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ABSTRACT

Alzheimer's disease (AD)is a progressive neurodegenerative disorder, and early identification is
crucial for delaying disease progression. Existing MRI-based diagnostic methods still face
challenges in computational efficiency, modellightweighting, and multi-stage classification accuracy.
This paper proposes a lightweight auxiliary diagnostic model named ESC-Netbased on an improvec
EfficientNetV2 for three-stage classification of cognitively normal (CN), mild cognitive impairment
(MCI), and AD. The model adopts a stage-wise heterogeneous convolutional design. Shallow layers
use FusedMBConv to enhance training efficiency, while deep layers integrate a Coordinate Attention
(CA) mechanism into MBConv to capture both channel relationships and spatial dependencies,
improving localization of key pathological regions such as the hippocampus. A progressive
stochastic depth regularization strategy is introduced to mitigate overfitting in small-sample medica
imaging data. Experimental results on the ADNI dataset show that the proposed model achieves a
sensitivity of 99.54% for AD diagnosis, an accuracy of 98.67% for early MCI identification, and a
specificity of 98.02% for distinguishing MCI from CN. Compared with traditional deep convolutional
networks, this model significantly reduces computational complexity while maintaining excellent
classification performance, demonstrating promising potential for clinical application and mobile
deployment.
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1. INTRODUCTION

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder with an insidious onset,
clinically characterized by memory impairment, aphasia, apraxia, agnosia, and executive dysfunction
[1]. With the increasing trend of global population aging, the prevalence of AD has shown explosive
growth, imposing a heavy burden on public health systems [2]. Studies have shown that early
detection and intervention can effectively inhibit the progression from mild to severe stages of the
disease [3]. Currently, magnetic resonance imaging (MRI), as a non-invasive examination technique,
provides the possibility for early diagnosis by identifying structural abnormalities of brain soft tissues
(e.g., hippocampal atrophy, cortical thinning, etc.) [4]. However, manual reading by radiologists has
limitations such as strong subjectivity and low efficiency.

In recent years, deep learning techniques have been widely used in computer-aided diagnosis of
medical images and have achieved good results [5]. Researchers have made substantial efforts to
develop neuroimaging techniques and auxiliary diagnostic strategies. Liu et al. [6] proposed a
CNN-based multi-modal deep learning framework for joint automatic hippocampus segmentation
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and AD classification, achieving an accuracy of 72.2%. However, the overall classification accuracy
of this method is relatively low, making it difficult to meet the high-reliability requirements of clinical
diagnosis. Moreover, the joint task design increases the complexity of model training, which may
lead to interference between tasks. Khatri and Kwon [7] proposed a lightweight
convolutional-attention hybrid model that incorporates inverted residual units and a lightweight
multi-head self-attention mechanism, achieving a multi-class classification accuracy as high as 94.31%
on the ADNI dataset. However, its performance heavily relies on specific data distributions, and its
generalization ability across different centers and scanners has not been fully validated, posing a risk
of overfitting in more complex clinical scenarios. Plant et al. [8] used data mining algorithms
combining multiple classifiers such as support vector machine (SVM), Bayesian statistics, and voting
feature intervals (VFI) for AD analysis. Although this approach has strong interpretability, feature
extraction depends on manual design, making it difficult to automatically learn deep pathological
features from images, and the ensemble of multiple classifiers makes the overall model relatively

complex.

Although theabove CNN-based methods have improved diagnostic performance to some extent, their
feature extraction and attention modeling still have shortcomings, making it difficult to fully capture
pathological features that combine channel importance and precise spatial location in MRI images.
Moreover, mainstream visual attention mechanisms (e.g., Squeeze-and-Excitation) typically focus on
modeling inter-channel relationships but fail to explicitly capture spatial location information [11].
In AD MRI images, key pathological features (such as hippocampal atrophy) have clear and fixed
anatomical locations [12]. Therefore, an attention mechanism that can simultaneously model channel
importance and long-range spatial dependencies is expected to more precisely guide the model to
focus on relevant regions, thereby improving the ability to identify subtle lesions. The Coordinate
Attention (CA) mechanism proposed by Hou et al. [14] is a representative example of such an
approach, embedding position information into channel attention so that the network can focus not
only on "which features are meaningful" but also on "where the features are located."

