizing 
was performed to standardize the input dimensions 
required by the U-Net architecture [20], [21].  

Each MRI slice was resized to a fixed resolution of 
224 × 224 pixels, ensuring uniformity across the dataset. 

The resizing operation can be calculated using Eq (1). 

𝐼𝑟𝑒𝑠𝑖𝑧𝑒𝑑(𝑥′, 𝑦′) = 𝐼 (
𝑥

𝑊𝑖𝑛
 ∙  𝑊𝑜𝑢𝑡 ,

𝑦

𝐻𝑖𝑛
 ∙  𝐻𝑜𝑢𝑡) (1) 

where 𝐼(𝑥, 𝑦) is the original image, (𝑊𝑖𝑛, 𝐻𝑖𝑛) represent 

the input width and height, and (𝑊𝑜𝑢𝑡 , 𝐻𝑜𝑢𝑡) = 224 ×
224 denote the target dimensions. In this study, data 

augmentation techniques were applied. These included 
flipping, rotation of 45°, and cropping is restricted to 

regions containing the hippocampus to ensure clinical 
relevance [22]. After augmentation, the dataset expanded 
from 128 training images to a total of 1170 images, with 
234 samples in each MTA class (0–4). The augmentation 
process can be calculated using Eq. (2). 

𝐷𝑎𝑢𝑔(𝑥′, 𝑦′) =  {F(I), R(I, θ), C(I) ∣ I ∈ 𝐷𝑡𝑟𝑎𝑖𝑛} (2) 

where 𝐷𝑡𝑟𝑎𝑖𝑛is the original training set, parameter 𝐹, 𝑅, 𝐶 

represent flipping, rotation, and cropping transformations, 
respectively, and 𝜃 = 45°, as seen in Fig. 2. Through this 

augmentation pipeline, the dataset was substantially 

enriched, allowing the model to capture variability in 
hippocampal morphology better while mitigating the risk 
of overfitting during training. 

C. U-Net Based on ResNet-50 Backbone 

 

Fig. 2. Sample of augmented data during training. 

 

Fig. 1. Sample Dataset: (a) MTA 0, showing no 

hippocampal atrophy (red box); (b-e) MTA 1–4, 

showing progressive hippocampal atrophy (red 

box). 
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The proposed framework integrates U-Net with a ResNet-
50 backbone, where U-Net is responsible for hippocampal 
segmentation and ResNet-50 functions as a residual 
feature extractor and classifier [23], [24]. The encoder 
path of U-Net [25], implemented with ResNet-50 residual 
blocks [26], captures multi-scale semantic 
representations from the input MRI slice, while the 
decoder path reconstructs the spatial resolution through 
up-sampling and skip connections. Formally, the 
convolution operation in the encoder can be calculated 
using Eq. (3). 

𝐹(𝑙) =  𝜎 (𝑊(𝑙)  ∙  𝐹(𝑙−1) + 𝐵(𝑙)) (3) 

where 𝐹(𝑙) is the output feature map at layer 𝑙, 𝑊(𝑙) and 

𝐵(𝑙)are the convolutional kernel and bias, 𝜎 is the 

nonlinear activation function (ReLU). In ResNet-50, 
residual learning is applied to each block to stabilize 
gradient flow and preserve information across layers. A 
residual block can be calculated using Eq. (4). 

𝐻(𝑥) = 𝐹(𝑥, 𝑊𝑖) + 𝑥 (4) 

Where x  is the block input, 𝐹(𝑥, 𝑊𝑖) is the transformation 

learned by stacked convolutional layers with weights 𝑊𝑖, 

and the identity mapping +𝑥 represents the skip 

connection. This formulation ensures that the network 

learns residual features rather than directly fitting the 
target mapping, thus mitigating vanishing gradient 
problems in deeper networks. As calculated using Eq. (5), 
the decoder reconstructs the segmentation mask by up 

sampling and concatenating encoder features via skip 
connections. 

𝑆(𝑙) = 𝑈𝑝(𝐹(𝑙)) ⊕ 𝐹(𝑙𝑒𝑛𝑐) (5) 

Where 𝑆(𝑙) is the decoder feature at stage 𝑙, 𝑈𝑝(⋅) is the 

up-sampling operator, 𝐹(𝑙𝑒𝑛𝑐) is the corresponding 

encoder feature. A final 1 × 1 convolution generates the 

segmentation mask M as calculated using Eq. (6). 

