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ABSTRACT

Early and accurate detection of Alzheimer’s disease (AD) progression remains a critical challenge in neuro-
imaging, as existing methods often rely on single-plane or cross-sectional MRI data, neglecting the rich spatio-
temporal dynamics captured in multi-plane longitudinal imaging. To address this gap, we propose a novel deep
ensemble framework that leverages multi-plane volumetric representations of 3D longitudinal MRI data for
enhanced AD progression detection. Our approach introduces a unified 3D volumetric representation of longi-
tudinal MRI by integrating spatially aligned slices from axial, coronal, and sagittal planes across four longitudinal
time points (Baseline, M06, M12, and M18), preserving both spatial and temporal context. Our proposed
framework employs an optimized heterogeneous deep ensemble setup of 3D-CNN models (i.e., 3D-EfficientNet,
3D-DenseNet, and 3D-ResNet) to extract complementary spatio-temporal features from each anatomical plane,
followed by a BiLSTM network with an Enhanced Residual Multi-Head Self-Attention (ERMHA) mechanism to
model long-range dependencies and emphasize discriminative spatiotemporal patterns. Comprehensive experi-
ments on the ADNI dataset demonstrate that our proposed framework achieves state-of-the-art performance, with
a mean accuracy of 93.73%, sensitivity of 91.72%, specificity of 90.36%, and an AUC of 91.58%, significantly
outperforming single-plane based models (best mAUC: 68.24%) and homogeneous ensemble approaches (mAUC:
82.75%). External validation on the NACC cohort further confirms generalizability, with performance metrics
improving consistently as data from more longitudinal time steps are incorporated (mAUC: 86.37% at M18).
Furthermore, explainability analysis using gradient-weighted attention maps reveals that model predictions are
driven by neuroanatomically plausible patterns, with attention focused on hippocampal and entorhinal regions
in early progression and extending to temporo-parietal cortices in advanced stages in AD, aligning with estab-
lished neuropathological trajectories. The proposed framework advances intelligent decision support systems in
clinical neuroimaging by combining multi-plane feature fusion, temporal modeling, and ensemble learning,
offering a robust and generalized solution for early AD progression detection. Its modular design and compu-
tational efficiency make it suitable for integration into knowledge-based diagnostic systems. The dataset and
code used in this study are available to the research community at the following link: https://github.com/Info
Lab-SKKU/mpms-mri-progression. git

1. Introduction

memory loss, ultimately resulting in full dementia [1]. To date, no
treatment has demonstrated efficacy in reversing or preventing neuro-

Alzheimer’s disease (AD) is a highly challenging neurodegenerative degeneration, underscoring the critical importance of early diagnosis in
disease characterized by progressive cognitive decline and irreversible delaying cognitive decline [2]. With its complex etiology, cognitive
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impairment, and memory deterioration, AD has emerged as a significant
global health concern [3]. The number of diagnosed AD patients
worldwide exceeds 40 million, and this figure is projected to reach 132
million within the next three decades [4]. Mild Cognitive Impairment
(MCI) represents a transitional stage between normal aging and the
onset of AD, where a diagnosis of dementia based solely on cognitive
impairment is insufficient [5]. Notably, approximately 10~12 % of in-
dividuals with normal cognitive function will progress to MCI annually,
and within three years, around 44 % of MCI patients will transition to
AD [6]. AD follows a long and slow process, ending in a dementia
diagnosis at a late stage, which increases frustration for the patients,
families, and healthcare professionals, negatively affecting quality of life
and causing major financial costs [7]. Even a minor delay in imple-
menting AD treatment strategies can contribute to a decrease in de-
mentia prevalence and alleviate the socioeconomic impact by mitigating
self-management challenges faced by patients [8]. Considering that it
takes approximately 20~30 years for AD to manifest as dementia, pre-
ventive interventions targeting the earlier stages of the disease offer an
opportunity to identify individuals who can benefit the most [9].

Neuroimaging plays a crucial role in AD diagnosis, with structural
magnetic resonance imaging (sMRI) being widely used to classify AD
patients and identify distinct disease stages based on corresponding
pathological changes [10]. MRI represents a significant milestone in
neuroimaging, offering exceptional soft tissue contrast and the ability to
depict dynamic physiological changes through 3D tomographic visual-
ization. It is a non-invasive and highly effective tool for analyzing and
diagnosing structural brain alterations, making it invaluable for AD
diagnosis. In recent years, deep learning (DL) computational models,
particularly convolutional neural networks (CNNs), have emerged as
influential architectures in AD classification compared to other existing
approaches [11,12]. Previous CNN-based AD diagnosis methods have
primarily relied on features extracted from a single-plane, such as the
coronal plane [13]. However, leveraging multi-plane feature fusion may
enhance diagnostic accuracy, as cortical atrophies exhibit distinct
characteristics across different imaging planes. CNN models employed
in neuroimaging studies can be categorized into 2D slice-level, 3D
subject-level, 3D patch-level, and region-of-interest imaging [14].
Slice-based methods entail selecting standardized slices from original
MRI images and training models on these selected slices. This approach
simplifies the model training process by employing 2D image classifi-
cation models directly for transfer learning purposes [15]. Researchers
have proposed numerous slice-based methods for AD diagnosis. For
instance, Wang et al. [16] introduced a single-slice approach that ach-
ieved higher accuracy than existing systems by incorporating an
improved biogeography-based optimization method, a multilayer per-
ceptron, and wavelet entropy. In another study, Leon et al. [17] inves-
tigated the application of supervised switching autoencoders (SSA)
using a single 2D slice of sMRI for AD classification. They utilized local
patch-based methods to identify disease regions and fused neuro-
degeneration patterns with disease information. Furthermore, ensemble
learning techniques have been employed to integrate multiple CNNs or
MRI slices, improving stability and classification accuracy. In one such
approach, Kang et al. [18] proposed a CNN system that combined eleven
2D slice-level models from three CNNs using ensemble learning,
achieving an 81.3 % classification accuracy in distinguishing between
cognitively normal individuals and AD patients. Moreover, Shmulev
et al. [19] developed a 3D-ResNet model for classifying MCI subjects
with a 62 % accuracy in differentiating between MCI converters and
non-converters. Additionally, Aderghal et al. [20] incorporated
multi-plane data from anatomical planes (axial, sagittal, and coronal)
obtained from diffusion tensor imaging and MRI as inputs. By employing
a LeNet-like CNN pretrained on the MNIST dataset, they achieved
classification accuracies of 86.83 %, 71.75 %, and 69.85 % for AD vs.
CN, AD vs. MCI, and MCI vs. CN, respectively.

Longitudinal analysis utilizing MRI has demonstrated exceptional
results in the early detection of neurodegenerative diseases, offering the
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potential to monitor disease progression in AD patients [21]. Re-
searchers have explored various techniques for longitudinal MRI pre-
diction. For instance, Song et al. [22] proposed a GAN-based method
that leverages complete information from longitudinal MRI to predict
missing data in AD-affected brain scans. Similarly, Pathan et al. [23]
presented a predictive regression model based on Large Deformation
Diffeomorphic Metric Mapping for longitudinal images with missing
data. Their methodology focuses on capturing linear changes within the
image sequence. Longitudinal data plays a crucial role in enabling re-
searchers to quantify the duration of various occurrences, capture
temporal information, and facilitate the measurement of changes within
a sample over time. While longitudinal data analysis has received rela-
tively less attention, the integration of neuroimaging with longitudinal
data analysis holds significant promise for the early detection of AD
[24]. A study conducted by Juan et al. [25] demonstrated that
employing both short-term and long-term longitudinal analysis spans a
period exceeding three years. The authors concluded that, particularly
in the context of long-term longitudinal data analysis, a substantial
research gap exists in the field of computer-aided diagnosis of AD. In
another study, Mofrad et al. [26] employed a method that utilized
measurements of lateral and hippocampal ventricle volumes derived
from longitudinal brain MRI data obtained from the AIBL and ADNI
databases. By analyzing these measurements over a 15-year timespan,
the authors examined the differences and changes observed. Similarly,
Hojjati et al. [27] adopted a feed-forward multilayer perceptron
approach, employing longitudinal neuroimaging data obtained from
PET and sMRI. Through quantitative analysis, the authors examined the
progression of AD. The study used both single and multimodal ap-
proaches, revealing significant associations between neuropsychological
scores, PET, and sMRI in the detection of severe AD compared to normal
aging. While longitudinal MRI data offer advantages for detecting AD
progression, such as capturing disease dynamics over time, its limited
sample size can be overcome by employing ensemble models, which
combine multiple models to improve generalization, reduce overfitting,
and enhance the accuracy and robustness of predictions.

Ensemble learning (EL) techniques play a pivotal role in enhancing
predictive performance by combining multiple weak models into a sin-
gle robust model using strategies such as bagging, stacking, and boost-
ing. By aggregating outputs and reducing individual model errors, the
EL model demonstrates superior robustness and consistently achieves
higher accuracy compared to standalone models [28]. In the field of AD
classification, EL has been widely adopted to improve diagnostic accu-
racy. Khan et al. [29] proposed an EL model that integrates a Decision
Tree, extreme gradient boosting (XGBoost), and a polynomial
kernel-based support vector machine (SVM). Through cross-validation
and comparative analysis with other ML models, their approach ach-
ieved an AUC of 95.75 %, outperforming many existing methods.
Similarly, Liu et al. [30] introduced a multi-level classifier approach that
employs a hierarchical framework to incorporate brain features
extracted from MRI scans at different levels. By leveraging imaging
parameters from multiple scans, their method achieved an accuracy of
92 %. Building upon these advancements, ML researchers have
increasingly explored the integration of EL with DL methodologies for
AD diagnosis using MRI data. Several DL based techniques have been
developed specifically for medical image analysis and automated feature
extraction, enabling improved disease detection, classification, and
progression modeling [31,32]. These approaches have been particularly
applied to AD-related MRI datasets to extract meaningful diagnostic
biomarkers. Hedayati et al. [33] proposed a pretrained autoencoder for
feature extraction within an ensemble framework where deep features
are first extracted from 3D MRI scans, and CNNs are subsequently
employed for AD classification, capturing both spatial structures and
temporal variations. Extending this concept, Battineni et al. [34]
introduced a hybrid EL framework by merging four distinct classifiers i.
e., k-nearest neighbors (kNN), SVM, neural networks, and Naive Bayes
to enhance predictive accuracy. All these studies demonstrate that the
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EL approach significantly enhances AD diagnosis performance when
applied to MRI-based classification models. By integrating EL frame-
works or multiple CNN architectures, researchers have consistently
achieved higher accuracy, improved feature extraction, and better pre-
dictive modeling for AD progression. These findings underscore the
increasing significance of ensemble-based DL approaches in medical
imaging and the detection of neurodegenerative diseases.

However, limitations of the existing AD progression detection ap-
proaches are that they either process a single representative slice from
the entire 3D MRI volume or analyze multiple slices, but only from a
single anatomical plane. This simplified approach neglects the rich
spatial and temporal information embedded within the 3D MRI volumes,
which is crucial for accurately modeling disease progression. Further-
more, most studies employ a binary or ternary classification framework,
categorizing patients as CN vs. AD or CN vs. MCI vs. AD, while
neglecting the nuanced pathological changes that occur over time. To
address these challenges, this study processes longitudinal 3D MRI scans
at four time points: baseline (BL), month 6 (M06), month 12 (M12), and
month 18 (M18) for each patient, enabling a more comprehensive
analysis of AD progression. The main aim is to capture a fine-grained
temporal context of AD’s progression. The number of four longitudinal
time steps were chosen based on the high volume of available patient
data in the ADNI and NACC datasets and their ability to reflect short to
mid-term morphological changes in key brain regions. Existing studies
have shown that adding sequential MRI data over approximately a
three-year timespan substantially improves the predictive performance
of an ML model, particularly for conversion and disease progression
tasks [35,36]. For instance, incorporating MRI history into predictive
models yields the largest performance gains around the third annual
visit, after which returns diminish [37]. Moreover, anatomical changes
measured across intervals of 6~24 months reliably capture brain atro-
phy and progression signals [38].

We propose a novel AD progression detection model which is
comprised of a hybrid DL model that efficiently processes high-
dimensional MRI data while maintaining critical structural and tempo-
ral features necessary for accurate disease modeling. Our proposed
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approach starts with the selection of the most informative and medically
validated 2D slices from each anatomical plane (axial, sagittal, and
coronal) to ensure comprehensive coverage of critical brain regions
associated with AD. This process is performed across all longitudinal
time points to maintain spatial and temporal consistency. Next, the
corresponding slices from each time step are stacked sequentially,
forming structured 3D input volumes that effectively encode disease
progression patterns (as illustrated in Fig. 1). To extract spatiotemporal
representations, we employ an optimized 3D-CNN, which processes
structural 3D volumes independently for different anatomical planes.
The 3D-CNN captures fine-grained spatial features while preserving the
volumetric context, which is critical for distinguishing AD-related ab-
normalities. Following this, the extracted multi-plane feature maps are
integrated and processed using a bidirectional long short-term memory
(BiLSTM) network, which models the longitudinal dependencies in the
disease trajectory. BiLSTM allows the network to learn complex tem-
poral patterns across MRI time points, enhancing its ability to differ-
entiate between normal aging and pathological progression. To further
refine the extracted features, we introduce an enhanced residual multi-
headed self-attention (ERMHA) module, which dynamically reweighs
important features while suppressing redundant or less informative re-
gions. This mechanism enhances feature representation by emphasizing
disease-specific biomarkers, ensuring robust predictions.

We conducted a comprehensive set of experiments (as illustrated in
Fig. 5) to evaluate the effectiveness of integrating multiple MRI planes in
a longitudinal manner for disease identification. Additionally, we
examined how the diagnostic capabilities of the proposed framework
improved with increasing architectural complexity by incorporating
enhanced feature extraction and processing mechanisms. To further
validate clinical viability and trustworthiness, we thoroughly evaluate
the proposed framework through two complementary analyses. First, we
assess the model’s generalizability through external validation on an
out-of-distribution dataset (i.e., the NACC cohort), evaluating its cross-
dataset robustness under domain shift conditions. Second, we generate
explainable attention maps for the proposed framework, demonstrating
that model predictions are guided by neuroanatomically plausible
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patterns associated with early-stage neurodegeneration in AD patients.
Together, these analyses reinforce the framework’s reliability and
highlight its potential for clinical translation in real-world healthcare
settings.

