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1. Introduction

Cells and entire organisms serve as prime examples of intricate systems, characterized
by numerous interacting components that result in emergent behaviors (Walter et al.,
2010). Understanding these interactions is essential, particularly for predicting complex
diseases. Data modality is derived from capturing such phenomena with specific sensors
(Duan et al.,, 2022), which alone provides limited information. On the other hand,
multimodal data offers a broader perspective by revealing both individual components
and their collective behaviors. With the swift advancements in high-throughput tech-
nologies, we now have exceptional access to comprehensive multimodal biomedical
data, enabling us to make better use of this extensive information. Data fusion entails
integrating information from various modalities, each offering unique perspectives on a
shared phenomenon, to address inference challenges. This method is expected to deliver
more accurate results compared to single-modality approaches (Lahat et al., 2015). The
advantages of data fusion can be classified into complementary, redundant, and coop-
erative features (Duan et al., 2022; Lahat et al., 2015), which can overlap.

Cells and entire organisms exemplify complex systems composed of numerous inter-
acting components that give rise to emergent behaviors (Walter et al., 2010). Gaining in-
sights into these interactions is particularly crucial for predicting and understanding
complex diseases. Data modality refers to the means of capturing such biological phe-
nomena using specific sensors (Duan et al., 2022), though a single modality often provides
only a limited perspective. In contrast, multimodal data integrates multiple sources of
information, offering a more comprehensive understanding by capturing both individual
elements and their collective dynamics. With rapid advancements in high-throughput
technologies, the availability of extensive multimodal biomedical data has significantly
increased, allowing for deeper and more precise biological analyses. Data fusion is the
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process of integrating information from diverse modalities, each contributing distinct
insights into a common phenomenon, to improve inference and predictive accuracy. This
approach has demonstrated superior performance compared to single-modality methods
(Lahat et al., 2015). The benefits of data fusion can be categorized into three types, i.e.,
complementary, redundant, and cooperative features. Each of these categories overlaps to
enhance analytical robustness and reliability (Duan et al., 2022; Lahat et al., 2015).

In biomedical research, data fusion plays a critical role in multimodal data analyses.
For instance, genomic profiling of a tumor enables the identification of cancer-
associated genes, while whole-slide imaging (WSI) of a biopsy provides detailed
morphological and microenvironmental characteristics of the tumor. These modalities
complement each other by offering distinct but interconnected insights into the disease,
capturing aspects that would be indiscernible through a single modality alone. The
integration of transcriptomic and proteomic data serves both complementary and
redundant purposes. Since not all messenger RNAs (mRNAs) are translated into proteins,
transcriptomic data alone may not fully capture functional molecular activity. However,
proteomic data can confirm translation events, thereby providing redundancy that is
particularly beneficial in cases where data is noisy or incomplete. Similarly, combining
microRNA (miRNA) and mRNA sequencing data from the same tumor demonstrates
cooperative fusion, as it enhances the biological context by explaining regulatory in-
teractions that influence protein expression. This integration is especially valuable for
understanding variations in the data, which can be critical for predicting a patient’s
response to treatment. The primary goal of fusion strategies is to effectively leverage the
complementary, redundant, and cooperative attributes of different modalities to
enhance predictive accuracy and biological interpretation. Achieving this requires the
application of machine learning (ML) techniques capable of integrating both structured
and unstructured data, each characterized by distinct statistical properties, sources of
nonbiological variation, dimensionality differences (Mishra & Misra, 2018), and patterns
of missing values (Marvasti et al., 2013). By employing advanced ML-driven fusion
methodologies, researchers can extract deeper insights, improve the robustness of pre-
dictive models, and facilitate more precise clinical decision-making.