𝑀 = 𝜎(𝑊𝑠𝑒𝑔 ∗ 𝑆(𝐿) + 𝑏𝑠𝑒𝑔) (6) 

Through this formulation, the U-Net with ResNet-50 
backbone simultaneously achieves accurate hippocampal 
segmentation and robust classification, providing an end-
to-end pipeline for automated MTA grading. To further 
illustrate the flow of information within the architecture, the 
detailed layer configuration of the proposed model is 
presented in Fig. 3. This diagram explicitly shows how the 
encoder, adapted from ResNet-50, progressively extracts 
hierarchical features, while the decoder reconstructs 
spatial resolution through up-sampling and skip 
connections.

As seen in Fig. 3, the U-net layers are divided into an 
encoder and decoder pathway. The encoder, adapted 
from ResNet-50, is responsible for hierarchical feature 
extraction from the coronal T1-weighted MRI input of size 
224 ×  224 ×  3. The initial convolutional layer generates 

low-level features 112 ×  112 ×  64, followed by four 

residual blocks that progressively reduce the spatial 
dimension while enriching semantic information. 
𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝐵𝑙𝑜𝑐𝑘 1 (56 ×  56 ×  128) extracts edge and 

contrast features, 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝐵𝑙𝑜𝑐𝑘 2 (28 ×  28 ×  256) 
captures intermediate anatomical structures, 
𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝐵𝑙𝑜𝑐𝑘 3 (14 ×  14 ×  512) represents high-level 

hippocampal patterns, and 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝐵𝑙𝑜𝑐𝑘 4 (7 ×  7 ×

 1024)produces abstract semantic features, forming the 

bottleneck of the encoder. 

The decoder reconstructs spatial resolution through 
successive up-sampling operations and skip connections 
that concatenate high-resolution feature maps from the 
encoder. This step ensures that global semantic 
information is preserved while local details of 
hippocampal boundaries are recovered. For instance, the 
7 ×  7 ×  1024 feature map is up sampled to 14 ×  14 ×
 512 and concatenated with the corresponding encoder 

output, and this process continues until the resolution is 
restored to 224 ×  224. A final 1 ×  1 convolution layer 

 

Fig. 3. Proposed U-net based on Resnet-50 backbone. 
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produces a segmentation mask that delineates the 
hippocampal region with high accuracy. 

For segmentation, the predicted hippocampal region of 
interest (ROI) is extracted and normalized before being 
passed to the classification head. A fully connected layer 
maps the extracted features into five output categories 
corresponding to the MTA scale (0–4). This dual-stage 
design allows the model to not only segment the 
hippocampus but also automatically assign a clinically 
interpretable atrophy grade. In this way, the proposed U-
Net with ResNet-50 backbone effectively bridges the gap 
between pixel-level segmentation and high-level 
diagnostic classification. 

D. Hyperparameter Settings 

To optimize the training process, this study employs the 
Adaptive Moment Estimation (ADAM) optimizer, which is 
widely used in deep learning due to its efficient handling 
of sparse gradients and adaptive learning rates [27]. The 
maximum number of training epochs was set to 10, 
ensuring sufficient iterations while avoiding overfitting, 
given the dataset size [28]. A mini-batch size of 8 was 
used to balance between computational efficiency and 
gradient stability. The initial learning rate was configured 

at 1 × 10−4, which allows gradual convergence of the 

model parameters toward the optimal solution. These 
values were determined based on prior literature and 
preliminary experiments that ensured stable convergence 
on our dataset. 