To summarize, the key contributions of this study are as follows:

e We propose a novel heterogeneous deep ensemble model that
uniquely integrates multi-plane spatial fusion, multi-timepoint tem-
poral modeling, and plane-specific architectural optimization for AD
progression detection. Unlike existing approaches that employ ho-
mogeneous ensembles or single-timepoint analysis, our framework
combines three key innovations: (1) a spatially-guided slice sampling
strategy across four longitudinal time points, (2) an Enhanced Re-
sidual Multi-Head Self-Attention (ERMHA) mechanism tailored for
medical imaging, and (3) a heterogeneous ensemble that assigns
optimal 3D-CNN architectures to each anatomical plane. This unified
combination achieves state-of-the-art performance and significantly
outperforms existing models in literature.

We investigate the impact of incorporating multi-slice and multi-
plane fusion (i.e., axial, coronal, and sagittal) in longitudinal 3D
MRI for detecting the progression of AD. By leveraging multiple
spatial perspectives of the MRI, we ensure a more comprehensive
representation of structural brain changes associated with AD.

We propose a novel 3D volumetric representation of the 2D MRI
slices from the longitudinal 3D MRI at four critical time points (BL,
MO06, M12, and M18). This specialized 3D volume is created by
concatenating spatially aligned slices from each MRI plane at
different time points, effectively targeting vulnerable brain regions
such as the hippocampus, amygdala, and their subregions, which are
significantly impacted during AD progression.

e We empirically evaluated five prominent 3D-CNNs as feature ex-
tractors to model high-level spatiotemporal dependencies from the
proposed 3D volumetric representation. These models leverage 3D
convolutional kernels to learn hierarchical feature representations,
capturing intricate disease-related structural and temporal changes.
Furthermore, the extracted deep features are refined and processed
using BiLSTM, to model the sequential progression patterns of AD
with greater temporal fidelity.

We enhance the architectural complexity of the proposed AD pro-
gression detection framework by integrating an ERMHA module into
the BiLSTM network. This modification selectively emphasizes
salient temporal features, improving the model’s ability to capture
long-range dependencies and subtle disease progression patterns
with greater interpretability.

We explore homogeneous and heterogeneous ensemble learning
strategies to further improve model robustness. The homogeneous
ensemble involves aggregating multiple instances of the same 3D-
CNN model, while the heterogeneous ensemble combines diverse
3D-CNN architectures to capture complementary feature represen-
tations. Additionally, we integrate ERMHA into the LSTM-based
sequence learning framework to weigh critical spatiotemporal fea-
tures, optimizing AD progression detection across multiple
viewpoints.

We conduct a comprehensive experimental evaluation of the pro-
posed framework on the ADNI dataset and report state-of-the-art
performance with mAcc of 93.73 %, mSen of 91.72 %, mSpe of
90.36 %, and mAUC of 91.58 %. These results demonstrate that
proposed heterogeneous deep ensemble network with increased
longitudinal time steps in patient’s data substantially outperforms
other models including single-plane models (mAUC: 68.24 %) and
homogeneous deep ensemble approaches (mAUC: 82.75 %).

We further validate the clinical aspect of the proposed framework
using two complementary analyses: (1) external validation on the
independent NACC cohort, and (2) model explainability using
gradient-weighted class activation mapping. External validation
demonstrates robust cross-dataset generalizability, achieving mAUC
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of 86.37 % on NACC data despite its inherent domain shift chal-
lenges. Furthermore, explainability analysis using M3d-CAM reveals
that model predictions are driven by neuroanatomically plausible
patterns, including hippocampal and entorhinal cortex atrophy in
progressive MCI patients, as well as atrophy in the posterior cingu-
late and temporo-parietal regions in AD patients. These findings
align with established models of neuropathological progression and
further support the clinical trustworthiness of our proposed
approach.

The remainder of this paper is organized as follows. Section 2 details
the materials and methods, including dataset characteristics, pre-
processing steps, and the architectural components of the proposed
heterogeneous deep ensemble framework. Section 3 presents compre-
hensive experimental results. Section 4 establishes clinical viability
through external validation on the NACC cohort and explainability
analysis via attention visualization. Section 5 compares proposed
approach with state-of-the-art methods. Section 6 analyzes computa-
tional complexity and deployment considerations. Section 7 discusses
limitations and future directions, and Section 8 concludes the paper.

2. Materials and methods

The proposed study is conducted using longitudinal MRI data span-
ning four timesteps. First, a 3D volume was created from each MRI plane
by stacking the most crucial MRI slices from the longitudinal time steps.
Next, a comprehensive set of experiments was conducted to evaluate
various DL based 3D models using the newly created 3D volumes.
Finally, we analyzed the effectiveness of individual MRI planes and the
fusion of multiple planes, incorporating increasing architectural
complexity, to assess their impact on AD progression detection. Fig. 1
illustrates the workflow of the proposed AD progression detection
framework.

2.1. Dataset

Data used in the preparation of this study were obtained from the
ADNI [39]. ADNI was launched in 2003 as a public-private partnership.
The primary goal of ADNI has been to test whether different neuro-
imaging modalities, biological and clinical biomarkers, can be combined
to measure the progression of AD. In this study, we employed 2248 (562
% 4) MRI volumes collected at four longitudinal time points (BL, M06,
M12, and M18). Our model predicts changes in patients’ health status
after 2.5 years, based on the final assessment visit, which occurred in
month 48 (M48). Table 1 summarizes the demographic characteristics of
the participants, including age, gender, years of education, hippocam-
pus and mini-mental state examination scores (MMSE). Moreover, Fig. 2
illustrates cognitive state transitions of a subject across longitudinal time
steps used in our predictive framework. The diagram visualizes the
progression of subjects from BL to M18, and their predicted cognitive
status at M48.

2.1.1. Image pre-processing
The dataset used in this study consists of 3T T1-weighted anatomical
sequences. These sequences were acquired using the volumetric 3D

Table 1
Demographic features of the available subjects.

Feature Normal subjects Converted to AD
Available subjects 282 280

Age 72.70+05.80 74.504+04.02
Gender 0.41+00.50 0.49+00.51
Education 16.58+02.53 15.77+02.81
Hippocampus 11.70 & 29.18 93.82 £ 61.60
MMSE 04.13 £ 05.87 03.63 £+ 02.48
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Fig. 2. Illustration of cognitive state transitions across longitudinal time steps
used in our predictive framework. The diagram visualizes the progression of
subjects from BL to M18, and their predicted cognitive status at M48.

MPRAGE protocol. The voxel size of the acquired images was1 x 1 x 1
mm, indicating a high-resolution acquisition. From the total of 562
longitudinal volumes, 282 participants were initially classified as
cognitively normal across all four time points, while 280 subjects were
cognitively normal during the initial visits but later developed AD three
years after their last visit at M18 (at M48). All MRI volumes underwent
several preprocessing steps. First, each MRI volume was visually
inspected and adjusted for left and right orientation according to the
anatomical coordinate system. This step ensured that the subsequent
analyses were conducted with accurate anatomical alignment. Next, the
N4 bias field correction algorithm from the advanced normalization
tools (ANT) was employed to correct for inhomogeneities within each
MRI volume. This algorithm effectively compensated for intensity var-
iations caused by magnetic field inhomogeneities, resulting in more
accurate and reliable image data. Following the bias field correction, the
brain extraction tool (BET2) from the FSL software package was utilized
for skull stripping. This process effectively removed non-brain tissues
and preserved the brain structures of interest in the MRI volumes.

Finally, to enable meaningful comparisons across subjects and
studies, all slices of the MRI volumes were registered onto the Montreal
Neurological Institute (MNI) 152 template. We employed a rigid/affine
registration approach using linear image registration tool (FLIRT) from
the FSL tool, executed via the command line. The registration was
configured with 12 degrees of freedom, allowing for translation, rota-
tion, scaling, and skew transformations to account for inter-subject
spatial variability. To improve intensity-based alignment, we used 256
histogram bins for robust histogram matching between the source MRI
and the MNI152 template. Voxel intensities were interpolated using
spline interpolation, which minimizes interpolation artifacts while
preserving fine anatomical detail. For the similarity metric, we selected
the correlation ratio cost function, which is effective for multimodal and
intramodal registration by maximizing the statistical dependency be-
tween corresponding voxel intensities. This combination of settings
ensured precise anatomical alignment while maintaining the fidelity of
structural features essential for downstream voxel-wise analyses. By
transforming the MRI data into the MNI-152 template space, it becomes
possible to align and compare brain structures across different in-
dividuals and studies. Through these preprocessing steps, the MRI data
was prepared for subsequent analyses, ensuring accurate anatomical
alignment, intensity correction, removal of non-brain tissues, and
alignment to a common reference space.

2.1.2. 2D-slice selection from the 3D-MRI

We conducted a comprehensive analysis of AD’s progression detec-
tion by sampling the most crucial 2D slices from each step of the lon-
gitudinal T1-weighted MRI. The sampling process involved selecting
multiple 2D middle slices from each volumetric scan across all three
anatomical planes: axial, coronal, and sagittal at each longitudinal time
step (BL, M06, M12, and M18). The ADNI T1-weighted MPRAGE vol-
umes were originally acquired with voxel sizes of 1.0 ~ 1.2 mm isotropic
resolution (with minor variations up to 1.5 mm in some protocols across
ADNI phases but standardized to ~1 mm? for consistency in volumetric
analysis). We selected 16 middle slices (+8 around the mid slice) at 3.0
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mm intervals as a balanced trade-off between anatomical coverage and
computational efficiency. While the native isotropic resolution allows
for finer sampling, the 3.0 mm spacing provides sufficient separation to
reduce redundancy between highly correlated adjacent slices (e.g.,
consecutive 1 mm slices often exhibit >95 % similarity in structural
features due to the smooth nature of brain anatomy), while maintaining
consistent coverage of AD-relevant regions, such as the hippocampus,
medial temporal lobe, and adjacent cortical structures, key areas where
atrophy and volumetric changes occur on a scale of several millimeters.
This approach minimizes potential loss of structural information by
focusing on spatially diverse yet representative slices, as subsampling at
this interval has been shown to preserve diagnostic utility in DL based
models for AD without introducing significant information gaps,
particularly since finer details below 3 mm (e.g., microvascular changes)
are not primary indicators for progression detection in standard T1-
weighted imaging.

Furthermore, the proposed slice selection strategy was further sup-
ported by a prior study conducted by Silva et al. [40], emphasizing the
relevance of selecting at 3.0 mm intervals and the corresponding brain
regions they cover in the context of early progression detection in AD
patients. In contrast, using the entire 3D MRI volume, while feasible in
principle, substantially increases the computational demands (e.g.,
processing hundreds of slices per volume per time step across multiple
planes would require an ensemble of 3D CNNs processing, leading to
exponentially higher memory usage often exceeding 24~64 GB GPU
VRAM for batch sizes > 4 and training times up to 10x longer due to the
cubic scaling of 3D operations, without achieving any proportional
benefits in the diagnostic accuracy, as full-volume approaches often
suffer from overfitting to noise or irrelevant peripheral brain regions.
Our multi-plane slice-based approach, in contrast, enables efficient 3D
CNN processing (e.g., via channel concatenation), which is a common
and validated technique in medical imaging DL to approximate full 3D
context with reduced complexity. In addition, in a supplementary
evaluation, we found that increasing the number of slices beyond 16 at
each time step or decreasing the slice spacing to less than 3.0 mm (e.g.,
to 1.0 mm) resulted in only marginal gains (e.g., < 2 % gain in the mAUC
score across validation sets, with no statistically significant difference in
sensitivity/specificity for early-stage progression), while leading to a
substantial increase in computational and memory requirements (e.g.,
3~5 x higher GPU memory and training time due to increased input
dimensions and parameter counts). Therefore, the adopted configura-
tion represented a well-structured and anatomically informed decision,
optimized for both performance and feasibility, making it a precise
sampling approach in the sense of efficiently targeting diverse, clinically
relevant anatomical features without redundant or low-value data.

The extracted slices corresponding to each plane and longitudinal
time step were concatenated along the channel dimension in chrono-
logical order (BL, M06, M12, and M18). This process yielded a new 3D
volume with dimensions 110 x 110 x 64. Fig. 3 demonstrates how
selective slices from each anatomical plane are extracted and integrated
to create a comprehensive representation of disease progression over
time. Each volume incorporates temporal information by aligning the
most crucial slices from each time point, thus preserving the spatio-
temporal context critical for detecting progressive disease patterns.
These volumes were further processed using an optimized 3D-CNN
model tailored for each anatomical plane. The 3D-CNN employed 3D
convolutional kernels to extract hierarchical features that encompassed
both spatial (%, y) and temporal (z) dimensions. This approach leveraged
the depth of the model to capture complex patterns indicative of disease
progression.

Following the feature extraction step, the outputs from the 3D CNN
models were further processed through time series models. Specifically,
we evaluated the performance of LSTM integrated with an ERMHA
module. This combination was chosen for its ability to capture temporal
dependencies and dynamic changes across the longitudinal time steps.
The multi-headed self-attention enabled the model to focus on different
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Fig. 3. A visual representation of the steps taken for generating a unified 3D volume using selective slices from the longitudinal MRI at multiple time steps.

parts of the input sequence, thereby enhancing its ability to detect
subtle, progressive patterns in the data. It is important to note that the
choice of extracting 16 slices from each longitudinal time step was
empirically determined to be optimal. Increasing the slice count to 32 or
64 per MRI plane was found to significantly elevate computational de-
mands and the risk of overfitting the model, thereby compromising the
generalizability of the model. This balance ensured efficient computa-
tion while maintaining model robustness. To validate the efficacy of the
proposed AD progression detection framework, a comprehensive set of
experiments was conducted. These experiments assessed the frame-
work’s ability to distinguish between different stages of AD progression
using the prepared dataset. Detailed results and a thorough discussion of
these findings are presented in Section 3 “Results and Discussion",
where insights on model performance are provided.

2.2. Deep feature learning via an ensemble of 3D convolution neural
networks

As part of the proposed framework, we evaluated an ensemble of 3D-
CNN architectures for deep feature extraction from 3D MRI volumes.
Each model possesses a unique architectural design, varying in depth,
convolutional kernel size, and feature aggregation mechanisms, which
influence its ability to learn and represent complex medical imaging
patterns. The 3D-CNN models integrated into our framework include
3D-VGG, 3D-ResNet, 3D-DenseNet, 3D-InceptionNet, and 3D-Efficient-
Net, each offering distinct advantages in terms of feature abstraction,
computational efficiency, and representational capacity. For instance,
3D-VGG is a straightforward and deep architecture that employs stacked
convolutional layers with small (3 x 3 x 3) kernels, enabling hierar-
chical feature extraction. Despite its simplicity, it serves as a strong
baseline model, effectively capturing local spatial features while main-
taining computational efficiency. 3D-ResNet incorporates residual con-
nections, which help mitigate the vanishing gradient problem in deeper
networks. This enables efficient gradient flow and improves training
stability, making it well-suited for capturing intricate anatomical pat-
terns across multiple MRI slices while preserving essential low-level and
high-level spatial features. 3D-DenseNet utilizes dense connections
where each layer is directly connected to all subsequent layers, pro-
moting feature reuse and reducing redundant computations. This en-
hances gradient propagation, encourages efficient learning of
discriminative spatial features, and improves model generalization. 3D-
InceptionNet features multi-scale convolutional filters within the
Inception module, allowing the network to learn both fine and coarse-
grained spatial features simultaneously. This architecture is particu-
larly effective in capturing complex anatomical structures by processing
spatial variations at multiple scales. Finally, 3D-EfficientNet employs
compound scaling to optimize network depth, width, and resolution,
achieving a balance between model complexity and computational ef-
ficiency. By leveraging depth-wise separable convolutions and squeeze-
and-excitation modules, it enhances feature extraction while reducing
computational overhead, making it a powerful yet efficient choice for
volumetric medical imaging tasks.