In recent years, the study and application of multimodal ML techniques have gained
significant attention across various domains (Fard et al., 2021; Lahat et al., 2015). Among
these techniques, multimodal deep learning (DL) presents notable advantages for data
fusion compared to traditional shallow learning methods. Fully connected neural net-
works (FCNNs), a fundamental type of deep neural network (DNN), can be represented
as a directed acyclic graph, where an input x is transformed into an output label y
through multiple hidden layers, each performing nonlinear computations (Rahim et al.,
2018). The primary objective of these algorithms is to learn high-level feature repre-
sentations from the input data, thereby improving the predictive accuracy of the final
classifier by capturing complex dependencies among the underlying, disentangled fac-
tors. The initial layers of these networks extract fundamental abstractions, while deeper
layers progressively combine these abstractions into more intricate representations that
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are essential for the learning task (Pachynski et al., 2021). Notably, multimodal DL
models are capable of capturing both nonlinear relationships within individual modal-
ities and complex interactions across multiple modalities. This ability has facilitated
their widespread adoption across a range of applications, further demonstrating their
effectiveness in enhancing data-driven decision-making (Lahat et al., 2015).

2. Alzheimer’s disease as multimodal medical case study

Alzheimer’s disease (AD), widely known as senile dementia, poses a significant challenge
in finding a cure due to its complex pathogenesis. This degenerative neurological dis-
order gradually erodes cognitive function and memory, primarily attributed to the for-
mation of neurofibrillary tangles (NFT) and the accumulation of extracellular amyloid-p
(Ap) plaques (Abrol et al., 2020; Theofilas et al., 2018). These pathological hallmarks lead
to the loss or damage of neurons and synapses, contributing to the progressive decline in
cognitive abilities. AD ranks as the fourth leading cause of global mortality, following
cardiovascular disease, cancer, and stroke, emphasizing the urgent need for effective
interventions. It not only imposes a substantial financial burden but has also surpassed
cancer as the most feared affliction, claiming more lives than the combined burden of
breast and prostate cancer. The devastating consequences of AD are characterized by a
gradual loss of bodily functions, ultimately resulting in death. In 2018, an estimated
minimum of 50 million individuals worldwide were affected by AD, highlighting the scale
of its impact. The prevalence of AD is particularly high in the elderly population, with
4%-8% of adults aged 65 and above experiencing the disease. Beyond the age of 85, the
risk escalates significantly to 35% (Wang et al., 2018). These statistics highlight the crucial
need for early detection and treatment strategies. Mild cognitive impairment (MCI),
often considered a precursor stage of AD, serves as a transitional phase between normal
aging and the onset of AD. Unfortunately, the symptoms of MCI are frequently mis-
diagnosed as typical signs of aging, leading to delays in appropriate care. However, it is
crucial to note that approximately 44% of individuals with MCI may eventually progress
to AD within a few years (Wang et al., 2018). Addressing MCI and its progression to AD
requires a comprehensive approach. Medications targeting the underlying neurode-
generative processes, such as cholinesterase inhibitors and N-methyl-p-aspartate
(NMDA) receptor antagonists, have shown promise in slowing down cognitive decline
and improving the quality of life for affected individuals. Given the profound impact of
AD on individuals and societies worldwide, research on AD remains at the forefront of
medical research. Scientists are actively working to understand the intricate mechanisms
underlying AD’s pathogenesis, identify novel therapeutic targets, and develop in-
terventions to prevent or halt the progression of this devastating disease. The ongoing
pursuit of knowledge and innovative solutions hold promise for improving the lives of
those affected by AD and bringing the research community closer to finding a cure.
The field of AD research has witnessed the application of various ML methods to
differentiate between different stages of AD (Bazargani et al., 2024; Zhang & Shen, 2012).
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However, due to the complex and progressive nature of AD, it is necessary to integrate
multiple modalities to obtain a comprehensive characterization of patients. Traditional
approaches for AD diagnosis and progression detection have primarily focused on using
single-modality data, such as structural MRI scans or positron emission tomography
(PET) imaging, to classify individuals into AD or cognitively normal categories (Qiu et al.,
2018). However, the complex nature of AD calls for a more comprehensive under-
standing of the disease by integrating multiple modalities, including not only neuro-
imaging data but also functional imaging, genetic markers, cerebrospinal fluid
biomarkers, and clinical assessments (Fan et al., 2008). By leveraging ML techniques,
such as deep neural networks and ensemble methods, and incorporating multimodal
data, researchers aim to improve the accuracy and reliability of AD diagnosis and pre-
diction, enabling early detection and personalized treatment strategies tailored to in-
dividual patients (Zhang & Shen, 2012). Furthermore, the utilization of time-series
multimodal data holds great promise in enhancing the classification and prediction of
AD progression. AD is a progressive disease that evolves over time, and capturing its
dynamic nature is essential for developing effective monitoring and intervention stra-
tegies. Integrating longitudinal data, such as sequential neuroimaging volumes (e.g., MRI
or PET scans taken at different time points), cognitive scores obtained from neuropsy-
chological tests, and demographic information, with advanced ML models can poten-
tially unlock new avenues for understanding AD progression and developing targeted
interventions (Ho et al., 2022). Longitudinal analysis allows for the identification of
subtle changes and patterns that occur during different stages of the disease, improving
the accuracy of predicting future cognitive decline and enabling early interventions.
This study incorporates multimodal longitudinal data, such as sequential neuro-
imaging volumes, cognitive scores obtained at different time points, and demographic
information collected over time. This integration of time-series data will enable the
modeling of disease progression trajectories and the identification of temporal patterns
thatare indicative of disease progression (Chincarini et al., 2016). By capturing the dynamic
changes in brain structure and function over time, the framework can provide a more
accurate representation of AD progression dynamics and enable more precise predictions.
Therefore, the main goal in this chapter is to propose a novel DL-based framework that
leverages multimodal time-series data to accurately detect and predict the progression of
AD. The framework aims to integrate neuroimaging modality (MRI), cognitive scores, and
demographic information to capture the multifaceted nature of the disease and provide a
comprehensive representation of AD progression. The findings of this research have the
potential to significantly advance our understanding of AD progression and support
clinical decision-making for early intervention and personalized treatment strategies.
The following key points summarize the primary contributions of this chapter.