Based on this, this paper proposes a lightweight auxiliary diagnostic system using EfficientNetV2 as
the backbone network, integrating stage-wise heterogeneous design, a coordinate attention
mechanism, and a progressive stochastic depth strategy, aiming to achieve accurate and efficient
identification of Alzheimer’s disease (AD). The design and advantages of the proposed model are
mainly reflected in the following three aspects:

(1) To address the difficulty of a single traditional convolutional structure in balancing local texture
and global semantic modeling, this paper adopts the stage-wise heterogeneous design of
EfficientNetV2. Specifically, computationally more efficient FusedMBConv is used in shallow layers
to extract local texture features, while MBConv is used in deep layers to model high-level semantic
information. This design improves the hierarchy and adaptability of feature representation while
keeping the model lightweight, which is more consistent with the logic of medical image analysis
from coarse to fine.

(2) To addressthe problem that mainstream attention mechanisms (e.g., SE) focus only on the channel
dimension and ignore spatial location information, this paper introduces the Coordinate Attention
(CA) mechanism. CA embeds position information into channel attention weights by performing
one-dimensional pooling and encoding along the height and width directions, and integrates CA into
the residual connection branch of the MBConv module. This mechanism endowsthe model with both
channel-wise selective attention and precise spatial localization capabilities, effectively enhancing
sensitivity to pathological changes in key brain regions such as the hippocampus.

(3) To overcome the limited receptive field and insufficient generalization ability of lightweight
models, this paper inserts a Global Context Enhancement (GCE) module before the head feature
projection. Through multi-scale adaptive pooling and attention fusion, the GCE module effectively
models cross-scale pathological features ranging from local subtle lesions to widespread brain
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atrophy. At the same time, a progressive stochastic depth strategy is introduced to dynamically adjust
the dropout probability of each module, enhancing generalization performance while maintaining the
advantages of model lightweighting, and mitigating the risk of overfitting caused by limited medical

image samples.

2. RELATED THEORIES AND BASIC ARCHITECTURE

The core architecture of the Alzheimer's disease auxiliary diagnostic model proposed in this study
evolves from the lightweight EfficientNetV2 network [15]. This architecture achieves deep
integration and optimization of convolution operators, residual connections, and coordinate attention

mechanisms in the field of deep learning.

2.1. Inverted Residual Structure and MBConv Operator

The introduction of the residual structure (ResNet) provides an effective solution to the vanishing
gradient problem in deep networks. He et al. [3] introduced identity mapping, which significantly
increased the achievable depth of networks and laid the foundation for the design of deep
convolutional neural networks. Subsequently, to address the limited computational resources of
mobile devices, Sandler et al. [16] made important improvements to the traditional residual module
in MobileNetV2 and proposed an "inverted residual”" design — adoptinga reverse strategy of "expand
first, then reduce". This expands the channel dimension before feature extraction to enhance feature
representation capability, and then compresses it back to the original dimension. This design
effectively reduces parameter redundancy and computational cost while maintaining feature
extraction capability. On this basis, Tan et al. [1] further integrated MBConv into the EfficientNet
series of networks and introduced neural architecture search to achieve coordinated scaling of channel
number, depth, and resolution, striking a balance between accuracy and efficiency in image
classification tasks.

Inspired by the above studies, this paper introduces MBConv as the core feature extraction module
to meet the need for efficient analysis of brain MRI images on lightweight devices. Compared with
standard convolutional modules, MBConv combines depthwise separable convolution and channel
attention mechanisms, enabling the extraction of richer non-linear features at very low computational
cost, which is particularly suitable for brain MRI images with complex structures and subtle textures.
This design provides a feasible technical foundation for achieving high-accuracy, low-latency brain
image classification on clinical lightweight devices.