Notably, heterogeneous deep EL approaches combine multiple
diverse CNN models into a single model, offering significant advantages
over relying on a single model. By harnessing the complementary
strengths of different networks, heterogeneous EL models typically
achieve superior generalization (as demonstrated in Section 3.6) and

robustness, reduce variance (as shown in Exp. 7), and compensate for
individual model weaknesses (by comparing Exp. 1 and Exp. 5).
Theoretical and empirical studies have consistently shown that EL
models improve predictive performance compared to individual models
[41]. Furthermore, in neuroimaging tasks, including AD detection, deep
EL frameworks have shown significantly improved performance than
their component deep models [42]. In one study, an EL model has
achieved 4 % higher classification accuracy compared to standard
stacking or single-model baselines [43]. In another study, a dual-level
ensemble combining vision transformer (ViT) based feature extraction
and classifier-level fusion significantly outperformed prior
state-of-the-art methods in brain tumor MRI classification tasks [44]. In
contrast, non-ensemble models, though simpler to design, often suffer
from higher variance (as shown in Exp. 1), overfitting, and limited
generalization, especially in complex domains such as medical imaging.
They lack the complementary benefits inherent in ensemble approaches,
which are particularly vital for capturing subtle anatomical variations in
MRI data [41].

2.3. Temporal features learning via BiLSTM

Bidirectional LSTM (BiLSTM) is an extension of the simple LSTM
architecture that introduces an additional layer of complexity by pro-
cessing the input sequence in both forward and backward directions.
This architecture enables the BiLSTM to capture information from both
past and future contexts, thereby enhancing its contextual understand-
ing, particularly in tasks involving different classes of cognitively
impaired individuals. The LSTM unit consists of input, hidden, forget,
and output gates, along with a cell state. The computations of the for-
ward LSTM unit can be expressed as follows:

@, = o(Kpx+ Vihor+ )
v, = o(Kxe+ Vihea + B)
o = o(Koxe+ Voher + B,)
Y, = tanh(K.x, + Vohe o+ B.)
ss= @ s+ wrY,

z, = w,*tanh(s,)

In these equations, @, represents the forget gate output, y, represents
the input gate output, , represents the output gate output, Y, represents
the candidate cell state output, s, represents the cell state output, and z,
represents the hidden state output. The ¢ denotes the sigmoid activation
function, and tanh denotes the hyperbolic tangent activation function. x,
is the input at time step t, h,_; is the previous hidden state, and s, ; is the
previous cell state. K¢, K;, K,, K., Vy, V;, V,,, V. are weight matrices, and
Bss Bis Pos B are bias vectors.

Similar computations are performed for the LSTM unit in a backward
direction. The overall output of the hidden state in the backward di-
rection can be denoted as:

htbackwmd = fbﬂCkWﬂ'd(Xb he+packward: LSTMpacieward)

Here, fyackwara Tepresents the computations performed by the LSTM unit
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in the backward direction, taking into account the input x;, the subse-
quent hidden state h; + 1pgckward, and the LSTMpackwarq label. We initially
combine the feature vectors from both forward and backward LSTM
layers and process it via a multilayer perceptron to classify the output
into CN vs. progressed to AD classes.

As part of the proposed AD progression detection framework, we
iteratively optimized the hyperparameters of the BiLSTM subnetwork
using the Grid Search approach [45]. The following is the list of opti-
mized hyperparameters (a) Number of LSTM layers: Defines the number
of LSTM layers (b) Number of LSTM cells: Defines the number of
memory units in each LSTM layer. (c) Dropout rate: Determines the
fraction of hidden units randomly deactivated during training to prevent
overfitting. The initial value was set at 0.1. (d) Regularization: Helps
control model complexity and reduce overfitting. In this study, L1 reg-
ularization was chosen as the initial method. The final optimized set of
hyperparameters consisted of two Bidirectional LSTM (BiLSTM) layers,
with the first layer containing 128 LSTM units and the second layer
containing 64 LSTM units. Each BiLSTM layer utilized a dropout rate of
0.1 to mitigate overfitting by randomly deactivating a fraction of neu-
rons during training. To enforce sparsity and improve generalization, L1
regularization (Lasso) was applied to the recurrent weight matrices,
with values set to 0.01 for the first BILSTM layer and 0.03 for the second
layer. These values were selected to balance model complexity and
performance, ensuring robust feature extraction while preventing
overfitting.

2.4. Temporal features modeling via enhanced residual multi-head self
attention

A crucial aspect of human perception is its selective nature when
processing external stimuli. Rather than processing all inputs simulta-
neously, humans tend to prioritize and focus on the most essential parts
to extract the desired information. Similarly, in the diagnostic process of
disease progression using MRI data, the significance of different MRI
planes is crucial. While some information may be redundant, other de-
tails can be critical for an accurate diagnosis. Therefore, in disease
prediction based on patients’ medical data, it becomes necessary to
prioritize key features and discard redundant ones. This enables the
model to leverage effective information from various MRI planes to
build an efficient predictive model and inform decision-making pro-
cesses. The ERMHA proposed in this study is inspired by the BERT
encoder [46], where the bidirectional self-attention structure of the
transformer encoder has demonstrated superior performance over uni-
directional self-attention in capturing long sequential patterns.

In ERMHA, we adopted the standard scaled dot-product attention
mechanism to compute multi-head attention. However, we also pro-
posed four key architectural modifications to this mechanism to better
suit biomedical imaging tasks such as processing 3D MRI for disease
progression analysis. These changes are specifically designed to improve
computational efficiency, reduce parameter overhead, and enhance the
model’s ability to capture global anatomical relationships across spatial
slices as well as longitudinal time points. First, we removed the masking
matrix operation that is traditionally used in Transformers for control-
ling attention flow (e.g., enforcing causality in language models). Since
our task involves analyzing spatial and temporal contexts where such
masking is unnecessary, this removal enables unrestricted bidirectional
attention across all positions which are critical for capturing compre-
hensive inter-slice dependencies in volumetric medical scans. Second,
we removed the Feed-Forward Network (FFN) component, which typi-
cally follows each attention block. While FFNs enhance non-linear
representational power, they also significantly increase computational
cost and parameter count. In our case, empirical observations showed
that the self-attention mechanism alone is sufficient to model the rich
spatial correlations in medical images. Removing the FFN resulted in a
lightweight yet expressive module that prioritizes global context
modeling over complex feature transformation. Third, we introduced a
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direct residual connection immediately after the attention computation,
preserving the original input features and reinforcing them with
attention-enhanced representations. This residual pathway helped
mitigate vanishing gradient issues in deeper architectures and improved
convergence, particularly important when training on high-dimensional
imaging data. Fourth, we applied a single Layer Normalization after the
residual connection, instead of the dual normalization layers (before
attention and after FFN) used in the standard Transformer architecture.
This simplification reduced computational overhead while maintaining
training stability, which is especially beneficial when processing high-
resolution 3D medical volumes that demand large memory footprints.
Together, all these modifications defined the ERMHA module, which is a
streamlined, yet powerful variant of multi-head self-attention tailored
for medical imaging tasks. By focusing on unrestricted global attention
and minimizing architectural complexity, ERMHA enables efficient and
effective modeling of long-range dependencies across slices or time
points in volumetric data, making it well-suited for applications such as
AD progression detection.

The steps can be mathematically represented as follows:

Deep features extracted by 3D-CNN representing both spatial and
inter-slice features for each plane are denoted by a sequence of X = [x7,
X2,...,Xn|, where x;j represents the i" element of the sequence and n is the
length of the sequence. The BiLSTM processes this sequence in both
forward and backward directions, producing two sets of hidden states:

H; = |RY, h%, ...,hﬁ] and H, = [h“’7h2b7 hﬁ] Here, hf and h} repre-
sent the forward and backward hidden states at position i, respectively.

The output of hf and AP is concatenated and processed through
multiheaded self-attention.

AttenOutput = MultiHead(Q, K, V) + AttenInput

The AttenOutput is concatenated hidden state from both directions,
and the operation helps mitigate information degradation during the
processing. Following this, a Layer Normalization operation is applied:

NormOutput = LayerNorm(AttenOutput)

The final attention vector A = [a',d?, ..., a,] captures the importance
of different hidden states based on their relationships with other states,
while also applying the significance of residual connections and layer
normalization. Fig. 4 illustrates the architectural design of the proposed
ERMHA module.

The output features from the BiLSTM layers are further processed
through the ERMHA module. The ERMHA enables the model to attend to
multiple aspects of the input features simultaneously, allowing for richer
feature extraction. In addition, the residual connections further mitigate
the risk of vanishing gradients and facilitate stable gradient flow,
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ensuring better convergence during training. In the proposed AD pro-
gression detection framework, we stacked two consecutive ERMHA
layers. The first ERMHA layer enhances the feature embeddings by
emphasizing critical dependencies, while the second ERMHA layer
further refines and stabilizes these representations, ensuring that both
local and global contextual dependencies are well-preserved. The output
of the second ERMHA layer is passed through a dense neural network
with 128 units, followed by an output layer of two neurons each pro-
ducing a probability score corresponding to the likelihood of a given
input belonging to either the CN class or the AD progression class.

2.5. Gradient-based attention map analysis

Deep learning models have demonstrated remarkable performance
in medical image analysis, their "black-box" nature poses significant
challenges for clinical adoption [47]. In healthcare applications,
particularly for high-stakes decisions such as neurodegenerative disease
diagnosis, clinicians require transparent, interpretable explanations that
align with established medical knowledge. Explainable XAI addresses
this critical gap by providing insights into which features, patterns, or
regions of input data most strongly influence model predictions [48,49].
Several XAl techniques exist in literature for DNN models. For instance,
gradient-based methods, including Grad-CAM [50] generate visual ex-
planations by computing gradients of the target class with respect to
feature maps in convolutional layers, producing spatial attention maps
that highlight discriminative regions. Perturbation-based approaches,
including LIME [49] and SHAP [48], explain predictions by systemati-
cally perturbing input features and measuring impact on model output.
However, these methods face significant limitations when applied to
complex ensemble architectures. LIME and SHAP become computa-
tionally prohibitive for high-dimensional 3D medical imaging data,
particularly when processing multiple longitudinal time points across
multiple anatomical views. Moreover, heterogeneous deep ensemble
models with non-shared weights across different CNN architectures lack
the architectural uniformity required for direct gradient-based or
perturbation-based explanation methods.

To address these challenges while maintaining interpretability, we
adopted a view-decomposition strategy combined with gradient-
weighted class activation mapping. Rather than attempting to explain
the full heterogeneous ensemble as a single entity, we generated ex-
planations from simplified view-specific models that preserve the core
feature extraction mechanisms. This approach is justified by two key
observations: (1) the final ensemble prediction is constructed from view-
specific feature representations, making individual view analysis clini-
cally meaningful, and (2) each anatomical view provides complemen-
tary diagnostic information that can be interpreted independently by
radiologists. For attention map generation, we employed M3d-CAM
[51], which extends Grad-CAM to 3D volumetric medical data.
M3d-CAM computes the gradient of the predicted class score with
respect to the feature maps of the final convolutional layer, weighted by
global average pooling to produce a coarse localization map high-
lighting important regions. Mathematically, for a given class ¢ and
feature map A at spatial location (i, j, k), the attention map L is computed
as:

L = ReLU(Zw; AT k)
n

Wherew?, = 1 37, i k(ﬁ;fT represents the importance weight of feature

map n for class ¢ and Z is the total number of spatial locations. The ReLU
activation ensures that only features with positive influence on the
target class are visualized. Attention maps were generated for each view-
specific model using the validation set subjects representing three
diagnostic categories i.e., CN, Progressed to AD, and AD. For each
category, we selected representative cases based on (1) highest activa-
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tion magnitude, and (2) anatomical coverage of known AD-vulnerable
regions including hippocampus, entorhinal cortex, posterior cingulate
cortex, and precuneus [52,53]. Attention values were initially normal-
ized to the range [0, 1] and overlaid on original MRI slices using a jet
colormap, where warmer colors (bluish/yellow) indicate stronger model
attention. This normalization enables quantitative comparison of
attention patterns across different subjects and diagnostic categories.

2.6. Model implementation

The experimental setup for this study is based on an NVIDIA TITAN
GTX GPU equipped with 12 GB of VRAM. The proposed framework was
developed using TensorFlow 2.0, a highly optimized ML framework for
parallel processing and tensor computations. Training was conducted in
an end-to-end manner, leveraging the Adam optimizer with an initial
learning rate of 1 x 1073, The training loss was computed using binary
cross-entropy loss. Each input MRI was initially resized to 110 x

110 spatial dimension with 64 channels as the depth dimension. The
input 3D MRI volume was then processed through the proposed
framework with a batch size of 8 vol in each iteration. To enhance
robustness and mitigate model bias, a 10-fold stratified cross-validation
technique was used in the training, ensuring that 70 % of the data was
allocated for model training while the remaining 30 % was reserved for
validation. The model was initially trained for 50 epochs with a learning
rate decay rate of 1 x 107> to gradually reduce the learning rate. After
each epoch, the learning rate was adjusted by a small factor based on the
decay rate. Once the minimum loss was calculated, the optimum
learning rate was subsequently adapted for retraining the entire model
for 150 epochs. To prevent excessive training that could lead to over-
fitting, an early stopping mechanism was integrated, which halted the
training process when no significant improvement is observed. For each
fold in the 10-fold cross-validation, various performance metrics were
calculated, including accuracy, sensitivity, specificity, and AUC. The
mean value for each metric was then reported. These evaluation metrics
provide a comprehensive understanding of the model’s performance,
especially in terms of balancing false positives and false negatives.
Finally, the mean value of each metric was computed across all folds,
providing insight into the model’s ability to generalize effectively.

2.7. Model evaluation

Evaluation metrics are essential for analyzing the effectiveness of a
DL model. These metrics are a numerical representation of measuring
performance, allowing for fair comparisons and informed decisions
when selecting models. To assess the performance and generalizability
of our proposed model, we calculated a list of evaluation metrics
including accuracy, sensitivity, specificity, and AUC. The definition of

Table 2
Evaluation metrics along with the respective mathematical formula.