e This study introduces a novel deep ensemble learning framework that effectively
fuses multimodal longitudinal medical signals, specifically sequential MRI volumes
and cognitive scores, for precise AD progression detection. The proposed approach
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enhances disease characterization by integrating both structural and functional
biomarkers.

e A lightweight convolutional autoencoder (CAE) is developed to extract high-
dimensional feature representations from 2D MRI slices, reducing spatial redun-
dancy. The study further employs principal component analysis (PCA) to refine
these extracted features, optimizing storage and computational efficiency while
preserving critical disease-relevant information.

e The study employs a heterogeneous ensemble of deep learning models, including 1D
convolutional neural networks (1D CNN), long short-term memory (LSTM), and
gated recurrent units (GRU). These models are processed through Bayesian hyper-
parameter optimization to fine-tune network configurations, ensuring optimal per-
formance in capturing complex temporal dependencies within AD progression.

e The study integrates Bayesian-optimized time-series models into a heterogeneous
ensemble framework, leveraging a weighted averaging strategy to aggregate class-
wise probabilities across multiple models. This ensemble approach significantly
improves the stability and generalizability of AD progression detection, out-
performing individual deep learning models.

e The proposed framework is comprehensively validated using longitudinal data
from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset.
Performance is benchmarked against single-modality and multimodal ap-
proaches, demonstrating superior accuracy, area under the curve (AUC), and F1-
score, thus confirming the efficacy of the proposed method in clinical
applications.