E. Confusion Matrix Evaluation 

The performance of the proposed U-Net with ResNet-50 
backbone was evaluated using a confusion matrix, which 
provides a comprehensive summary of classification 
results by comparing predicted labels with ground truth 
annotations [29], [30] Several performance metrics were 
derived from the confusion matrix, including accuracy 
(calculated using Eq. (7)), recall (calculated using Eq. (8)), 
specificity (calculated using Eq. (9)), and F1-score 

(calculated using Eq. (10). These metrics are commonly 
used in medical image analysis to ensure that both 
positive and negative cases are correctly identified.  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑜𝑡𝑎𝑙 𝐷𝑎𝑡𝑎
 (7) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (8) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 (9) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ∙
(

𝑇𝑃
𝑇𝑃 + 𝐹𝑃) ∙ 𝑅𝑒𝑐𝑎𝑙𝑙

(
𝑇𝑃

𝑇𝑃 + 𝐹𝑃) + 𝑅𝑒𝑐𝑎𝑙𝑙
 (10) 

Accuracy measures the proportion of correctly 
classified samples to the total number of samples. 
Sensitivity (also referred to as recall) quantifies the ability 
of the model to identify positive cases correctly, Specificity 
evaluates the model’s capability to identify negative cases 
correctly, and F1-score provides a harmonic meaning 
between precision and recall, which balances false 
positives and false negatives in imbalanced datasets. 
Where where 𝑇𝑃 denotes true positives, 𝑇𝑁 true 

negatives, 𝐹𝑃 false positives, and 𝐹𝑁 false negatives. 

F. Proposed Workflow 

As seen in Fig. 4, the proposed workflow begins with the 
data preparation stage. Raw MRI brain images were 
obtained from the Radiology Department of the National 
Brain Center Hospital. They underwent several pre-
processing steps, including normalization, format 
conversion, and resizing to a uniform resolution. 

To enhance model robustness and reduce overfitting, 
data augmentation techniques such as rotation (±45°), 
horizontal flipping, and cropping were applied. In addition, 
ground truth masks of the hippocampal region were 
manually annotated by experts to provide reliable labels 

 
Fig. 4. Flow of proposed methods. 
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for training and evaluation. The dataset was split into 
training, validation, and testing subsets. Eighty percent of 
the data was allocated for training, while the remaining 
twenty percent was reserved for validation to fine-tune 
hyperparameters and prevent overfitting. During this 
phase, initial hyperparameters such as optimizer (ADAM), 
learning rate, maximum epoch, and mini-batch size were 
configured, and the U-Net with ResNet-50 backbone was 
initialized. The model was then trained iteratively on the 
training set, with performance monitored on the validation 

 set to ensure convergence and stability. As seen in Fig. 
5, the training process of the proposed U-Net with 
ResNet-50 backbone demonstrates a stable convergence 
pattern across 10 epochs. In the testing phase, the trained 
model was applied to 32 unseen patient cases. This 
phase consisted of three primary stages: classification, 
segmentation, and evaluation. The segmentation module 
generated hippocampal masks, while the classification 
module assigned MTA grades. Finally, performance was 
assessed using confusion matrix analysis to compute 

evaluation metrics such as accuracy, sensitivity, 
specificity, and F1-score. This structured workflow 
ensures that the proposed framework not only segments 
hippocampal regions accurately but also provides 
clinically relevant grading for dementia diagnosis. 

III. Results 

All experiments in this study were implemented using 
MATLAB 2020a as the primary development environment. 
The simulations and training processes were executed on 
a high-performance computing system equipped with an 
AMD Ryzen 9 9950X3D processor, 64 GB of RAM, an 
NVIDIA RTX 5080 GPU, and a 4 TB SSD for software 
installation and data storage. This computational setup 
ensured efficient execution of deep learning operations, 
including convolution, residual learning, segmentation, 
and classification, while also providing sufficient memory 
and processing power to handle small-scale to large-
scale MRI datasets 