2.2. |dentity Mapping

Deep convolutional networks face the problems of vanishing gradients and network degradation when
increasing depth, making the model difficult to train effectively. To address this issue, He et al. [16]
introduced an identity mapping path. The core ideais to directly pass the input to the output and add
it to the features after nonlinear transformation. Its mathematical form can be expressed as:

y=x+F(x) (1)

This allows the network to only fit the residual between the input and the output when learning the
target function, rather than the complete mapping, thereby reducing the optimization difficulty. More
critically, during the backpropagation of gradients, the gradient can be directly propagated back to
the shallow layers through the identity path, effectively avoiding the vanishing gradient problem
caused by increased network depth.
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As medical image analysis tasks become more advanced, models not only require deeper structures
but also the ability to capture subtle pathological features. In the diagnosis of Alzheimer’s disease
(AD), fine anatomical changes such as sulcal texture and hippocampal structure are crucial for
diagnosis. However, simply stacking depth and using standard residual structures may still lead to the
dilution of low-level detail information during transmission dueto multiple nonlinear transformations.

To address this, the proposed architecture further optimizes the information transmission mechanism
while inheriting the idea of residual connections. By retaining the identity mapping alongside the
convolutional path, the model learns residual information rather than the original mapping, ensuring
that underlying anatomical details are losslessly transmitted to high-level semantic layers. This
enhances the model’s sensitivity to pathological features while maintaining training stability.

3. METHOD
3.1. Model Overall Architecture

This paper proposes a lightweight classification framework named ESC-Net based on the
EfficientNetV2 backbone network. The overall architecture is shown in Figure 1. ESC-Net adopts a
stage-wise serial architecture to enhance the model’s ability to represent multi-scale structural
information and global dependencies with low computational overhead. Specifically, the model is
constructed in a serial manner: shallow layers introduce the FusedMBConv module to prioritize
capturing spatial details and improve the efficiency of early feature extraction; deep layers adopt the
LightMBConvWithAttention module embedded with a coordinate attention mechanism, which
enhances spatial localization of key lesion areas such as the hippocampus through direction-aware
attention weights; before the head feature projection, a global context enhancement module is inserted
to aggregate whole-brain feature interactions via multi-scale pooling and adaptive fusion,
compensating for information loss during downsampling. At the same time, the model introduces a
progressive stochastic depth regularization strategy, linearly increasing the path dropout probability
with network depth, effectively mitigating the overfitting problem in small-sample medical imaging.
The overall framework is trained in an end-to-end manner, balancing the requirements of lightweight
deployment and high-accuracy recognition.
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Figure 1. Model Architecture Diagram
3.2. Compound Scaling Strategy of EfficientNetV2

Traditional network scaling methods only expand a single dimension—depth, width, or resolution—
which easily leads to rapid saturation of accuracy gains. Moreover, the three dimensions are
interdependent: high resolution requires a deeper network to increase the receptive field and also
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wider channels to capture fine-grained features. To address this issue, ESC-Net inherits and improves
the idea of non-uniform compound scaling. Its structural diagram is shown in Figure 2. Specifically,
the model tailors the scaling allocation according to the differences in feature scales presented by
medical images at different network depths. In the shallow stages, the model focuses on adjusting the
width and adopts the more computationally efficient FusedMBConv module to improve hardware
parallelism and early feature extraction speed, giving priority to capturing local texture and edge
details of key regions such as the hippocampus. In the middle stages, it balances width and depth,
taking into account both feature representation and computational cost, enabling the model to
gradually abstract pathological features from local to global scales. In the deep stages, it focuses on
increasing depthand embeds a coordinate attention mechanism to enhance spatial perception of subtle
pathological changes such as brain atrophy, achieving high-level semantic modeling of the
whole-brain structure. In addition, a progressive learning strategy is adopted, gradually increasing the
input resolution during training and dynamically adjusting the regularization strength to avoid the
risk of overfitting on small samples caused by high-resolution images. Through this differentiated
multi-dimensional collaborative scaling, ESC-Net effectively solves the problems of lightweight
models in AD diagnosis—namely, the difficulty of balancing local fine features with global macro
features, and insufficient capture of multi-scale pathological information—while controlling the
number of parameters and computational cost, achieving a balance between efficiency and accuracy.