Therest of the chapteris organized as follows. Section 3 reviews existing literature on AD
detection and progression, highlighting the strengths and limitations of existing ML
techniques, and setting the context for the chapter’s contributions. Section 4 details the
building blocks of the proposed framework, including autoencoders, neural networks, and
optimization techniques, laying the foundation for the proposed model in Section 5, which
introduces an optimized ensemble framework for AD progression detection. Section 6
covers the dataset and model configuration, followed by experiments and results in Section
7, which validates the proposed methods, demonstrating their effectiveness in advancing
ADresearch. Section 8 discusses the proposed method and provides a comparative analysis
of state-of-the-art (SOTA) methods in AD progression detection. The conclusion of the
chapter, with the current limitations and future work are discussed in Section 9.

3. Related work

AD is a serious type of cognitive decline, and specialists evaluate a patient’s mental
health through multiple modalities (Zhang et al., 2021). For instance, Ortiz et al. (2016)
introduced a deep belief network and applied it to 3D gray matter patches. These
patches were presegmented from 3D MRI volumes using the automated anatomical
labeling (AAL) atlas. Their approach significantly improved the accuracy of
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distinguishing between MCI and AD, as indicated by higher AUC values. However, a
major drawback is the substantial computing power needed to run their method. Nanni
et al. (2019) proposed an SVM-based hybrid ML approach to classify cognitively normal
(CN) from AD patients. The authors focused on addressing the issue of reducing the high
dimensionality of data while working with 3D MRI. They combined an SVM trained on
texture descriptors with an SVM trained on voxel-based biomarkers. Although their
approach reported high classification accuracy, a notable drawback is that they did not
compare traditional ML approaches with deep neural network-based approaches. Feng
et al. (2020) developed an AD classification method based on wavelet transform energy
features (WTEF), which leverages the energy distribution in structural MRI (sMRI) sig-
nals. Their approach aimed to address the limitations of conventional spatial analysis
techniques. However, a limitation of their model was that it processes redundant in-
formation due to the wavelet transformation’s lack of down sampling nature, which can
affect computational efficiency. Table 7.1 list studies in the AD domain based on MRI
modality.

3.1 AD progression detection using multimodal data

Many studies mentioned in the earlier section were mainly focused on diagnosing AD
using a single modality of data. However, research in the ML community has demon-
strated that combining multiple modalities in a diagnostic process improves the accu-
racy of AD diagnosis significantly. Numerous research efforts have concentrated on
classifying AD using multimodal data from various data sources, such as the ADNI or
National Alzheimer’s Coordinating Center (NACC) datasets. These approaches leverage
the distinct and complementary information from various modalities to enhance clas-
sification accuracy, employing various feature fusion techniques (Dai et al., 2023). One
common approach is to merge features from different modalities into a single cohesive
representation. For instance, Jun et al.(Shi et al., 2018) proposed MM-SDPN to enhance

Table 7.1 MRI-based AD prediction.

Study DM # Of subjects Framework (Acc.%)
Wang et al. (2017) MRI' CN = 400, MC], Binary classification (MCl vs. NC) 91
Wang et al. (2019) MRI' MCl =297, NC =315 Binary classification (MCl vs. NC) 98
Pan et al. (2020) MRI NC =162, MCl =76 Binary classification (MCl vs. NC) 79
Mehmood et al. (2021) MRI NC = 85, EMCI =70, LMC =170 Multiclass classification 89
(NC vs. EMCI vs. LMCI)
Yu et al. (2022) MRI CN = 826, AD = 422 Binary classification (CN vs. AD) 95
Sarraf et al. (2023) MRI' CN =91, MCl =744, AD =211 Muliclass classification 97

(CN vs. MCl vs. AD)

Ours (2023) MRI CN = 282, Converted to AD = 282 Progression detection (CN vs. Converted) 86