Metric Description Formula

Accuracy Measures overall model performance by (TN + TP)
evaluating how often the classifier makes TP + TN + FR + FN
correct predictions. It is calculated as the ratio
of correctly classified instances to the total
number of instances.

Sensitivity ~ Also known as recall, it measures the (TN + TP)
proportion of actual positives that are TP +FN
correctly identified by the model.

Specificity ~ Also known as the true negative rate, it N

indicates how well the model identifies true TN + FP
negatives. It is calculated as the proportion of
true negatives out of all actual negatives.
AUC Area Under the ROC Curve, representing the
model’s ability to distinguish between classes.
A higher AUC indicates better classification

performance.
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each metric along with its mathematical formula is summarized in
Table 2.

3. Results and discussion

This study addresses the challenge of detecting AD progression by
leveraging the most crucial, medically validated 2D slices extracted from
3D longitudinal MRI scans. Our investigation demonstrates that
enhancing input data with greater architectural complexity significantly
improves the overall performance of ML models in AD progression
detection. Furthermore, we examine the impact of incorporating an
additional layer of complexity into the predictive framework, analyzing
how performance evolves as an extra processing layer is introduced. To
comprehensively evaluate both aspects of the proposed framework, we
conducted a series of diverse experiments. Fig. 5 illustrates the experi-
mental workflow for this study. In Exp. 1, we explored a range of 3D-
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CNN architectures to process spatiotemporal features extracted from
3D volumetric MRI data, assessing their capability in capturing struc-
tural and temporal patterns. Exp. 2 investigates the effect of integrating
information from multiple MRI planes to improve disease progression
detection. Exp. 3 increases the architectural complexity of the proposed
model by incorporating a BiLSTM network alongside the 3D-CNN
backbone. In Exp. 4, an ERMHA module was integrated into the
BiLSTM model. This addition emphasized the extraction of deep,
discriminative features, enabling the generation of a more refined
feature set that focuses on highly correlated attributes relevant to dis-
ease identification. Finally, Exp. 5 and Exp. 6 examined the effective-
ness of homogeneous and heterogeneous deep EL approaches in
enhancing disease identification performance.
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Fig. 5. Experimentation pipeline of the proposed study.
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3.1. Experiment 1: optimization of 3D-CNN using single plane of the
longitudinal 3D MRI

In Exp. 1, we investigate the effectiveness of MRI planes (i.e., axial,
coronal, and sagittal) in identifying diseased patterns in brain tissues
associated with AD. To achieve this, we first evaluate a comprehensive
set of 3D-CNN models, applying them to the 3D volumes derived from
the preprocessing step discussed in Section 2.1.1. These volumes are
made of 2D slices that contain the anatomical variations of the brain
tissues across the three MRI planes, ensuring a robust dataset for
comparative evaluation. Additionally, we examined the impact of inte-
grating longitudinal time steps into the training data, aiming to enhance
the detection of AD progression over time. This approach leverages
temporal patterns in brain morphology changes, providing the models
with richer contextual information about disease trajectory. By identi-
fying the optimal plane, we aimed to improve the spatial representa-
tional power of 3D-CNN models for subsequent analyses, ultimately
enhancing their performance in clinical prediction tasks. Moreover, we
placed particular emphasis on analyzing how the incorporation of
additional longitudinal time steps impacted model performance and
stability.

The results presented in Table 3 shows that the sagittal plane was the
most effective plane in highlighting brain regions affected by AD, with
3D-DenseNet achieving the highest Accuracy (i.e., mAcc=67.74+3.75,
mSen=68.12+3.93, mSpe=62.42+4.21, and mAUC=68.24+4.62) at
BL-M18. For the coronal plane, 3D-ResNet outperformed other models,
with an average performance of mAcc=63.42+4.51, mSen=62.33
+5.42, mSpe=>59.714+3.72, and mAUC=65.21+4.29, while the axial
plane yielded the best results with 3D-EfficientNet, reporting
mAcc=65.72+4.39, Sen=62.89+5.72, Spe=58.34+4.52, and
AUC=64.731+3.71. These results indicate that different planes offer
complementary insights, with the sagittal plane providing the most
critical spatial information for detecting AD progression. A notable
improvement in performance was observed across all models and planes
as longitudinal time steps were increased from BL to BL~M18, under-
scoring the importance of incorporating temporal data to capture dis-
ease progression. For instance, 3D-VGG on the axial plane showed an
accuracy increase from 50.18+5.34 at BL to 59.37+4.34 at BL~M18,
and 3D-InceptionNet on the sagittal plane improved from 49.144+2.15 at
BL to 57.124+2.72 at BL~M18. These results highlight that including
temporal data enables the models to capture inter and intra-slice fea-
tures more effectively, leading to enhanced classification accuracy and
robustness. Model stability, as reflected by reduced standard deviations
across metrics, also improved with the inclusion of longitudinal time
steps. For instance, 3D-EfficientNet on the axial plane reduced vari-
ability in mSpe from +6.43 at BL to +4.39 at BL~M18, demonstrating
increased reliability.

Fig. 6 illustrates the effectiveness of different MRI planes and the
impact of incorporating longitudinal data. For clarity and consistency,
we focused our discussion and comparison on the mAUC metric only,
this is because, all evaluation metrics are consistent for all models;
therefore, using mAUC is a representative indicator for the rest of the
evaluation metrics. The mAUC values for various models were analyzed
and compared using different data combinations: BL, BL~MO06,
BL~M12, and BL~M18. Among all the comparative models, 3D-Effi-
cientNet demonstrated the best mAUC scores when utilizing the axial
plane. Starting at BL, it achieved an mAUC score of 57 %, with further
improvements as the number of longitudinal time steps increased. The
model reported a 1 %, 6 %, and 7 % improvement with the addition of
longitudinal time step, ultimately reaching 64 % at BL~M18. Following
closely, 3D-InceptionNet achieved the second-highest performance,
reporting mAUC scores of 51 %, 53 %, 55 %, and 61 % with each
additional time step in the training data. On the other hand, models such
as 3D-VGG, 3D-ResNet, and 3D-DenseNet yielded fluctuating results,
lacking an upward trending pattern. Using the coronal plane, 3D-ResNet
achieved the highest performance at BL~M18, achieving mAUC score of
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Table 3

Performance comparison of various 3D-CNN models on each plane of 3D-MRL

Sagittal Plane

Coronal Plane

Axial Plane

T-S

3D Model

mSen mSpe mAUC mAcc mSen mSpe mAUC mAcc mSen mSpe mAUC

mAcc

50.94 +6.31

42.47 £7.14

57.22 +6.32
54.12 +4.11

60.45 £5.11

56.84 +5.25
55.31 +5.32
57.26 £3.25

67.87 £3.15

49.20 +6.37
54.32 +5.24
55.42 +4.65

59.64 +3.51

47.47 £5.24
52.77 £7.54
56.37 +6.47
55.64 +4.14

53.76 +8.26
56.32 +7.21
58.45 +5.34
62.57 £5.23

56.24 +7.15

54.08 +4.32
52.62 +4.45
64.37 +4.24
58.89 +4.52

45.25 +3.07
42.51 +3.64
52.56 +5.39
55.95 +3.67

52.35 +4.37
46.43 +4.19
54.45 +4.53
58.31 +£5.50

50.18 +5.34
51.72 +4.36
56.72 +4.33
59.37 +4.34

BL

3D-VGG

54.12 +4.24
60.71 +4.15
65.32 +3.41

51.57 +5.14
54.27 +4.12
56.69 +4.12

55.24 +5.34
57.96 +4.45
60.91 +3.32

BL~M6
BL~M12
BL~M18

66.32 +4.23

51.22 +7.32
50.42 +6.43
59.76 +3.21
52.33 +4.23

45.42 £7.13
44.88 +4.52
51.22 +4.28
56.12 +£3.42

51.32 +5.12
52.43 +7.82
52.26 +£5.21
62.37 £3.43

53.44 +6.21

52.82 +5.26
55.37 +6.23
60.15 +4.28
65.21 +4.29

48.43 £7.67
46.88 +£5.72
51.66 +4.37
59.71 +3.72

52.72 +6.35
54.53 +£7.21

53.14 +6.25
55.54 +6.54
59.49 +4.26
63.42 +4.51

48.01 +5.37
47.41 £5.32
51.37 +4.87
52.82 +5.01

44.35 +6.78
46.58 +4.92
48.64 +6.17
48.35 +4.34

46.32 +4.35
48.80 +5.37
53.15 +4.34
50.53 +3.14

45.44 +5.84
49.17 +4.31
57.79 +£5.02
59.20 +4.17

BL

3D-ResNet

52.34 £5.24
56.28 +4.32
63.48 +4.32

BL~M6
BL~M12
BL~M18*

56.74 +5.20
62.33 +5.42
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54.32 +6.25
55.36 +5.56
64.43 +4.45
68.24 +4.62

47.43 +4.14

57.12 +5.23
56.55 +7.23
56.76 +5.13
68.12 +3.93

56.44 +5.65
56.11 +6.45
57.26 £5.32

50.12 +7.69
52.43 +5.44
50.84 +5.66
57.32 +4.26

45.04 +£5.14

54.62 +6.43
55.99 +5.64
53.81 +4.60
56.32 +5.34

52.14 +7.25
52.24 +6.15
55.72 £5.48
57.29 +6.24

51.34 +6.13
50.37 +5.53
56.73 +5.38
54.86+4.63

47.56+5.24
46.69 +6.48
49.87 +4.72
50.24 +5.42

49.73 +4.19
48.58 +£5.50
52.47 £5.21
52.35 +4.36

52.34 +6.45
50.36 +6.57
54.67 +4.25
53.36 +4.43

BL

3D-Densenet

53.47 £5.15
55.77 £6.13
62.42 +4.21

48.27 £6.77
47.97 £5.08
53.36 +4.62

BL~M6
BL~M12
BL~M18*

67.74 +£3.75

52.49 +3.32
55.16 +2.18
57.24 +2.14
59.12 +2.12

45.32 £2.34
47.22 £3.71
55.42 £2.67

56.31 +2.11

49.12 £2.41
54.31 +3.22
57.44 +£3.24
59.42 +2.32

49.14 +2.15
54.27 £2.42
59.42 +£3.16
57.12 £2.72

53.49 +7.21

45.33 £6.24
44.36 £4.31

54.42 £2.71

54.83 +8.42
52.31 +6.32
59.54 +3.14
60.12 +2.62

47.64 £7.35
55.24 £5.12

51.51 +4.83
53.45 +4.43
55.61 +5.18
61.47 £4.37

44.37 +6.08
46.57 +4.34
53.83 +4.52
58.57 +5.53

47.96 +£5.37
52.31 £5.37
52.86 +5.43
60.47 £5.37

53.38 +5.44
53.51 +4.38
54.18 +4.58
63.35 +4.54

3D-InceptionNet

54.66 +6.28
56.12 +2.14
56.25 +2.35

BL~M6
BL~M12
BL~M18

60.12 +£2.42
62.21 +2.31

56.23 +3.41

53.32 +7.17
58.14 +4.71
55.72 +5.72
58.37 +£5.42

47.24 £7.23
45.31 +£5.34
49.21 +6.45
54.33 £4.26

50.12 +6.23
50.12 +6.21
53.42 +5.41
57.52 +7.24

51.32 £5.43
53.43 £5.43
54.71 +4.12
65.12 +£5.25

52.13 +6.32
54.42 +5.34
57.57 +4.13
63.37 £4.65

47.63 £5.32
48.67 +£5.22

52.34 +£5.21

52.32 +8.24
54.32 +£5.35
66.15 +£6.22

60.74 £5.19

53.44 +7.62
55.27 +4.35

56.77 +£5.12

57.67 +£5.48
58.71 +5.34
63.58 +4.09
64.73 £3.71

49.60 +6.47
52.29 +6.36
54.78 +5.07
58.34 +4.52

57.38 £5.42
58.66 +5.48
59.71 +6.36
62.89 +5.72

56.48 +6.43
58.77 +£5.10
63.54 +5.53
65.72 +4.39

BL

3D-EfficientNet

BL~M6
BL~M12
BL~M18*

58.42 +5.04

+ + 62.37 £4.35

T-S: Longitudinal Timesteps, Bold text indicates the highest achieved Accuracy for the corresponding 3D models and MRI planes.
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Fig. 6. Evaluating the effectiveness of different MRI planes at a longitudinal timestep.
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65 %. Meanwhile, 3D-VGG and 3D DenseNet attain 57 % and 59 %
mAUC respectively at the same timestep. Notably, 3D-InceptionNet and
3DEfficientNet demonstrate the most stable results throughout the
training process with longitudinal time steps, consistently showcasing
improved mAUC with each new addition of longitudinal time steps. In
terms of the sagittal plane, 3D-DenseNet outperforms all other
comparative models by reporting an mAUC score of 54 % at BL. Notably,
it shows significant improvement in subsequent time steps of the
training data. Similarly, 3D-VGG and 3D-InceptionNet also exhibit sta-
ble and improved performance in achieved accuracies as the longitu-
dinal steps increase.

In conclusion, Exp. 1 demonstrates that most of the 3D-CNN models
report improvements in both aspects, i.e., achieved performance and
stability as the longitudinal timesteps increase. This can be attributed to
the utilization of the 3D volumetric design, which captures spatial as
well as temporal features simultaneously. Building upon these findings,
Exp. 2 will explore the impact of fusing information from multiple
planes in a longitudinal manner on the detection of AD progression.

3.2. Experiment 2: optimization of 3D-CNN using multi-plane from the
longitudinal MRI

In Exp. 2, we explore the potential improvement in the overall
performance of AD progression detection by fusing information from
multiple MRI planes during the training process. Table 4 reports a
comparative analysis on the performance of each model using different
plane configurations i.e., single plane (axial), two planes (axial + cor-
onal), and three planes (axial + coronal + sagittal). This configuration
allows the models to capture significant patterns of disease progression
within a shared learning environment. Subsequently, the convolutional
output from each plane is combined and classified using a dense neural
network. The dense network incorporates contextual information from
multiple MRI planes to enhance the disease identification process.