- Early — - Resolution —
(Width)
Uneven Compound Middle Progressive | L Faster Training
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Late . .
. (Depth) L  Training Time

Figure 2. Compound Scaling Strategy Structure Diagram

The formula is as follows:

depth:d =d,-a’
width: w=w, - 3 )

resolution:r=r, -y’
aoﬂz .}/2 ~2 (3)

Where d,, W, , %, represent the depth, width, and input resolution of the baseline network,
respectively;dis the compound scaling coefficient that controls the overall computational resource
budget; a,p,yare the scaling factors to be searched, determining the growth rates of depth, width, and
resolution, respectively; the constraint condition « e *ey> ~2 ensures that when ¢increases by 1,
the total computational cost (FLOPs) of the model approximately doubles.
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3.3. Introduction and Balance of Heterogeneous Convolution Modules

In conventional convolutional neural networks, a single type of convolution operator is often used
throughout the entire network, making it difficult to simultaneously meet the demand for
computational efficiency in shallow layers and the demand for spatial perception in deep layers. As
a result, lightweight models struggle to balance local detail preservation and global semantic
modeling in AD diagnosis. To address this issue, this paper proposes a stage-wise heterogeneous
convolution module design strategy, with the structural diagram shown in Figure 3. This strategy
adopts differentiated designs according to the different requirements of shallow and deep layers. In
the shallow layers, the more computationally efficient FusedMBConv is introduced, which merges
depthwise convolution and pointwise convolution into a conventional convolution, reducing memory
access and improving hardware parallelism. This preserves the primary anatomical structures of key
regions such as the hippocampus while ensuring feature extraction speed. In the deep layers, MBConv
embedded with a coordinate attention mechanism is adopted. Through the process of dimension
expansion, depthwise convolution, attention weighting, and then dimension reduction, it enhances
the spatial localization ability for subtle pathological changes such as brain atrophy while maintaining
lightweight characteristics. Through this stage-wise heterogeneous design, ESC-Net effectively
solves the problem that lightweight models cannot easily balance early local feature extraction and
deep global semantic modeling in AD diagnosis, achieving a balance between feature extraction
efficiency and representational capability while controlling the number of parameters and
computational cost.

Shallow Feature Deep Feature Global Context Classification .
s FusedMBConv * N CA-MBConv * M Enhancement Head

Figure 3. Structure Diagram of the Heterogeneous Convolution Module

The formula is as follows:
Fryp(X) =Proj(Act(BN(Conv,, (X)) +1,. - X “4)
Fp.ci(X) =Proj(CA(DWConv(Expand(X))))+1_ - X %)

Where X is the input feature map, represents the standard convolution operation, BN denotes batch
normalization, Act denotesthe SiLU activation function, Proj denotesthe 1x1 projection convolution
used for  channel  adjustment, Isc is the residual connection indicator,
Expand(X) = Act(BN(Conv,,,(X))) is the expansion operation, DWConv denotes depthwise
separable convolution, and CA denotes the coordinate attention mechanism.