DM: Data Modality.
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the diagnosis of AD by integrating neuroimaging data from multiple sources, such as MRI
and PET. The proposed approach consisted of a two-stage deep polynomial network,
where the first stage extracts high-level features from each imaging modality, and the
second stage fuses these features for improved classification. Experimental results
confirmed that MM-SDPN effectively captures complementary information from different
imaging modalities, improving the accuracy and reliability of AD diagnosis. Tong et al. (Qiu
et al., 2020) proposed an interpretable DL model for AD classification using multimodal
data, including MRI scans, age, gender, and cognitive assessment scores. By integrating a
fully convolutional network with a multilayer perceptron, their proposed model generated
high-resolution disease probability maps for enhanced diagnostic precision. Liu et al.
(2015) employed a stacked autoencoder framework with a zero-masking technique to fuse
MRI and PET data, aiming to extract complementary insights from both imaging sources.
Table 7.2 lists studies that utilize multiple modalities for AD detection.

It is obvious that the aforementioned studies highlight the importance of multimodal
data in disease diagnosis. However, AD being a neurological disorder, is primarily
neurodegenerative in nature. These diseases progressively damage brain tissues, making
it challenging to capture degenerative patterns from the baseline data alone.
Additionally, overlooking the time-series aspect of these modalities misses crucial in-
formation about disease progression (Pachynski et al., 2021; Qiu et al., 2018).

3.2 Early prediction of AD’s progression using longitudinal medical
data

Medical data analysis over time is an essential step for diagnosing neurodegenerative
diseases, as it uncovers patterns of neurological changes as they progress. Time-series

Table 7.2 AD progression detection using multimodal data.

Dataset (# of

Study Mod. subjects) Framework Acc. (%)
Sivapriya et al. (2015) NSB, FDG, PET ADMI (750) SVM, RF, MLP  (CN vs. AD: 93.75)
Albright (2019) D, CSs ADNI (1737) MLP (CN vs. Progress to AD:
96)
Hong et al. (2019) MRI, PET, DTI ADNI (1105) LSTM (Progression detection of
AD:94)
Moore et al. (2019) MRI, CS, CSF ADNI (1737) Random Forest (MCl vs. AD: 73)
An et al. (2020) MH, HIS, CVD, NACC: (23,165) Sparse (NC vs. AD: 86)
UPDRS, Autoencoder
NPIQ, GDS, FAQ
Liu et al. (2021) MRI, D, MMSE ADNI: (2228) Graph CNN (AD progression detection:
83)
El-Sappagh et al. (2022) CSs, NSB, Static ~ ADNI: (1371) XG-Boost (AD progression: 99)
Eslami et al. (2023) MRI, PET, D, CS ADNI, (610) ML4VisAD (CN, MCl, AD: 82)
Our (Rahim, El-Sappagh et al., MRI, CS, D ADNI (564) 3DCNN-BiIRNN  (CN vs. Progressed to AD:

2023)

96)

Mod.: Data Modality.
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data provide valuable insights into disease development, enabling earlier detection and
more effective monitoring (Rahim, Abuhmed, et al., 2023). However, despite its promise,
time-series medical data analysis over multiple timesteps remained very rare in ML
applications for neurodegenerative disease research, highlighting the need for further
investigation in this area. For instance, Chincarini et al. (2016) explored the use of
longitudinal hippocampal volume measurements from MRI scans to enhance early
detection of AD. By segmenting and analyzing hippocampal volume changes over time,
the study introduces a refined approach that reduces variability and improves disease
classification accuracy. Their proposed approach was evaluated on the ADNI dataset and
reported significant improvement in the classification accuracy. The findings also
highlighted the value of longitudinal imaging in identifying early neurodegenerative
changes, offering a more reliable biomarker for AD’s progression. In another study,
Moradi et al. (2015) presented ML based framework for predicting AD conversion in MCI
patients using MRI-based biomarkers. The approach integrates semi-supervised
learning, feature selection, and the removal of age-related confounds to improve clas-
sification accuracy. By combining MRI data with cognitive assessments and age, the
model achieves a high AUC score, demonstrating its effectiveness in early AD diagnosis.
The findings emphasized the potential of integrating neuroimaging and ML for improved
disease progression prediction. Table 7.3 provides an overview of studies focusing on AD
progression analysis using longitudinal data.