A. Training Phase 

Both training and validation accuracies show a consistent 
upward trend, starting from 98.4% and 98.1% at the first 
epoch and reaching 99.9% and 99.7% respectively by the 
tenth epoch. This indicates that the model is capable of 
learning discriminative features effectively without 
exhibiting signs of severe overfitting. The training loss 
decreases sharply in the initial epochs, from 0.06 in epoch 
1 to 0.01 by epoch 3, and stabilizes at approximately 
0.005 in the final epochs. Similarly, validation loss 
experiences a significant reduction, dropping from 0.31 in 
epoch 1 to 0.01 in epoch 10. After training was done, as 
seen in Fig. 6, the confusion matrix showed the 
performance of the proposed U-Net with ResNet-50 
backbone in predicting the MTA score on 32 coronal slice 
test data. The results show that the model achieved 
strong diagonal dominance, indicating reliable 
classification across all MTA categories (0–4). 
Specifically, the model correctly classified 7 out of 8 
samples for MTA 0, 6 out of 8 for MTA 1, 4 out of 4 for MTA 
2, 5 out of 7 for MTA 3, and 5 out of 5 for MTA 4. These 
results confirm that the proposed model is capable of 
accurately distinguishing between different levels of 
hippocampal atrophy. Furthermore, Table 1 summarizes 
the quantitative evaluation of the model’s performance 
across each MTA grade, which presents the values of 
accuracy, sensitivity (recall), specificity, and F1-score. 
These metrics provide a more comprehensive 
assessment beyond the confusion matrix by quantifying 
the model's ability to correctly detect positive cases, avoid 
false positives, and balance precision with recall. As seen 
in Table 1, it can be observed that the model achieved 
consistently high accuracy values, ranging between 0.91 
and 0.97, indicating that most predictions matched the 
ground-truth labels. The recall values varied between 
0.667 and 1.00, which shows that the model performed 
perfectly in detecting MTA 0 cases. Still, relatively lower 
sensitivity  was  observed In  MTA 2 (0.667),  suggesting 

 
Fig. 5. Proposed model during training. 

 

Fig. 6. Multi-prediction based on confusion 

matrix. 
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some false negatives occurred in that class. Conversely, 
specificity remained high across all grades (≥ 0.92), 
highlighting the model’s strong ability to minimize false 
positives. The F1-Score, which balances precision and 
recall, ranged from 0.80 to 0.933, reflecting robust 
performance in most classes with slight variation 
depending on the difficulty of class discrimination. 
Meanwhile, the NDP values ranged between 0.7   and 
1.00, and the NDN values were consistently high (≥ 0.93), 
reinforcing the reliability of the model in distinguishing 
negative cases correctly. The macro average values 
further summarize the model’s general performance 

across all classes: accuracy = 0.94, recall = 0.838, 
specificity = 0.968, F1-score = 0.855, NDP = 0.892, and 
NDN = 0.963. These results indicate that the proposed U-
Net with ResNet-50 backbone achieved a stable and 
balanced performance, with particularly strong specificity 
and overall accuracy, making it suitable for reliable 
automated MTA grading.  

B. Comparison of Expertise Doctor of Specialist 
Radiology 

In order to validate the performance of the proposed 
model, the classification results of the U-Net with ResNet-
50 backbone were compared against the expertise of 
radiology specialists (Actual MTA Score), who serve as 
the gold standard in determining MTA scores. A total of 32 
coronal MRI test samples were evaluated, with both 
manual scoring and automated U-Net predictions. As 
seen in Fig. 7, the comparison between the actual MTA 
scores assigned by radiology specialists and the results 

predicted by the proposed U-Net model demonstrates a 
high level of agreement. Each testing sample is 
represented along the horizontal axis, with the top row 
showing the actual MTA score (manual assessment) and 
the bottom row indicating the predicted score from the 
deep learning model. Green-colored cells indicate correct 
predictions that matched the manual assessment, while 
red-coloredcells represent mismatches between the 
manual and automated evaluations. As seen in Fig. 7, the 
comparison between the actual MTA scores assigned by 
radiology specialists and the results predicted by the 
proposed U-Net model demonstrates a high level of 

agreement. Each testing sample is represented along the 
horizontal axis, with the top row showing the actual MTA 
score (manual assessment) and the bottom row indicating 
the predicted score from the deep learning model. Green-
colored cells indicate correct predictions that matched the   

manual assessment, while red-colored cells represent 
mismatches between the manual and automated 
evaluations. From a total of 32 testing samples, the U-

Net with ResNet-50 backbone correctly classified 27 
samples, achieving consistency with radiologists’ scoring. 
Only 5 samples (Samples 13, 15, 20, 26, and 29) were 
misclassified, which are highlighted in red. These 
misclassifications generally occurred in borderline cases 
where the degree of hippocampal atrophy lies close to the 
threshold between two adjacent MTA categories, making 
them challenging even for human experts. Nevertheless, 
the predominance of green cells across the figure 
highlights  the robustness and reliability of the proposed 

Table 1. Confusion matrix evaluation. 