From the results reported in Table 4, we observed that increasing the
number of longitudinal time steps and the fusion of multiplane MRI data
significantly increase the overall performance of the models across all
evaluation metrices. This improvement is attributed to the capabilities
of 3D data processing models in capturing progressive structural
changes in the brain which is a hallmark to AD. Moreover, incorporating
data from multiple MRI planes further improves classification perfor-
mance, especially when all three planes (axial, coronal, sagittal) are
combined in model’s training. This multiplanar fusion strategy leverages
complementary anatomical perspectives, enabling the models to detect
subtle pathological features that may not be apparent in a single plane.
For instance, 3D-InceptionNet demonstrated robust and consistent
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improvements in the learning curve. From BL to BL~M18, mAcc
increased from 55.20 % to 67.27 %, and mAUC from 60.90 % to 70.70 %
using all three-plane input. 3D-EfficientNet also exhibited strong per-
formance, with its mAcc rising from 54.20 % to 69.20 % (all three
plane), and mAUC from 64.30 % to 71.70 %. The model showed early
stability, and its performance steadily improved as both timesteps and
imaging views increased. 3D-ResNet showed similar performance tra-
jectories. 3D-VGG performed the best with the combination of two
planes (axial + coronal), achieving peak performance at BL~M18 with
mAcc 65.54 % and mAUC 64.87 %. However, the performance slightly
decreased at BL~M18, when the third plane was added, suggesting
potential overfitting or architectural limitations in handling high-
dimensional input.

The improvements shown by most of the comparative models using
three planes suggest that the fusion of multiplane MRI data and
increasing the number of longitudinal timesteps provides a more
nuanced representation of the brain’s structural changes. The progres-
sion from single time point (BL) to multiple time points (BL~M18)
allowed models to capture disease trajectories more accurately. Simul-
taneously, the fusion of two or three MRI planes enriched the spatial
context, aiding in more comprehensive pattern recognition.

In Fig. 7, the mAUC comparison of the 3D models trained on single
and multiple planes of the longitudinal 3D MRI is presented. By
comparing mAUC scores at different time steps, the performance ach-
ieved using a combination of all three planes outperformed the perfor-
mance achieved using single-plane and two-plane models.

For instance, at BL, the mAUC scores for 3D-VGG, 3D-ResNet, and
3D-EfficientNet using three planes were reported as 63 %, 63 %, and 66
%, respectively. These scores represent improvements of (9 %, 11 %),
(15 %, 12 %), and (10 %, 7 %) compared to the mAUC scores achieved
using single-plane and two-plane combinations. Similarly, at the time-
steps BL~M6 and BL~M12, the same models achieve significant im-
provements in mAUC scores when using three planes compared to
single-plane and two-plane setups. Finally, at the time step BL~M18,
using three planes yielded the highest mAUC score of 71 % with the 3D-
EfficientNet model, outperforming all other combinations and time
steps.

By analyzing the overall performance of the trained 3D models in
Exp. 2, it was concluded that each model demonstrated significant im-
provements in both accuracy and stability when using all three planes
along with the highest number of longitudinal time steps in the training
data.
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Table 4

Performance comparison of various 3D-CNN with multiple MRI planes from longitudinal data.

Axial + Coronal Axial + Coronal + Sagittal

Axial

T-S

3D Model

mSen mSpe mAUC mAcc mSen mSpe mAUC mAcc mSen mSpe mAUC

mAcc

63.82 +7.32
60.40 +6.13

51.02 £5.31
52.68+5.30
55.61 £5.11

61.51 +7.09
63.21 +6.16
64.52 +4.23
63.54 +5.10

58.23 +£6.11

52.12 +£5.51
55.36 +4.72
61.12 £5.32
64.87 +6.41

46.14 £5.16
46.67 +£5.53
48.46 +£6.23

56.78 +6.13

51.12 +6.33
49.33 +£3.56

57.42 £4.51

52.43 £5.12
57.45 +4.46
60.53 +5.36
65.54 +6.65

54.08 +4.32
52.62 +4.45
64.37 £4.24
58.89 +4.52

45.25 +3.07
42.51 +3.64
52.56 +5.39
55.95 +3.67

52.35 +4.37
46.43 +4.19

50.18 +5.34
51.72 +4.36
56.72 +4.33
59.37 +4.34

BL

3D-VGG

61.31 £5.21
64.21 +£5.25

62.22 +£5.41

BL~M6
BL~M12
BL~M18

62.61 +4.71
60.62 +5.13

54.45 +4.53
58.31 +£5.50

53.42 +4.22

64.71 +5.31

63.80 +5.86
62.40 +5.22
63.54 +6.37
66.50 +4.51

51.40 +6.32
53.10 +6.84
54.20 +6.74
63.20 +5.92

60.40 +7.92
61.50 +6.12
59.49 +5.08
67.20 +5.64

59.10 +£6.51
60.40 +7.62
63.68 +£5.38
65.30 +4.15

51.26 +£5.37
52.13 £5.33
58.64 +£5.39
59.31 £4.23

49.17 £4.81
53.12 +4.42
49.57 £5.67
55.01 +5.73

53.35 +6.72
51.25 +6.42
55.67 +£5.34

62.74 £5.01

51.13 £5.43
54.66 +£5.11

48.01 +£5.37
47.41 £5.32
51.37 +4.87
52.82 +5.01

44.35 +6.78
46.58 +4.92
48.64 +6.17
48.35 +4.34

46.32 +4.35
48.80 +5.37
53.15 +4.34
50.53 +3.14

45.44 +£5.84
49.17 +4.31
57.79 £5.02
59.20 +4.17

BL

3D-ResNet

BL~M6
BL~M12
BL~M18

56.57 +4.55
61.13 +4.24

61.56 +4.63
66.10 +5.12
64.60 +5.72
65.73 +4.53

57.47 £5.93
54.50 +4.04
52.50 +4.32
58.98 +5.76

60.46 +6.28
60.20 +6.50
61.20 +3.21
62.34 +5.21

62.38 +6.48
63.29 +5.83
62.34 £4.01
65.38 +5.65

54.32 £5.25
54.66 +4.43
55.94 +4.31
61.73 £3.29

46.74 £6.13

59.42 +6.63
55.75 +4.31

55.34 £5.15

51.34 £6.13
50.37 £5.53
56.73 +£5.38
54.86+4.63

47.56+5.24
46.69 +6.48
49.87 +4.72
50.24 +5.42

49.73 +4.19

52.34 £6.45
50.36 +6.57
54.67 +4.25
53.36 +4.43

BL

3D-DenseNet

49.27 +£5.34
51.73 +£3.87
55.46 +4.83

58.64 +5.55
56.43 £5.57
59.61+4.51

48.58 +5.50
52.47 £5.21
52.35 +4.36

BL~M6
BL~M12
BL~M18

54.67 +£5.46
57.62 +£5.36

60.90 +5.76
63.70+5.34
61.73 +4.67

70.70 +4.12

52.30+5.79

52.55 +6.46
54.09 +£5.76
65.43 +4.38

60.50 +5.39
62.23 + 5.48
63.43 +6.27
69.20 +3.59

55.20 +4.10
61.81 +4.85
62.74 £4.10
67.27 +5.63

49.32 +£5.31
54.48 +4.37
51.77 +3.03
63.75 +£5.65

45.40 +£5.24
49.71 +4.64
51.63 +6.43
59.76 +4.73

50.12 +4.35
55.67 +4.42

55.42 +£5.17

51.32 £5.54
52.76 +4.47
57.16 £5.13
64.56 +4.57

51.51 +4.83
53.45 +4.43
55.61 +5.18
61.47 +4.37

44.37 +6.08
46.57 +4.34
53.83 +4.52
58.57 +5.53

47.96 +5.37
52.31 £5.37
52.86 +5.43
60.47 +5.37

53.38 £5.44
53.51 +4.38
54.18 +4.58
63.35 +4.54

BL

3D-InceptionNet

BL~M6
BL~M12
BL~M18

62.85 +5.38

64.30+5.28
63.60+4.64
65.40+5.37
71.70+4.17

54.50+5.01

59.50 +6.27
61.20+4.39
60.20+5.22
67.20+5.73

54.20 £5.99
62.20+5.17

58.46 +4.59
60.44 +£5.45
64.31 +4.68
68.39 +4.80

51.36 +5.41
56.55 +4.92
58.23 +5.34
61.19 +4.64

56.65 +4.57
58.62 +£5.45

61.27 +£5.11

57.66 +5.53
59.47 +3.58
64.82 +£3.24
67.64 £3.98

57.67 £5.48
58.71 +5.34
63.58 +4.09

64.73 +£3.71

49.60 +6.47
52.29 +6.36
54.78 +£5.07
58.34 +4.52

57.38 £5.42
58.66 +5.48
59.71 £6.36
62.89 +5.72

56.48 +6.43
58.77 £5.10
63.54 £5.53
65.72 +4.39

BL

3D-EfficientNet

51.50+6.37
53.20+3.37
66.40+4.12

BL~M6
BL~M12
BL~M18

62.90 +6.75
69.20 +3.13

+ 65.71 +4.57 +

T-S: Longitudinal Timesteps.
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3.3. Experiment 3: AD progression detection using 3D-CNN-BiLSTM

Building upon the performance achieved in Exp. 2 using all three
planes of the MRI, we further enhanced the architectural complexity of
the model while continuing to incorporate all three planes in a longi-
tudinal analysis simultaneously. 3D-CNNs are commonly employed for
the analysis of spatio-temporal data, such as 3D volumetric data. These
networks are specifically designed to capture both spatial and temporal
information by utilizing convolutional and pooling operations. On the
other hand, BiLSTM networks excel at modeling long-term dependencies
and sequential patterns in data. In Exp. 3, we combine the strengths of
both 3D-CNNs and LSTMs to enhance the architectural complexity of the
existing AD progression detection models. We achieve this by incorpo-
rating an LSTM module into the 3D-CNN framework. This approach
allows the CNN module to extract fine-grained details from all three
planes of the MRI, capturing the spatiotemporal features generated.
Together, this design enhances the model’s ability to represent disease
progression more comprehensively.

As shown in Table 5, the 3D-InceptionNet + LSTM achieves the
highest overall performance at the BL~M18 timestep, with mAcc: 76.40
+3.15, mSen: 75.27 +5.64, mSpe: 74.26 +3.52, and mAUC: 73.50
+3.21. This superior performance demonstrates the model’s ability to
effectively integrate both spatial and temporal information from the
longitudinal data, providing a comprehensive representation of disease
progression. The 3D-ResNet + LSTM also performs competitively,
achieving the second-highest performance at BL~M18 (mAcc: 76.30
+2.15, mSen: 74.20 +2.64, mSpe: 71.20 +2.92, and mAUC: 75.50
£1.51). Its performance improves steadily with longer longitudinal in-
tervals, showcasing its ability to capture progressive patterns in the data.
However, it demonstrates slightly less sensitivity and specificity
compared to the 3D-InceptionNet + LSTM at BL~M18. 3D-EfficientNet
-+ LSTM, and 3D-DenseNet + LSTM also presented notable improve-
ments at BL~M18. Finally, 3D-VGG + LSTM reports the lowest perfor-
mance compared to other models, with mAcc: 69.30 +5.15, mSen:
67.20 +4.64, mSpe: 66.20 +3.92, and mAUC: 68.50 +4.51.

Fig. 8 presents the comparison of mAUC scores for 3D-CNN-LSTM
models trained on multiple planes extracted from longitudinal 3D
MRI. The evaluation of mAUC scores at different time steps demon-
strated that combining all three planes (coronal, axial, and sagittal) with
an increased architectural complexity results in superior performance
compared to the setups in the previous experiments. Comparing the
achieved mAUC scores, at the BL and BL~MO06, no significant
improvement was observed with the new hybrid architecture. However,
at the BL~M12, all five models exhibited a notable boost in mAUC
scores. In particular, the 3D-InceptionNet + LSTM and 3D-EfficientNet
-+ LSTM models achieved the highest mAUC scores, outperforming all
other comparative models.

Moreover, at the BL~M18 timestep, the 3D-ResNet model reported
75 % mAUC score, reflecting a 7 % increase compared to the mAUC
score at BL-M12. Additionally, the 3D-ResNet-LSTM, 3D-InceptionNet-
LSTM, and 3D-Efficient-LSTM models also showcased significant im-
provements in mAUC scores. From the visual representation of Fig. 8, it
becomes evident that the increased architectural complexity combined
with the data complexity resulted in additional performance boosts and
enhanced result stability, particularly with an increase in the longitu-
dinal time steps of the data.

3.4. Experiment 4: AD progression detection using 3D-CNN + BiLSTM-
ERMHA

In Exp. 4, we further increased the architectural complexity of the
proposed framework by incorporating ERMHA module in the 3D-CNNN
+ BiLSTM. This modification enables the model to stay focused on the
significant parts of the input sequences that are more informative in the
disease identification process.

In Table 6, at the BL timestep, the 3D-EfficientNet + BiLSTM-
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Fig. 7. Evaluating the effectiveness of combining multiple planes in AD progression detection.

Table 5
Performance comparison of various CNN models with multiplane MRI volumes
using 3D-CNN + LSTM model.

Timeseries Model Times mAce ( mSen( mSpe( mAUC (
Steps %) %) %) %)
3D-VGG + LSTM BL 62.35 61.40 57.40 64.80
+4.58 +5.92 +5.32 +4.86
BL~MO06 63.4 60.54 59.10 64.40
+4.62 +5.12 +3.84 +4.22
BL~M12 67.20 64.50 62.20 67.30
+3.64 +4.44 +5.74 +4.46
BL~M18 69.30 67.20 66.20 68.50
+5.15 +4.64 +3.92 +4.51
3D-ResNet + BL 59.10 60.40 57.50 62.80
LSTM +4.51 +3.92 +1.27 +4.86
BL~MO06 63.40 61.50 58.10 63.40
+3.62 +3.12 +4.84 +4.34
BL~M12 68.40 65.50 61.20 68.30
+2.04 +3.44 +4.74 +3.46
BL~M18 76.30 74.20 71.20 75.50
+2.15 +3.64 +2.92 +3.97
3D-DenseNet + BL 62.10 61.40 57.40 63.80
LSTM +4.29 +6.97 +5.23 +6.35
BL~MO06 64.40 62.50 56.10 63.40
+3.63 +5.12 +5.82 +4.52
BL~M12 66.20 68.50 63.20 68.30
+5.03 +5.45 +4.64 +5.43
BL~M18 71.30 70.20 67.20 73.50
+4.15 +3.64 +5.52 +3.21
3D-InceptionNet BL 63.10 62.40 55.40 64.80
+ LSTM +6.29 +5.97 +7.23 +5.99
BL~MO06 64.40 62.50 57.10 63.40
+4.62 +5.12 +6.84 +5.22
BL~M12 73.20 70.20 65.82 74.30
+5.04 +4.45 +4.74 +4.46
BL~M18 76.40 75.27 74.26 73.50
+3.15 +5.64 +3.52 +3.55
3D-EfficientNet +  BL 59.54 60.40 58.31 64.80
LSTM +6.32 +5.22 +5.32 +4.39
BL~MO06 66.40 62.50 57.10 64.40
+4.62 +5.12 +5.84 +4.17
BL~M12 73.20 71.50 66.82 71.30
+3.04 +4.42 +5.74 +4.70
BL~M18 76.30 77.27 75.26 76.50
+3.15 +4.64 +3.52 +4.21

Best-performing results across time steps are shown in bold.
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ERMHA achieves the highest mAcc. (70.10 +4.51 %) and mSen. (69.40
+5.92 %), outperforming other comparative models such as 3D-Dense-
Net (64.11 +4.33 %) and 3D-InceptionNet (66.20 +4.17 %) in the
same experiment as well as in all previous experiments. This highlights
the superior spatial feature extraction capability of 3D-EfficientNet
combined with BiLSTM-ERMHA, even at early stages. Other models,
such as 3D-VGG and 3D-ResNet, fall behind, possibly due to their less
efficient feature extraction capabilities at the same level. Performance
improved across all models as more longitudinal data was incorporated.
At BL~MO06, 3D-EfficientNet and 3D-DenseNet demonstrates significant
performance gain, achieving accuracies of 69.40 +5.09 % and 67.10
+5.52 %, respectively, indicating their strong temporal modeling ca-
pabilities. By BL~M18, 3D-EfficientNet outperforms all models,
achieving the highest mAcc. (79.30 +4.35 %), mSen. (80.27 +2.27 %),
mSpe. (77.26 +£3.12 %), and mAUC (81.50 +3.19 %). 3D-DenseNet
followed closely, with an mAcc of 79.30 £3.15 %. In comparison, 3D-
InceptionNet and 3D-ResNet also shows competitive performance,
though they were slightly lower in stability (standard deviation) and
specificity. 3D-VGG, despite improvements compared to previous ex-
periments, consistently underperformed due to its simpler architecture.
Overall, the 3D-EfficientNet + BiLSTM+ ERMHA emerged as the most
robust model, excelling in leveraging spatial-temporal features for ac-
curate AD progression detection.