3.4. Coordinate Attention Mechanism

The traditional Squeeze-and-Excitation (SE) attention mechanism compresses spatial information
through global pooling, which fails to capture positional information and makes it difficult to
precisely locate regions such as the hippocampus that have clear anatomical locations. To address
this issue, this paper embeds the coordinate attention mechanism into the residual connection branch
of the MBConv module, as shown in Figure 4. Specifically, in the deep MBConv module, by placing
the coordinate attention between the depthwise convolution and the projection convolution, the model
performs one-dimensional pooling and encoding along the height and width directions, respectively,
in the expanded high-dimensional feature space, generating direction-aware attention weights, which
are then multiplied element-wise with the original features. This design enables the network to
simultaneously capture inter-channel dependencies and precise spatial positional relationships,
enhancing the spatial localization capability for key brain regions such as the hippocampus without
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significantly increasing computational cost. It effectively alleviates the problem of losing subtle
pathological features in lightweight models caused by limited receptive fields, thereby improving the
sensitivity and accuracy of early AD diagnosis.
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Figure 4. Structure Diagram of the Coordinate Attention Mechanism

Branch
W:B,C/r,W,1

Output:B,C,H,
w

Conv1*1+Sigmoid:B,C,1,W(a w) H.BB’CE’;‘::‘W !

The formula is as follows:

1 W
R RIS 3%
h RS ) -
h W P i W H J

f=06(F(z,,2,]) (6)
g, =o(F,(/,).g, =0c(F,(f,))
v.(i, ) =x.G, ))x gl (D) x g2 (j)

x.(Z,j) is the value of the input feature map at channel ¢ and position (i, j), z" and z) are the

feature vectors pooled along the height and width directions, respectively, F, F,, and F, are 1x1
convolution operations, J is the Hardswish activation function, ¢ is the Sigmoid activation function,
and g" and g" are the generated attention weights along the height and width directions.

3.5. Global Context Enhancement Module

This paper proposes a Global Context Enhancement (GCE) module [11] that enhances the model’s
ability to understand global structure while maintaining lightweight advantages through multi-scale
pooling and adaptive fusion strategies. Its structure is shown in Figure 5. This method first uses
adaptive average pooling at multiple scales to extract global context features at different granularities.
After upsampling to restore the original resolution, lightweight convolutions are applied to extract
context representations at each scale. Subsequently, an adaptive attention mechanism is used to
perform weighted fusion of the multi-scale contexts. Finally, the enhanced features are combined
with the original features via a residual connection. This design enables the model to simultaneously
capture multi-scale pathological features ranging from local to global, and the module is lightweight
and flexible, allowing seamless integration into existing convolutional networks. In the proposed
model, the GCE module is inserted before the head feature projection of EfficientNetV2,
complementing the coordinate attention mechanism—coordinate attention focuses on
position-sensitive spatial-channel relationships, while GCE focuses on global context modeling.
Together, they synergistically enhance the model’s multi-scale perception of AD pathological
features

Input Multi-scale Upsample + ALELULE Concentrate Generate Residual
- —> ) —> p* . —»  Weight —» —» Enhanceme —
Feature Pooling 1*1 Conv . with Input . Output
Fusion nt Weight

Figure 5. Structure Diagram of the Global Context Enhancement Module
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The formula is as follows:
C, = f,, (Up(Pool, (x))),k e (12,4}
Cori = f¢ (x)
W=Softmax(F @C,OC,DC)))

Cfused = z W 'Ck )
k

C

usion ( ori

A = O-(F;nclzaizt7e(x @ Cfused))
y=x+a-(xeA)

Where x is the input feature map; Pool, denotes adaptive average pooling with kernel size k x k (k
= 1, 2, 4); Up denotes the upsampling operation; [y, and f; are context feature extractors
composed of 1x1 convolutions; C, and C,,; represent the contextual features after multi-scale
pooling and at the original scale, respectively; €@ denotes concatenation along the channel dimension;
Fiion is a convolution module that generates fusion weights; W represents the adaptive fusion

weights for multi-scale contexts; Cfusgd is the multi-scale context after weighted fusion; F,,sance 18
a convolution module that generates enhancement weights;c is the Sigmoid activation function; A is
the feature enhancement weight; @ is a learnable scaling factor; ® denotes element-wise
multiplication; and y is the final output.