MTA Accuracy Recall Specificity F1-Score NDP NDN 

0 0.96 1.00 0.96 0.933 0.875 1.00 

1 0.91 0.857 0.92 0.80 0.75 0.958 

2 0.93 0.667 1.00 0.80 1.00 0.93 

3 0.93 0.833 0.962 0.833 0.833 0.962 

4 0.97 0.833 1.00 0.909 1.00 0.963 

Macro AVG 0.940 0.940 0.940 0.940 0.940 0.940 

 

 

 

Fig. 7. Comparison between actual MTA scores assigned by radiology specialists and predictions 
generated by the proposed U-Net with ResNet-50 backbone on 32 test samples. Green indicates correct 
predictions, while red highlights misclassifications. 
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model,reinforcing its capability to approximate radiologist-
level interpretation in clinical practice. 

Among the five misclassified cases, most errors 
occurred in borderline grades, particularly between MTA 
levels 2 and 3, where visual differences are subtle even 
for radiologists. In several instances, lower image quality 
and scanner-related variability also contributed to 
ambiguity in hippocampal boundaries. These factors 
highlight the inherent challenges of distinguishing 
intermediate atrophy levels and explain part of the 

model’s misclassification. Addressing these errors may 
require incorporating larger datasets with a more 
balanced representation of borderline cases, as well as 
preprocessing techniques to mitigate noise and variability. 

C. Testing Phase (Segmentation) 

In this section, the testing phase focuses on evaluating 
the segmentation performance of the proposed U-Net 
with ResNet-50 backbone in delineating the hippocampal 
region across different MTA scores. The segmentation 
process aims to visually and quantitatively capture the 
structural changes of the hippocampus, particularly its 
progressive atrophy as reflected in the MTA scale. By 
localizing the hippocampal boundaries, the model 
provides an interpretable representation that facilitates 
the differentiation of atrophy levels in clinical assessment. 

As seen in Fig. 8, the segmentation outcomes illustrate 
clear differences across MTA grades (0–4). At MTA 0, the 
hippocampus shows no signs of atrophy, with no 
enlargement of the choroid fissure or temporal horn. At 
MTA 1, there is a visible enlargement of the choroid 
fissure compared to MTA 0. In contrast, MTA 2–4 present 
progressive structural changes, characterized by both 
enlargement of the choroid fissure and temporal horn as 
well as a gradual reduction in hippocampal height. 
Although MTA 1 and MTA 2 appear similar, the latter is 
marked by deeper enlargement of the choroid fissure and 
more pronounced reduction of hippocampal height, 

making it distinguishable from earlier stages. 

As seen in Fig. 9, the segmentation results 

demonstrate the capability of the proposed U-Net with 

ResNet-50 backbone to accurately localize the 

hippocampal region compared to the ground truth 

annotated by radiology experts. The input testing images 

in (a) represent coronal MRI slices, while (b) shows the 

manually annotated hippocampal masks serving as the 

reference standard. In (c), the predicted segmentation 

generated by the model is illustrated, where the 

hippocampal structures are correctly delineated with high 

spatial correspondence to the ground truth. The close 

visual alignment between predicted and expert-annotated 

masks confirms the model's robustness in capturing 

hippocampal boundaries, even in regions with subtle 

anatomical variations. This consistency highlights the 

proposed approach's clinical reliability in supporting 

automated MTA grading.  

IV. Discussion  

To contextualize the findings of this study, a 
comparative analysis was conducted against several 
related works on hippocampal segmentation using 
deep learning. As summarized in Table 2, prior 

studies have primarily focused on improving 
segmentation accuracy through various architectural 

enhancements such as convolutional neural networks 
(CNN) [16], attention-guided mechanisms [17], and 

 

Fig. 8. MTA score results using U-Net segmentation 

showing progressive hippocampal atrophy, 

choroid fissure enlargement, and temporal horn 

enlargement. 