Fig. 9 illustrates the comparison of mAUC scores achieved by the 3D-
CNN + BiLSTM-ERMHA. By evaluating each model at different time
steps, we observed consistent improvements in mAUC scores for all
comparative models. As depicted in Fig. 9, it is evident that as the
number of longitudinal timesteps increase, each comparative model
exhibits enhanced stability and performance in the disease identification
process. This observation aligns with the notion that capturing temporal
dynamics is crucial for accurate disease classification. In particular, at
the BL~M12 time step, we observed a significant boost in the overall
performance of each model, indicating that the inclusion of additional
temporal information along with attention mechanism led to better
disease identification.

3.5. Experiment 5: homogeneous and heterogeneous deep ensemble
models for AD progression detection using 3D-CNN + BiLSTM-ERMHA

In the previous experiments, we examined two critical aspects of the
proposed AD progression detection framework. Firstly, we demon-
strated that incorporating all three MRI planes (axial, coronal, and
sagittal) in a longitudinal manner provided a more comprehensive
representation of the data, significantly enhancing the model’s ability to
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Fig. 8. mAUC comparison of various backbone 3D-CNN combined with LSTM for longitudinal MRI planes.

detect disease progression. This multi-plane approach ensured the
integration of spatial information from diverse perspectives, capturing a
wider range of anatomical details relevant to AD progression. Secondly,
we observed that increasing the architectural complexity of the frame-
work further amplified its performance. By leveraging more complex
architectures, such as deeper and more interconnected neural networks,
we were able to effectively capture the subtle and intricate patterns
embedded in the training data. This capability enabled the model to
automatically learn and recognize the progressive patterns of disease
deterioration with greater precision. To address the computational de-
mands of the enhanced model, we implemented a weight-sharing
strategy. The trainable weights of the 3D-CNN were shared across all
input planes, reducing redundancy and optimizing resource utilization.

In this experiment, we investigated the effectiveness of combining
multiple 3D models for deep feature extraction through two EL based
approaches: homogeneous and heterogeneous. In the homogeneous EL
strategy, we trained separate branches of 3D-CNN feature extractors,
each employing the same architectural design tailored for the axial,
coronal, and sagittal planes. These individual models were indepen-
dently trained on their respective planes to extract features specific to
each plane. Subsequently, the output features from each plane were
integrated and processed using BiLSTM-ERMHA to detect the progres-
sive deterioration of brain tissues. Conversely, the heterogeneous EL
method involved training distinct and independent 3D-CNN models,
each with unique architectures, for the three planes. The output feature
vectors from these diverse models were collectively processed through
BiLSTM-ERMHA to analyze the progression of AD. Table 7 presents a
performance comparison between the homogeneous and heterogeneous
EL methods. In certain cases, the homogeneous ensemble network out-
performed the shared backbone weight-sharing strategy employed in
prior experiments. For instance, models based on 3D-DenseNet and 3D-
EfficientNet based feature extractors showed significant performance
improvements when used within the homogeneous ensemble setup,
surpassing previously reported results. Similarly, the 3D-InceptionNet
model achieved a slight improvement at the BL compared to prior ex-
periments; however, no notable improvement was observed a later time
step in the homogeneous setup. On the other hand, the 3D-VGG model
failed to show any performance improvements in the homogeneous EL
setup.

In the case of heterogeneous EL setup for the 3D-CNN based feature
extractor, the selection of 3D-CNN backbone was based on the
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individual performance achieved by each model with their corre-
sponding plane in Exp. 1. For instance, as demonstrated in Table 3, 3D-
efficientNet exhibited the best performance with the axial plane, 3D-
DenseNet excelled with the sagittal plane, and 3D-ResNet demon-
strated optimal performance with the coronal plane. These networks
were subsequently combined in a heterogeneous EL manner, followed
by BiLSTM-ERMHA module. The reported results surpassed all other
data/architectural based setup and achieved performance in previous
experiments. Although the reported results from this setup at the BL
were not impressive; however, the model demonstrated increased sta-
bility and remarkable improvements in achieved accuracies as the
number of longitudinal time steps increased, ultimately surpassing the
performance of all other models. At BL~M18, the framework exhibited
remarkable performance, reaching at an mAcc of 93.73 +2.39, mSen of
91.72 +£2.97, mSpe of 90.36 +2.37, and a mAUC of 91.58 +2.27.

Across all ensemble configurations and longitudinal time steps, the
95 % confidence intervals (CI) steadily narrow as more follow-up data
are incorporated, reflecting growing precision in the model’s prediction.
At BL, CI spans roughly 6~8 points for accuracy but by BL~M18, the
range shrinks down to 3~5 points indicating that predictions became
more stable and less variable over time. This progressive tightening of
the confidence interval values holds for sensitivity, specificity, and AUC
as well, underscoring that late-stage models not only perform better on
average but also do so with greater statistical certainty. The notably
narrower CI achieved by the heterogeneous EL model at BL~M18
highlights its robustness, suggesting that its superior mean metrics are
unlikely to be due to chance and require formal statistical comparison
against competing frameworks.

Fig. 10 presents a visual comparison of the performance between
homogeneous and heterogeneous EL networks, using the mAUC score as
the primary evaluation metric, as detailed in Table 7. In the homoge-
neous EL approach, only a limited number of models demonstrated
performance improvements. On the other hand, the heterogeneous EL
approach consistently outperformed all model combinations. This
finding underscores the significant advantage of incorporating diverse
networks within a heterogeneous ensemble, which facilitates the inte-
gration of complementary features and patterns, ultimately enhancing
the accuracy of disease identification. At the BL~M18 time step, the
heterogeneous EL network achieved an impressive mAUC score of 91.5
%. This outstanding performance highlights the effectiveness of the
heterogeneous deep ensemble model in capturing complex temporal
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Table 6
Performance comparison of various 3D-CNN models with multiplane MRI using
3D-CNN + BiLSTM-ERMHA.

Timeseries Model Times mAcc mSen mSpe mAUC
Steps (%) (%) (%) (%)

3D-VGG + BiLSTM-  BL 64.11 66.40 59.31 65.80

ERMHA +3.33 +4.22 +4.32 +5.67

BL~MO06 65.40 65.54 60.10 65.40

+4.02 +3.12 +4.24 +5.22

BL~M12 73.20 71.50 68.20 72.30

+5.64 +5.44 +3.98 +4.40

BL~M18 74.30 73.20 70.20 74.50

+3.17 +4.17 +3.46 +3.17

3D-ResNet + BL 65.11 67.40 62.31 66.80

BiLSTM - ERMHA +6.33 +5.22 +4.32 +5.43

BL~MO06 69.40 68.50 62.10 68.30

+3.11 +4.49 +4.12 +5.17

BL~M12 72.20 70.50 69.20 71.30

+2.94 +4.14 +4.63 +4.16

BL~M18 77.30 75.20 73.20 77.50

+3.45 +3.77 +3.97 +4.17

3D-DenseNet + BL 64.11 66.40 59.31 65.80

BiLSTM-ERMHA +4.33 +4.22 +4.56 +4.67

BL~MO06 67.10 66.50 59.10 67.40

+5.52 +5.71 +5.74 +5.22

BL~M12 75.20 72.50 69.20 74.30

+4.04 +4.42 +5.74 +4.46

BL~M18 79.30 77.20 71.20 76.50

+3.15 +4.61 +3.53 +4.01

3D-InceptionNet + BL 66.20 64.90 58.92 66.40

BiLSTM-ERMHA +4.17 +5.77 +5.17 +5.52

BL~MO06 67.40 66.50 59.10 66.40

+4.90 +6.08 +5.16 +4.48

BL~M12 74.20 71.50 67.82 77.30

+4.17 +5.42 +4.36 +5.42

BL~M18 77.30 75.27 76.26 74.50

+3.14 +2.28 +3.52 +3.21

3D-EfficientNet BL 70.10 69.40 61.40 67.80

+BiLSTM- +4.51 +5.92 +5.27 +3.86

ERMHA

BL~MO06 69.40 67.50 63.10 68.40

+5.09 +4.11 +5.49 +4.71

BL~M12 76.20 74.50 70.82 75.30

+4.09 +3.79 +4.71 +3.34

BL~M18 79.30 80.27 77.26 81.50

+4.35 +2.27 +3.12 +3.19

Bold text: best Accuracy at a particular time step.

dynamics and leveraging diverse feature representations to improve
progression detection performance. The inherent diversity of the het-
erogeneous EL approach enables the proposed network to address the
limitations of individual models, resulting in a more robust and
comprehensive analysis of AD progression.

3.6. Selecting the best combinations of training data with the best
architectural design

Fig. 11 compares the best performing models from the list of ex-
periments and illustrates the progressive improvement in the mAUC
score as additional layers of architectural complexity are incorporated
into the proposed AD progression detection framework. It also demon-
strates the effect of using single versus multiple planes of 3D MRI data in
the disease identification process. Notably, all results presented on
Fig. 11 were obtained using four longitudinal time steps i.e., BL~M18.
In addition, the figure compares only the three highest-performing
models from each experiment.

In Exp. 1, we tested the individual contribution of different planes in
a longitudinal 3D MRI for AD progression detection. A list of deep 3D-
CNN models was evaluated on the proposed designed 3D volume
described in Section 3.1.2. The best-performing model using only single
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MRI plane reported an mAUC score of 65.21 % using the 3D-ResNet
model and a coronal plane. 3D-DenseNet reported 68.24 % using the
sagittal plane, and 3D-EfficientNet achieved 64.73 % using the axial
plane. Exp. 2 explored the significance of combining information from
multiple MRI planes. Each model was first evaluated on individual
planes (e.g., axial, coronal, and sagittal), and then retrained on multi-
plane combinations (e.g., axial+coronal, and axial+coronal+sagittal)
by extracting deep features from each plane via intermediate layers and
fusing them before the final classification layer. Results achieved with
multiplane led to significant mAUC gains over single-plane models,
confirming that multiplane integration improves the diagnostic capacity
of the models.

In Exp. 3, we added an extra layer of architectural complexity into
the proposed ML framework by integrating a BiLSTM module with a 3D-
CNN in an end-to-end configuration, processing all three MRI planes in a
longitudinal sequence. This addition enabled the model to capture
spatiotemporal dependencies available in the training data, improving
its ability to detect AD progression detection and lead the mAUC score to
76 %. Following this, Exp. 4 added further enhancement in the archi-
tectural design of the proposed model and added ERMHA module
alongside the BiLSTM module. This mechanism further refined deep
features flowing through the intermediate layers of the proposed model
and enhanced the model’s discriminative abilities and resulted in a
mAUC score of 81.5 %. Finally, in Exp. 5 we investigated EL approaches
by comparing homogeneous ensembles, which are formed by combining
three instances of the same model with non-shared weights, with het-
erogeneous ensembles that integrate different model architectures. The
first two bars in Exp5. correspond to the top two performing models in
the homogeneous EL methods, while the third bar shows the heteroge-
neous EL results. The heterogeneous EL (EB-ERMHA), enhanced with
the ERMHA module, achieved the highest performance, with an mAUC
of 91.58 %. These results highlight the cumulative benefit of architec-
tural refinement, multiplane integration, and ensemble learning, and
underscore the importance of both aspects i.e., well-structured input
representations and sophisticated network designs for effective AD
progression detection.

The results presented so far demonstrate that the heterogeneous deep
ensemble model outperform all other architectural designs on the ADNI
dataset; however, establishing high classification accuracy alone is not
sufficient for clinical deployment. For the proposed model to gain clin-
ical acceptance and prove trustworthiness in real-world healthcare set-
tings, two critical aspects must be rigorously evaluated. First, the
model’s ability to generalize beyond the training distribution must be
verified through external validation on independent cohorts with
different demographic characteristics and imaging protocols. Second,
the decision-making process must be made interpretable to clinicians,
ensuring that predictions are driven by neuroanatomically relevant
features rather than spurious correlations. Consequently, in the
following section, we assess the proposed framework’s generalizability
through cross-dataset evaluation and examine its explainability by
visualizing the brain regions that most significantly influence its
predictions.

4. Model generalizability and explainability

To assess the clinical viability of the proposed framework, we further
evaluate two critical aspects of the proposed model i.e., models’
generalizability and models’ explainability. First, we validate the
model’s robustness on an independent set of cohorts to examine cross-
dataset performance. Second, we employ visualization of the atten-
tions maps to identify the neuroanatomical regions most influential in
the model’s decision-making process.