4. EXPERIMENTAL ENVIRONMENT AND DATA PREPROCESSING
4.1. Dataset Acquisition and Sample Distribution

The experimental data in this study are sourced from the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) public database. This database is a benchmark for global neuroimaging research
and provides rich structural magnetic resonance imaging (sMRI) data. To validate the discriminative
ability of the improved model for different stages of the disease, a three-class dataset was constructed,
covering:

CN (Cognitive Normal): Healthy subjects with normal cognition. MCI (Mild Cognitive Impairment):
Subjects showing early memory impairment but not meeting the criteria for dementia. AD
(Alzheimer’s Disease): Patients with confirmed diagnosis and obvious brain atrophy characteristics.

To eliminate non-pathological interference introduced by uneven illumination, equipment differences,
and complex grayscale levels in the original MRI images, this study constructed an automated
preprocessing pipeline including modality calibration (RGB three-channel conversion), scale
unification (bilinear interpolation normalization), and pixel standardization (mean-variance
normalization). This enhances the redundant representational capacity of features, adapts to
pre-trained weights, and ensures gradient stability during the initial training stage.

4.2. Training Environment Parameter Configuration and Evaluation Criteria

The model is trained using the Adam optimizer with an initial learning rate of 0.001 and a dynamic
decay strategy, and a batch size of 32. Additionally, a dual regularization mechanism consisting of
global dropout (p = 0.2) and progressive stochastic depth (drop connect rate = 0.2) is introduced to
mitigate overfitting in small-sample medical imaging data and to enhance the model’s generalization
ability.
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4.3. Evaluation Metrics

We use four metrics to evaluate the model’s performance, including Accuracy (Acc), Precision (Pre),
Recall (Rec), and F1-Score (F1). Among these metrics, Accuracy is determined by the proportion of
true positives (TP) and true negatives (TN) in the total samples; Precision is determined by the
proportion of true positives among all positive results; Recall is determined by the proportion of true
positives in the sum of true positives and false negatives (FN); and the F1-Score is determined by the
proportion of twice the true positives in the sum of twice the true positives and the total number of
incorrect classifications. The mathematical expressions for the above metrics are as follows:

TP +TN

TP+TN+FP+FN
P

TP+ FP
P

TP+ FN
2TP

2TP+ FP+FN

Accuracy =

Precision=

®)
Recall =

F1-Score =

Among them, TP represents true positives, i.e., the number of positive samples correctly identified.
FN represents false negatives, i.e., the number of negative samples incorrectly identified. FP
represents false positives, i.e., the number of positive samples incorrectly identified. TN represents
true negatives, i.e., the number of negative samples correctly identified.

5. ANALYSIS AND DISCUSSION OF EXPERIMENTAL RESULTS
5.1. Training Dynamics and Convergence Evaluation

As shown in Table 1, the proposed model achieves excellent classification performance across all
three categories. For the AD category, the precision, recall, and Fl-score all reach 1.0000; the
Fl-score for the CN category is 0.9818, and for the MCI category it is 0.9878, with an overall
accuracy of 98.87%. These results indicate that the model achieves balanced performance across
different categories without significant bias. This outcome further validates the effectiveness and
robustness of the proposed method in AD diagnosis tasks, providing reliable support for clinical
auxiliary diagnosis.