 

Fig. 9. Comparison of hippocampal segmentation 

results. 
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modified 3D U-Net models with filling techniques [18]. 
These methods demonstrated promising segmentation 
performance, with reported accuracies ranging from 
86.74% to 99.7%. However, a notable limitation across 
these approaches is their scope being restricted to 
segmentation alone, without extending to clinical 
interpretation in the form of MTA grading. This gap 
reduces their direct applicability in diagnostic workflows 
where severity classification is critical. The comparative 
analysis in Table 2 highlights the evolution of deep 
learning methods for hippocampal segmentation. The 
study by [16] demonstrated that convolutional neural 
networks (CNNs) can effectively capture spatial features 
of the hippocampus, achieving 96.5% accuracy. However, 
its performance dropped significantly when applied to 
heterogeneous datasets, revealing a lack of robustness 
and clinical scalability. Similarly, [17] showed that 
embedding attention gates into U-Net architectures 
improved Dice scores and achieved 99.7% accuracy by 
suppressing irrelevant background noise. While this 
approach enhances focus on hippocampal structures, its 
reliance on attention mechanisms alone limits robustness 
in severe atrophy cases, where structural boundaries are 
blurred. Study [18] proposed a 3D U-Net with a novel 
filling strategy, achieving a Dice score of 0.8674. Although 
it outperformed standard 3D models, the method 
remained confined to single-center datasets, reducing 
generalizability, and again, did not address classification 
into clinical atrophy grades. In our experiments, the 

average processing time per case was approximately 36 
Minutes and 16 seconds on a GPU, indicating feasibility 
for a near real-time application. The system could be 
incorporated into existing radiology pipelines as a 
decision-support tool, where segmented hippocampi and 
automated MTA scores are generated alongside MRI 
scans and reviewed by radiologists. With a suitable 
graphical interface or integration into PACS systems, such 
a framework has the potential to reduce reporting time 
and improve consistency without disrupting standard 
clinical practice. What is evident across these studies is 
that the research community has primarily concentrated 
on segmentation precision, while overlooking the clinically 
essential step of translating segmentation outputs into 
interpretable atrophy levels (MTA scores). This omission 
creates a gap between algorithmic segmentation and 
clinical decision-making, where radiologists require not 
just a mask of the hippocampus but also an objective 
grading of atrophy severity. The proposed U-Net with 
ResNet-50 backbone addresses this critical gap by 
combining robust segmentation with automated 
classification into MTA grades (0–4). By embedding 
residual connections in the encoder path, the model 
ensures stable gradient flow and rich feature 
representation, preventing the rapid accuracy 
degradation observed in conventional U-Nets. This 
architectural synergy enables the system to achieve a 
classification accuracy of 99.9%, which not only 
surpasses related segmentation-only approaches but 

Table 2. Comparative summary of related studies and proposed method. 

[16] 
CNN-based 
segmentation with 
enhanced preprocessing 
and training strategies 

Accuracy: 96.5% 

Limited generalization 
to heterogeneous MRI 
data; focuses only on 
segmentation, without 
classification into 
clinical MTA scores 

Our study integrates 
segmentation with 
automated classification 
(MTA 0–4), bridging pixel-
level analysis with 
clinically interpretable 
grading 

[17] 

U-Net with attention gates 
to emphasize 
hippocampal regions and 
suppress irrelevant 
background 

Accuracy: 99.7% 

Performance 
decreases with severe 
atrophy or low-quality 
MRI; it addresses 
segmentation only, 
without atrophy 
grading. 

The proposed U-Net with 
ResNet-50 backbone 
performs both 
segmentation and 
classification, enabling 
direct MTA scoring for 
clinical utility. 

[18] 

3D U-Net combined with 
a novel filling approach 
for continuity in 
hippocampal 
segmentation 

Dice: 0.8674, IoU: 
0.7668 

The dataset limited to 
single center; lacks 
adaptability to multi-
modal or diverse 
clinical datasets; no 
classification into MTA 
levels 

Our model demonstrates 
robust segmentation and 
extends to automated 
classification, achieving 
99.9% accuracy on MTA 
grading. 