4.1. Evaluating model’s generalizability with external validation

The proposed model was initially trained and fine-tuned using the
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Fig. 9. mAUC comparison of various models incorporating multi-plane MRI fusion using 3D-CNN + BiLSTM-ERMHA.

real-world ADNI dataset. To assess its stability and capacity to gener-
alize beyond the training data, we conducted an external validation with
a separate dataset known as NACC, which included patients of diverse
ethnic backgrounds from European Union (EU) countries. In this final
set of experiments, we evaluated the proposed model’s robustness and
generalizability when applied to an entirely independent cohort of pa-
tients. The robustness of the proposed framework is illustrated in
Table 8, which shows the results of training the model on one dataset
and testing it on another, allowing for an unbiased evaluation of its
performance in disease identification. To test this idea, the top-
performing model from earlier experiments (Exp. 1-5), specifically the
3D-EfficientNet -+ 3D-DenseNet -+ 3D-ResNet-BiLSTM-ERMHA
configuration, was applied to test subjects from the NACC dataset. This
dataset included 31 cognitively normal (CN) subjects and 29 CN subjects
who later developed AD. The relatively small sample size in the external
validation was due to the limited number of NACC cohort patients meeting the
same criteria as the ADNI training data, as outlined in Section 2.1 Dataset.
To track AD progression in the NACC cohort, the same preprocessing
steps used for the ADNI dataset were applied to the NACC data. Table 8
presents a comparison of the ADNI-trained model’s performance on both
the ADNI and NACC test sets, demonstrating that the configuration
selected for the ADNI data also performs effectively on the NACC test
data.

Table 8 presents the performance metrics of the proposed model
across different longitudinal time steps, comparing results when trained
on the ADNI dataset and tested on both the NACC and ADNI datasets. At
the BL timestep, when the model is trained on ADNI and tested on NACC,
it achieves an mAcc of 58.65 + 3.82 %, mSen of 58.69 + 4.47 %, mSpe
of 59.42 + 5.34 %, and mAUC of 57.52 + 5.78 %. In contrast, when
tested on the ADNI dataset, the model performs better, with an mAcc of
67.41 + 4.51 %, mSen of 65.40 + 4.92 %, mSpe of 65.40 + 4.27 %, and
mAUC of 68.80 & 4.86 %. With the inclusion of data from the BL to M06,
performance improves for both test sets. For ADNI-NACC, the model
reports an mAcc of 67.03 + 3.27 %, mSen of 63.81 + 4.54 %, mSpe of
61.68 + 3.35 %, and mAUC of 68.78 + 4.83 %. For ADNI-ADNI, the
model reports improved performance, with exact values of 77.20 + 3.04
%, 74.50 + 4.42 %, 69.32 + 3.14 %, and 76.13 for the same metrics,
respectively. At the BL~M12, further improvements are observed. For
ADNI-NACC, the model reports 77.67 + 4.67, 69.72 + 5.37, 64.97 +
3.94, and 76.63 + 4.73, while for ADNI-ADNI, the performance is
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notably higher, i.e., 86.30 + 3.20 %, 81.17 + 3.22 %, 78.66 + 2.12 %,
and 85.27 + 4.19 % for the same metrics, respectively. Finally, the
highest performance is observed at the BL~M18 time step. For
ADNI—-NACC, the model reaches an mAcc of 85.64 + 2.39 %, mSen of
82.49 + 3.76 %, mSpe of 79.71 =+ 3.69 %, and mAUC of 86.37 + 3.58 %.
For ADNI-ADNI, the reported metrics are the highest, that is, 93.73 +
2.39 %, 91.72 £ 2.97 %, 90.36 £+ 2.37 %, and 91.58 + 2.27 %,
respectively. Overall, the results indicate that the model’s performance
improves as more longitudinal time steps are included in the training.
However, the model consistently presented higher performance when
tested on the ADNI dataset compared to the NACC dataset.

This discrepancy likely reflects the challenges of domain adaptation
across different cohorts, resulting from variations in data distribution,
patient demographics, imaging protocols, or disease progression pat-
terns, which necessitate robust feature alignment and transfer learning
techniques to mitigate covariate shifts and enhance model
generalizability.

Fig. 12 presents a comparison of mAUC scores of the proposed model
trained on the ADNI dataset and evaluated on the NACC test set.
Although the NACC cohorts did not achieve the same performance levels
as the ADNI subjects due to the distributional differences, the model still
effectively captured temporal patterns from the longitudinal test data.
The performance gap was mostly higher at the BL time step; however,
stability improved progressively with the increase in longitudinal time
steps (e.g., M06 and beyond). As shown in Fig. 12, the accuracy gap
between the two datasets reduced over time. Notably, at the BL~M18,
the proposed model demonstrated the smallest performance gap and
superior modeling performance, underscoring its ability to generalize
effectively across cohorts. It is important to note that the NACC test set
comprises fewer subjects than the ADNI dataset, i.e., NACC = 60, and
ADNI= 562). This is because, the ADNI cohort covers a wide de-
mographic and clinical spectrum, including subjects at various stages of
cognitive decline, which provides a more diverse and statistically robust
sample for model training and evaluation. In contrast, the relatively
small size of the NACC cohort increases susceptibility to statistical noise
and variability, which can negatively impact model performance and
generalizability.

Fig. 12 also highlights the 2D representative sample MRI slices from
both cohorts, highlighting variations in image quality and anatomical
presentation. The issue of domain adaptation has been a fundamental
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Table 7

Performance comparison of homogeneous and heterogeneous EL models using multiplane longitudinal MRI.
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Timeseries Model TS mAcc + std [CI] (%) mSen =+ std [CI] (%) mSpe =+ std [CI] (%) mAUC =+ std [CI] (%)
(3D-VGG + 3D-VGG + 3D-VGG) - BILSTM-ERMHA ~ BL 66.61 + 5.43 65.40 + 5.22 60.31 + 4.32 67.80 + 5.67
[62.73-70.49] [61.67-69.13] [57.22-63.40] [63.74-71.86]
BL~MO06  69.40 + 6.62 66.54 + 4.12 61.16 + 5.84 67.40 + 6.22
[65.66-73.14] [63.59-69.49] [56.98-65.34] [62.95-71.85]
BL~M12 73.30 £ 6.37 71.50 £ 5.54 67.20 £ 6.74 72.30 + 4.46
[68.74-75.86] [67.54-75.46] [64.38-72.02] [69.11-75.49]
BL~M18  77.30 + 5.35 75.20 + 5.34 70.20 + 4.92 76.50 + 6.51
[74.47-81.13] [71.38-79.02] [66.68-73.72] [71.84-81.16]
(3D-ResNet + 3D-ResNet + 3D-ResNet) - BiLSTM- BL 65.11 + 6.33 64.40 + 5.22 59.31 £5.32 66.80 + 5.67
ERMHA [60.58-69.64] [60.67-68.13] [55.50-63.12] [62.74-70.86]
BL~M06  69.40 + 6.62 68.50 + 6.12 62.10 + 7.84 68.40 + 5.22
[64.66-74.14] [64.12-72.88] [56.49-67.71] [64.67-72.13]
BL~M12  72.20 + 5.04 70.50 + 7.44 68.20 + 4.74 71.30 + 5.46
[68.59-75.81] [65.18-75.82] [64.81-71.59] [67.39-75.21]
BL~M18  76.30 + 3.15 74.20 + 4.64 69.20 + 3.92 75.50 + 3.51
[74.05-78.55] [70.88-77.52] [66.40-72.00] [72.99-78.01]
(3D- DenseNet + 3D-DenseNet + 3D - DenseNet) - BL 65.42 + 4.51 67.20 + 4.97 61.52 + 5.37 69.80 + 5.07
BiLSTM - ERMHA [62.19-68.65] [63.64-70.76] [57.68-65.36] [66.17-73.43]
BL~MO06 68.87 £ 5.43 65.96 £ 7.12 64.75 + 2.14 66.76 + 4.73
[64.99-72.75] [60.87-71.05] [63.22-66.28] [63.38-70.14]
BL~M12  75.92 + 4.04 73.45 + 4.67 68.77 + 5.18 74.43 £+ 4.56
[73.03-78.81] [70.11-76.79] [65.06-72.48] [71.17-77.69]
BL~M18  80.42 + 3.15 76.85 + 4.66 75.20 + 4.50 79.50 + 3.21
[78.17-82.671 [73.52-80.18] [71.98-78.42] [77.20-81.80]
(3D-InceptionNet + 3D-InceptionNet + 3D-Incep- BL 68.43 £5.11 65.76 + 6.49 62.92 + 4.24 67.30 £+ 6.52
tionNet) - BILSTM-ERMHA [64.77-72.09] [61.12-70.40] [59.89-65.95] [62.64-71.96]
BL~MO06  65.62 + 5.62 64.50 + 4.12 63.21 + 5.84 63.40 + 5.22
[61.60-69.64] [61.55-67.45] [59.03-67.39] [59.67-67.13]
BL~M12 72.23 £4.73 70.50 + 4.97 66.41 + 5.64 70.30 + 4.42
[68.85-75.61] [66.94-74.06] [62.38-70.44] [67.14-73.46]
BL~M18  76.73 + 4.02 73.48 + 4.14 68.76 + 4.91 73.50 + 3.21
[73.85-79.61] [70.52-76.44] [65.25-72.27] [71.20-75.80]
(3D-EfficientNet + 3D-EfficientNet + 3D-Efficient- BL 67.10 + 5.51 68.72 + 4.92 63.40 + 5.57 64.80 + 5.34
Net) - BiLSTM - ERMHA [63.16-71.04] [65.20-72.24] [59.42-67.38] [60.98-68.62]
BL~MO06  71.37 + 4.37 69.45 + 5.68 65.64 + 4.89 67.35 + 4.28
[68.24-74.50] [65.39-73.51] [62.14-69.14] [64.29-70.41]
BL~M12  81.32 + 4.46 79.50 + 5.79 78.82 + 4.64 74.30 + 5.68
[78.13-84.51] [75.36-83.64] [75.50-82.14] [70.24-78.36]
BL~M18  85.43 + 3.48 83.77 + 4.43 79.72 + 4.86 82.75 + 3.73
[82.94-87.92] [80.60-86.94] [76.24-83.20] [80.08-85.42]
3D-Efficient + 3D-DenseNet + 3D -ResNet - BILSTM- ~ BL 67.41 + 4.51 65.40 + 4.92 65.40 + 4.27 68.80 + 4.86
ERMHA [64.18-70.64] [61.88-68.92] [62.35-68.45] [65.32-72.28]
BL~MO06 77.20 + 3.04 74.50 £ 4.42 69.32 + 3.14 76.13 + 4.02
[75.03-79.37] [71.34-77.66] [67.07-71.57] [73.25-79.01]
BL~M12  86.30 + 3.20 81.17 + 3.22 78.66 + 2.12 85.27 + 4.19
[84.01-88.59] [78.87-83.471 [77.14-80.18] [82.27-88.27]
BL~M18  93.73 + 2.39 91.72 + 2.97 90.36 + 2.37 91.58 + 2.27

[92.02-95.44]

[89.60-93.84]

[88.66-92.06]

[89.96-93.20]

Bold text: Rest achieved accuracy, TS: Longitudinal time step, Std: Standard deviation, CI: Confidence interval.

challenge in deploying ML models across heterogeneous healthcare
datasets. Despite applying consistent preprocessing steps to harmonize
imaging data across both datasets, inherent inter-dataset differences
persist. Which includes variations in MRI acquisition protocols, differ-
ences in biomarker availability, and clinical assessment tools between
ADNI and NACC datasets. As a result, a model trained exclusively on
ADNI data is expected to exhibit degraded performance when applied to
NACC due to the domain shift and covariate distribution mismatch. This
phenomenon reflects the challenges in cross-cohort generalization,
where differences in feature distributions and measurement noise can
lead to reduced predictive accuracy, emphasizing the need for advanced
domain adaptation techniques or multi-source training strategies to
improve robustness in real-world clinical applications.

4.2. Models’ explainability

Following the explainability approach described in Section 2.6, we
visualized attention maps across different diagnostic groups to identify
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neuroanatomical regions driving the model’s predictions. Fig. 13 pre-
sents representative attention maps for CN, progressed to AD, and AD
patients across axial, coronal, and sagittal views.

As shown in Fig. 13, attention maps from CN subjects exhibited
diffuse, low-magnitude activations across all anatomical views, with
minimal focal structure and only weak emphasis on central midline re-
gions. These patterns reflect the absence of discriminative pathological
features, consistent with preserved brain architecture. Irregular pe-
ripheral activations likely represent model uncertainty rather than
meaningful anatomical signal. Progressive cognitively impaired patients
showed distinct localization within medial temporal lobes [54], partic-
ularly hippocampal and entorhinal cortex implicated in early memory
dysfunction [55]. Coronal and sagittal views showed additional
engagement of the posterior cingulate cortex and precuneus region
which are key nodes of the default mode network vulnerable to pro-
dromal disruption [56]. These findings suggest the model captures se-
lective regional vulnerability characteristic of early neurodegeneration.
Finally, attention maps for AD patients demonstrated substantially
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Fig. 10. mAUC comparison of homogenous and hetrogenous ensembling netwrok with longitudional MRI planes.
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Fig. 11. The best AUC scores achieved at different experiments.

broader cortical involvement, extending from medial temporal regions
to lateral temporo-parietal association areas [57]. Strong attention to
posterior cingulate, parietal cortex, and precuneus reflected large-scale
network breakdown, while dorsolateral frontal involvement in severe
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cases corresponded to executive dysfunction [58]. This distributed
activation pattern indicates the model differentiates AD from earlier
stages through widespread cortical degeneration rather than focal at-
rophy alone.
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Table 8

Knowledge-Based Systems 334 (2026) 115104

Performance comparison of the proposed model on ADNI and NACC datasets for external validation.

Longitudinal time- step

Model: 3D-EfficientNet + 3D-DenseNet + 3D-ResNet-BiLSTM-ERMHA

ADNI-NACC (Train on ADNI, Test on NACC)

ADNI—-ADNI (Train on ADNI, Test on ADNI)

mAcc.( %) mSen.( %) mSpe.( %)
BL 58.65 +3.82 58.69 +4.47 59.42 +5.34
BL~MO06 67.03 £3.27 63.81 +4.54 61.68 +3.35
BL~M12 77.67 £4.67 69.72 +£5.376 64.97 +3.94
BL~M18 85.64 +2.39 82.49 +3.76 79.71 +3.69

mAUC( %) mAcc.( %) mSen.( %) mSpe.( %) mAUC( %)

57.52 +5.78 67.41 +4.51 65.40 +4.92 65.40 +4.27 68.80 +4.86
68.78 +4.83 77.20 £3.04 74.50 +4.42 69.32 +£3.14 76.13 £4.02
76.63 +4.73 86.30 £3.20 81.17 +3.22 78.66 +2.12 85.27 +4.19
86.37 +3.58 93.73 +2.39 91.72 +2.97 90.36 +2.37 91.58 +2.27

Cross-validation

Sample slices from the ADNI and NACC datasets

- ADNI-ADNI
. ADNI-NACC

-11.28%

40

CN

BL BL~M6 BL~M12 BL~MI18

ADNI NACC

Fig. 12. Cross-validation results and representative 2D midbrain slice images from the ADNI and NACC datasets, showcasing both cognitively normal and progressed

Alzheimer’s disease subjects.