Table 1. Classification Results of the Test Set

precision recall F1-score support
AD 1.0000 1.0000 1.0000 437
CN 0.9787 0.9852 0.9818 607
MCI 0.9900 0.9856 0.9878 903
Macro avg 0.9896 0.9903 0.9899 1947

Figure 6 shows the accuracy and loss function curves of the model. The accuracy continuously
increases and stabilizes, while the loss continuously decreases and converges smoothly, indicating
that the model has good generalization performance during training.
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Figure 6. Accuracy and Loss Curves

To further verify the reliability of the model in clinical auxiliary diagnosis, this paper conducts a
detailed quantitative evaluation of the three-class classification results using a confusion matrix.
Figure 7 shows the confusion matrix and ROC curve, indicating that the model achieves extremely
high classification accuracy for the three categories (AD, CN, MCI), with excellent classification
performance and strong diagnostic capability.
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Figure 7. (a) Confusion Matrix (b) ROC Curve

5.2. Ablation Experiment

Ablation experiments were conducted on the proposed model, and the results are shown in Table 2.
Here, Baseline denotes the original structure without any improvements. Model 1 denotes the model
without the mixup algorithm, using traditional cross-entropy (CE) as the loss function. Model 2
denotes the model without the coordinate attention (CA) mechanism but with the global context
enhancement (GCE) module. Model 3 denotes the model with the CA mechanism but without the
GCE module. Model 4 denotes the model with both the CA mechanism and the GCE module. The
comparison between the proposed model and other models is shown in Table 3.

According to Tables 1 and 2, on the dataset used in this paper, the model employing the proposed
method achieves 98.92% accuracy, 99.54% sensitivity, and 98.77% F1-score, with an AUC value of
99.95%. Compared with the traditional networks ResNet34 and EfficientNetV2, the number of
parameters is reduced by approximately 5.5% and 4.0%, respectively, while significantly
outperforming them in accuracy, AUC, sensitivity, F1-score, and other metrics. This indicates that
the proposed method has better feature extraction and classification capabilities for this dataset.
Compared with the lightweight models AlexNet and Vision Transformer, the proposed model
achieves substantial improvements across all metrics while having far fewer parameters,
demonstrating a good balance between lightweight design and high accuracy. Comprehensive
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comparison shows that the proposed method achieves optimal classification performance while
maintaining lightweight characteristics, validating the effectiveness of the coordinate attention and
global context enhancement modules in feature representation and classification capability.

Table 2. Ablation study of the proposed model

Method ACC (%) SEN (%) F1 Score (%) AUC (%)
Baseline 96.02 96.09 95.43 95.75
Model 1 98.66 98.66 98.67 98.69
Model 2 98.56 98.77 98.61 99.90
Model 3 98.87 99.03 98.99 99.93
Model 4 98.92 99.54 98.77 99.95

Table 3. Comparison Results Between the Proposed Model and Other Models

Models ACC/% | SEN/% @ F1 Score/% | AUC/% | Parameters | FLOPs
ResNet34 94.10 94.46 94.00 94.22 21.79 3.67
AlexNet 86.34 86.19 86.35 86.26 61 0.71
EfficientNet 93.48 94.40 93.48 93.93 57.3 0.41
EfficientNetV2 96.02 96.09 95.43 95.75 21.45 2.90
Vision Transfoemer 93.50 93.11 92.24 92.67 53.3 11.28
ESC-Net 98.92 99.54 98.77 99.95 20.63 2.91

6. CONCLUSION

This paper proposes a lightweight auxiliary diagnostic scheme based on an improved EfficientNetV2
to address the challenges of weak pathological features and small-sample overfitting in Alzheimer’s
disease imaging recognition. The model adopts a stage-wise heterogeneous convolution module
design: FusedMBConv is introduced in the shallow layers to improve training efficiency, while the
coordinate attention mechanism is integrated into the deep layers to enhance the capture of
pathological features in key regions such as the hippocampus. Additionally, a progressive stochastic
depth regularization strategy is introduced to effectively alleviate the overfitting problem in
small-sample medical imaging scenarios. Experimental results show that the model achieves
excellent performance in the three-class classification task of AD, MCI, and CN, with an early MCI
identification accuracy of 98.67%, providing reliable technical support for early clinical intervention.
Future research will explore multi-modal data fusion to further improve the diagnostic robustness of
the model in complex cases.
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