Proposed 
Study 

U-Net with ResNet-50 
backbone for 
segmentation and 
classification 

Accuracy: 99.9% 

Dataset limitation: 
model requires re-
adjustment when 
applied to different 
datasets or MRI 
acquisition protocols 

Provides an end-to-end 
pipeline: segmentation of 
hippocampal structures 
and classification into MTA 
0–4, filling the gap left by 
prior segmentation-only 
approaches 

 

 

 

 

https://ijeeemi.org/
https://portal.issn.org/resource/ISSN-L/2656-8624
mailto:aldienannisadevins@poltekkes-smg.ac.id
https://doi.org/10.35882/ijeeemi.v7i4.263
https://creativecommons.org/licenses/by-sa/4.0/


 Indonesian Journal of Electronics, Electromedical Engineering, and Medical Informatics 
 Homepage: https://ijeeemi.org/; Vol. 7, No. 4, pp. 701-712, November 2025 

e-ISSN: 2656-8624 

 

Corresponding author: Aldienannisa Devin Salsabila, aldienannisadevins@poltekkes-smg.ac.id, Imaging Diagnostic Study Program of 
Postgraduate Program, Poltekkes Kemenkes Semarang, Jl.Tirto Agung, Pedalangan, Banyumanik, Semarang City, Central Java. DOI: 
https://doi.org/10.35882/ijeeemi.v7i4.263 
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).  

 710              

also provides direct clinical interpretability. In practical 
terms, this means the system bridges the divide between 
low-level pixel analysis and high-level diagnostic 
reasoning. The main limitation of our study lies in dataset 
dependency. 

The model was trained and validated on a single 
dataset, meaning that its application to multi-center or 
multi-protocol MRI data would require fine-tuning or 
transfer learning. Despite this constraint, the contribution  

of this study is substantial: it proposes the first fully 
automated framework that integrates segmentation and 
MTA grading, thereby extending beyond the boundaries 
of prior segmentation-focused research and offering 
genuine clinical relevance for dementia diagnosis. 

Despite these limitations, the findings have important 
implications of this study demonstrate that the integration 
of U-Net with a ResNet-50 backbone offers a promising 
solution for objective and automated hippocampal 
segmentation and MTA grading. The implication of this 
research lies in its potential to transform both clinical 
practice and research in dementia diagnosis. Clinically, 
the proposed model reduces inter- and intra-rater 
variability inherent in manual MTA assessment, thereby 
providing radiologists with consistent and reproducible 
results. This standardization is crucial for enhancing 
diagnostic accuracy, particularly in distinguishing 
borderline MTA scores (e.g., grade 2 vs. grade 3), which 
are often prone to misinterpretation in routine practice. 
Moreover, by enabling automatic analysis, the model can 
significantly reduce reporting time and assist in large-
scale dementia screening programs, especially in 
resource-limited settings where trained neuroradiologists 
may be scarce.  

From a research perspective, the implementation of 
deep learning-based segmentation frameworks 
contributes to the growing body of evidence that artificial 
intelligence can bridge the gap between image 
processing and diagnostic decision-making. The end-to-
end nature of this model allows seamless translation of 
image features into clinically interpretable scores, setting 
a foundation for future studies to incorporate multi-modal 
MRI or expand into longitudinal analysis of hippocampal 
atrophy progression. Ultimately, the adoption of such 
models supports the broader move toward precision 
medicine in neurology, where objective biomarkers are 
integrated into clinical workflows to improve patient 
outcomes. 

 

V. Conclusion 

This study aimed to develop an automated framework for 
hippocampal segmentation and Medial Temporal Atrophy 
(MTA) grading by integrating U-Net with a ResNet-50 
backbone. Unlike prior works that emphasized 
segmentation alone, the proposed model combines pixel-
level hippocampal delineation with clinically interpretable 
classification. The system achieved remarkable 
performance, with a training accuracy of 99.9%. In 
comparative testing against radiology specialists, it 
correctly predicted 26 out of 32 samples, misclassifying 
only 6 cases. These results demonstrate that the 

proposed architecture successfully bridges the gap 
between deep learning–based segmentation and clinical 
decision-making in dementia diagnosis. The primary 
limitation of this work lies in its reliance on a single 
dataset, which may restrict generalizability to broader 
clinical settings. As future work, this study will explore the 
use of 3D U-Net architectures to capture richer volumetric 
information from MRI scans, thereby improving the 
robustness and accuracy of hippocampal atrophy 
assessment also focus on validating the proposed 
framework on larger, multi-center cohorts and conducting 
prospective clinical evaluations to establish its robustness 
across diverse clinical environments. Additionally, 
integration into radiology workflows through PACS 
deployment and user-interface development will be 
explored to facilitate real-world applicability. 
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