Progressed to AD

Fig. 13. Attention map visualization for CN, progressive cognitive impairment, and AD patients across axial, coronal, and sagittal views.

5. Performance comparison of the state-of-the-art methods

To ensure a thorough evaluation of our study, we assessed the most
relevant studies reported in the literature between 2021 and 2025 and
compared their results with the performance of our proposed frame-
work. The comparison was done based on several performance metrics,
including accuracy, sensitivity, specificity, and AUC. A notable limita-
tion of these studies is the lack of publicly available implementation
details, making it infeasible for us to reimplement the entire framework
from scratch. As a result, we compared our framework’s performance
with the results published in these studies by following the same eval-
uation strategy used by the authors in the literature [10,59]. Addition-
ally, finding studies using the exact same longitudinal time steps as our
(i.e., four longitudinal time steps at six-month intervals) was also
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challenging. However, all comparative studies included in Table 9 share
two critical commonalities: they utilize longitudinal MRI data sourced
from the ADNI database, and their primary objective is to detect
sequential patterns within this longitudinal data to identify the pro-
gression of cognitive impairment in AD patients. Moreover, to
strengthen the validity of our evaluation, we conducted extensive
ablation studies by implementing a wide range of DL models, as detailed
in Table 3 through Table 8.

For instance, Chen et al. [65] introduced a hybrid CNN-Transformer
model trained on multiple datasets (ADNI, OASIS, AIBL), yet its best
performance was achieved with ADNI. Similarly, Mulyadi et al. [70] and
Nallapu et al. [61] reported higher metrics on ADNI than on GARD and
EXPEDITIONS, respectively, reinforcing its superiority and validating its
use in our study. Zheng et al. [64] proposed EffiSwin, using longitudinal
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Table 9
Comparison of existing models with the proposed AD progression detection framework in terms of modality, longitudinal support, and performance.
Published Study Year DM Longitudinal Performance ( %) Published framework Task
timesteps
Dataset mAcc mSen mSpe mAUC
Ours* 2025 MRI Yes (4) ADNI, NACC 93.7 91.7 90.36 91.58 3D-CNN-BiLSTM-ERMHA AD progression
detection
Ozdemir et al. 2025 MRI Yes (6) ADNI, NACC 90.0 - - 90.5 DyEPAD AD progression
[60] detection
Nallapu et al. [61] 2025 MRI  Yes (2) ADNI 73.4 74.8 - 74.0 LDA AD progression
detection
Theodorou et al. 2025 MRI Yes (2) ADNI 60.5 59.5 - 78.0 MRI2PET AD classification
[62]
Mieling et al. [63] 2025 MRI Yes (2) ADNI 77.0 74.0 88.0 - XGBoost AD progression
Zheng et al [64]. 2025 MRI Yes (2) ADNI 81.69 80.27 84.35 82.27 EffiSwin AD progression
detection
Chen et al. [65] 2024 MRI Yes (2) ADNI, OASIS, 93.4 - - 93.3 Transformer- Deformable Classification (CN vs.
AIBL Attention AD)
Bapat et al. [66] 2024 MRI Yes (3) ADNI 83.5 89.4 99.2 91.9 3D-DenseNet-1DCNN AD progression
detection
Hao et al [67]. 2024 MRI  Yes (4) ADNI 91.08 89.81 92.04 90.78 Weighted Hypergraph CNN Classification (CN vs.
AD)
Inan et al. [68] 2024 MRI Yes (1) ADNI, OASIS 83.64 - - - EfficientNetV2 Classification (CN vs.
AD)
Hu et al. [14] 2023 MRI Yes (3) ADNI 77.2 79.97 71.59 81.53 VGG-TSwinformer AD progression
Jahan et al. [69] 2023 MRI  Yes (2) ADNI 73.0 - - - EfficientNet-B7 Classification (CN vs.
AD)
Mulyadi et al. [70] 2023 MRI Yes (2) ADNI - GARD 91.83 - - 94.92 XADLiME Framework Classification CN vs.
AD
Mofrad et al. [26] 2022 MRI Yes (3) ADNI 76.10 - - - Ensemble of CNN models Classification (CN vs.
AD)
Hazarika et al. 2022 MRI Yes (1) ADNI 90.0 90.60 - - Improved DenseNet-121 Classification (CN vs.
[52] AD)
Aghai et al. [48] 2022 MRI Yes (1) ADNI 87.0 82.0 92.0 94.0 CNN + TL AD Detection
Ocasio et al. [49] 2021 MRI Yes (2) ADNI 79.3 - - - CNN AD Progression
Rojas et al. [50] 2021 MRI Yes (1) ADNI 86.0 86.0 86.0 91.0 Compressed Dense Net AD Diagnosis
Mofrad et al. [53] 2021 MRI Yes (2) ADNI 69.0 60.0 - - LME + SVM Progression (CN - AD)
DM: Data modalities, “~ “: indicates that the study did not report this metric.

MRI scans to achieve 81.69 % accuracy and 82.27 % F1-score. Bapat
et al. [66] used 3D MRI and cognitive scores in a two-stage CNN model,
reaching only 83.5 % accuracy. Hao et al. [67] constructed hypergraphs
at four timepoints and applied KNN with hypergraph convolution, but
their best AUC was 90.78 %. Inan et al., [68] proposed an automated DL
framework for AD diagnosis using structural MRI scans. Their proposed
approach integrates a guided ML learning-based slice selection with a DL
model combining EfficientNetV2S and dense learned features. Validated
on ADNI data, the model achieved 83.64 % classification accuracy,
outperforming many existing methods while reducing the need for
manual intervention. However, the study showed heavy reliance on
predefined slice selection, potential biases in dataset distribution, and
the need for further validation on larger, more diverse populations to
ensure generalizability. Hu et al., [14] proposed VGG-TSwinformer, a
DL framework that combines CNN and Transformer for predicting the
progression of MCI to AD using longitudinal MRI. The model extracts
spatial features from sMRI images, employs a sliding-window attention
mechanism for fine-grained feature fusion, and uses temporal attention
to capture brain atrophy patterns over time. VGG-TSwinformer was
validated on the ADNI data and reported 77.2 % accuracy, 79.97 %
sensitivity, and 81.53 % AUC. Mofrad et al., [26] proposed a DL based
method to represent one-dimensional longitudinal measurements as
two-dimensional grayscale images, transforming longitudinal data
classification problems into image classification tasks. This allows the
application of image-based DL to longitudinal data, even in cases of
imbalanced datasets or missing data. The method was evaluated on the
task of predicting dementia from brain volume trajectories derived from
longitudinal MRI data, classifying subjects with stable sMCI versus and
converted to AD. Using an ensemble of CNNs trained on ADNI data, the
model achieved competitive accuracy on an independent test set.

Due to space constraints, a detailed discussion of every published
approach listed in Table 9 is not feasible. Instead, the table provides a
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structured comparison based on six critical characteristics including: the
published framework, year of publication, training data, number of
longitudinal time steps, number of performance metrics calculated, and
classification task. Our analysis compares the proposed approach
against 18 most recently published studies. Fourteen studies employed
longitudinal MRI while four studies were based on the baseline MRI.
Baseline MRI studies were included to ensure completeness of our study
and to provide readers with a broader comparative context, as they
represent approaches that remain relevant in clinical practice and
highlight the advantages of longitudinal modeling over single timestep
analysis. We believe this comparison provides a thorough and up-to-date
context for evaluating our method. However, the results of our study
show that the proposed framework, through its integration of deep
learning, attention, and sequential modeling over four longitudinal
timepoints, consistently outperforms prior state-of-the-art approaches
across all key metrics. Its robust spatiotemporal learning makes it a
strong candidate for scalable, and efficient clinical decision support in
AD progression detection.

6. Computational complexity of the proposed models

Table 10 presents a comparative analysis of different 3D-CNN ar-
chitectures integrated with a BILSTM-ERMHA module for training and
prediction. The key metrics for comparison include trainable parame-
ters, training time, and prediction time. The computational complexity
of the proposed model is divided into three categories: shared trainable
weights (single CNN backbone with BiLSTM-ERMHA), homogeneous EL
(multiple instances of the same CNN model for each plane), and het-
erogeneous EL (Combination of different CNN models). In the case of
shared trainable weights for all three planes, 3D-EfficientNet has the
fewest trainable parameters (8.03 M), leading to faster training (10.2
min) and a relatively low prediction time (0.17 sec). The 3D-DenseNet-
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Table 10
Computational complexity of the proposed model across different training strategies and ensemble modes.
M TS Comparative models Trainable parameters (in Training time (in Prediction time (in mAUC
million) minutes) seconds)
1 Shared trainable 3DEfficientNet - BILSTM ERMHA 8.03 10.2 0.17 81.5
weights +3.19
3DDenseNet - BILSTM ERMHA 9.04 15.12 0.19 76.5
+4.01
3DResNet - BiILSTM ERMHA 26.62 10.11 0.16 77.5
+4.17
2 Homogenous EL 3DEfficientNet x 3 - BILSTM ERMHA 24.09 30.5 0.23 82.75
+3.73
3DDenseNet x 3 -BiLSTM-ERMHA 25.43 38.78 0.24 79.5
+3.21
3DResNet x 3 BiLSTM - ERMHA 78.31 20.03 0.22 75.5
+3.51
3 Hetrogenous EL 3D-EfficientNet + 3D-DenseNet + 3D-ResNet - 42.05 25.53 0.22 91.58
BiLSTM-ERMHA +2.27

M:Mode, (1): Best-performing models with different MRI planes, TS:Training strategy.

based feature extraction module has slightly more parameters (9.04 M)
and requires more training time (15.12 min), suggesting that it is
computationally more intensive than 3D-EfficientNet. 3D-ResNet has
the highest trainable parameters (26.62 M) in this category, yet its
training time (10.11 min) is nearly the same as EfficientNet, indicating
that its architecture efficiently utilizes hardware resources. In the case of
homogeneous EL, where multiple instances of the same 3D model are
repeated three times for each MRI input, the training time increases
significantly compared to single-model versions due to the ensemble
architecture. However, the prediction time remains nearly the same for
all three models, with ResNet-based ensembles being slightly faster
(0.22 sec). Finally, the heterogeneous EL setup offers moderate trainable
parameters (42.05 M) and balanced prediction/inference time
compared to shared trainable weights and homogeneous EL. The
training time (25.53 min) is shorter than the homogeneous EL setup,
demonstrating that combining different models improves efficiency.
Furthermore, the prediction time (0.22 sec) is as fast as the best ho-
mogeneous ensemble (ResNet x 3), making it a strong choice for
deployment.

In addition to achieving optimal performance, our proposed frame-
work was designed with computational efficiency in mind to support
potential clinical integration. Several architectural choices such as
limiting the slice count to 16 per plane, using 3D-CNN backbones, and
introducing an ERMHA module help maintain a reasonable memory
footprint and inference time while preserving predictive performance.
On our experimental hardware (NVIDIA TITAN X, 12 GB VRAM), the
mean inference time per subject was 0.173 s for a single model and 0.22
s for the heterogeneous ensemble, which is within the range suitable for
offline clinical assessment. Although this study did not experimentally
evaluate mixed-precision inference or CPU-only execution, such opti-
mizations are standard in modern Al pipelines and could be readily
incorporated into the proposed system. For example, mixed-precision
inference (FP16) and more lightweight backbone variants (e.g., 3D-
MobileNet, quantized 3D-EfficientNet) are expected to further reduce
resource requirements. Likewise, containerized deployment (e.g., via
Docker) would facilitate integration into existing hospital picture
archiving and communication system (PACS) workstations or cloud
platforms, enabling execution on mid-range GPUs (8 GB VRAM) or high-
performance CPUs with modest increases in processing time. These
considerations indicate that the framework can be adapted for envi-
ronments with varying computational resources, supporting its potential
for real-world clinical use [71].

7. Research limitations and future directions

This study has several limitations and presents opportunities for
future research. Firstly, although the proposed framework was initially
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trained and validated using ADNI dataset, external validation on the
NACC cohort revealed a consistent performance gap, with higher results
achieved on ADNI compared to NACC. While the framework demon-
strated robustness when tested on two independent datasets, the limited
sample size in the NACC cohort constrains the statistical power of the
external validation. Expanding validation to larger and more diverse
cohorts such as OASIS-3, AIBL, and MIRIAD would provide stronger
evidence of generalizability and clinical utility. Our future work will
explore domain adaptation techniques, such as adversarial training or
style transfer approach, to minimize distributional shifts between co-
horts and improve cross-dataset generalizability. Secondly, the proposed
framework relied exclusively on neuroimaging data. Incorporating
multimodal information, including genetic biomarkers, clinical records,
and cognitive assessments, may capture complementary disease signa-
tures and further strengthen predictive performance, particularly for
early-stage AD progression. Thirdly, the proposed AD progression
detection framework was developed retrospectively. To ensure its
practical applicability, it requires evaluation in a prospective setting
where patient outcomes are unknown. Fourthly, the feature extraction
backbone was limited to 3D CNNs. Emerging architectures such as vision
transformers or hybrid CNN-Transformer backbones could improve
spatiotemporal representation learning. Exploring these alternatives
represents a promising research direction. Fifth, while our computa-
tional analysis showed inference times suitable for offline clinical use,
further work is needed to optimize deployment through mixed-precision
inference, quantization, and lightweight backbone architectures such as
3D-MobileNet. Finally, explainability remains a critical aspect. Our
future work will also focus on incorporating end-to-end XAI methods to
provide transparent and clinician-friendly interpretations of the model’s
predictions.

8. Conclusion

AD is a neurodegenerative disease, and existing medical diagnostic
systems often rely on baseline data obtained during the initial visit,
neglecting the dynamic nature of clinical information. Most literature
studies in the AD domain focus solely on a partial set of MRI (a single
slice or a single plane), which overlooks a significant amount of valuable
information contained within the entire 3D MRI volume. In this study,
we addressed these limitations by considering multiple 2D middle slices
from longitudinal MRI volumes across different time steps. This
approach allows for capturing the most crucial slices that encompass the
progressive anatomical changes occurring in the brain tissues over time.
To analyze these complex relationships and temporal dynamics within
the AD-affected brain tissues, we employed a two-step framework. First,
we utilized a 3D-CNN to capture inter-slice relationships and extract
spatial features. Subsequently, an attention-based BiLSTM-ERMHA was
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used to model the temporal dependencies and highlight the most salient
features relevant to AD progression detection. We evaluated the effec-
tiveness of our proposed AD progression detection pipeline through
various experiments. The framework exhibited promising performance
across diverse conditions on the ADNI dataset and further demonstrated
robust generalizability in external validation on the NACC cohort, sup-
porting its effectiveness for longitudinal clinical assessment.
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