Table 7.3 AD progression detection using longitudinal multimodal data.

# of Dataset (# of

Study Mod. TS  subjects) Framework Acc. (%)
Hong et al. (2019) MRI, PET, DTI 10  ADNI: (1105) LSTM (Progression detection
of AD: 94)
Albright (2019) D, CSs 3 ADNI: (1737) MLP (CN vs. Progress to AD:
96)
Zhu et al. (2021) MRI 5  ADNL (151) Temporal  (MCI converted to AD)
SVM
Abuhmed et al. (2021) MRI, PET, CS, 4 ADNI: (1371) BIiLSTM (AD progression
Comorbidities detection: 84)
El-Sappagh et al. (2021)  Comorbidities, CS, brain 4 ADNI: (1029) BIiLSTM (AD progression
disorder detection: 99)
Liu et al. (2021) MRI, D, MMSE 1 ADNI: (2228) Graph CNN (AD progression
detection: 83)
El-Sappagh et al. (2022)  CSs, NSB, Static 4 ADNI: (1371) XG-Boost  (AD progression: 99)
Eslami et al. (2023) MRI, PET, D, CS 4 ADNI (610) ML4VisAD  (CN, MCI, AD: 82)
Our (Rahim, El-Sappagh MRI, CS, D 3 ADNI(564) 3DCNN- (CN vs. Progressed to
et al.,, 2023) BiRNN AD:96)

Modality, TS: Number of time steps
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4. Materials and methods

We proposed a hybrid DL framework for detecting AD progression using longitudinal
MRI and cognitive assessments. The framework starts with a lightweight CAE to extract
high-dimensional features from 2D MRI slices. These features are then processed using
PCA to reduce their dimensionality while retaining critical information. The optimized
features are then used to fine-tune a set of time-series models through Bayesian
optimization (BO) for hyperparameter tuning. Finally, various ensemble machine
learning (EL) configurations are evaluated on the refined features to assess their ability
to accurately predict AD progression, ensuring robustness and generalizability across
diverse patient profiles. A visual representation of the proposed framework is provided
in Fig. 7.1.
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4.1 Latent representations of deep features

An autoencoder (AE) is a type of neural network designed to learn efficient, compressed
representations of input data in an unsupervised manner. It consists of two main com-
ponents: the encoder and the decoder. The encoder compresses the input into a lower-
dimensional latent space, while the decoder reconstructs the original input from this
compressed representation. A convolutional autoencoder (CAE) is a variant of the stan-
dard autoencoder, where both the encoder and the decoder use convolutional layers
instead of fully connected layers. This makes CAEs particularly effective for image-based
tasks, as convolutional layers are capable of capturing spatial hierarchies in the data. In
the encoder, convolution operations are applied to the input image, progressively reducing
its spatial dimensions while increasing its depth, which results in a compressed, lower-
dimensional representation. The decoder then employs transposed convolution to up-
scale the compressed representation back to the original image size. The training process
optimizes these convolutional operations to minimize reconstruction loss, enabling the
network to learn a more compact and meaningful representation of the image data.

4.2 Dimensionality reduction of deep features

Dimensionality reduction is critical for optimizing computational efficiency and
reducing storage needs, especially when dealing with high-dimensional data. PCA is an
effective method for simplifying data complexity while retaining essential information
with high accuracy. PCA works by transforming the original high-dimensional space into
a lower-dimensional subspace, ensuring that the most informative feature vectors are
preserved (Jollife & Cadima, 2016). In 3D MRI analysis, where 2D slices are commonly
used for feature extraction in CNNs, many features from inner layers show strong cor-
relations. These interdependent features can cause redundancy and inefficiency. To
mitigate this, PCA is applied to project feature vectors on an orthogonal basis, where
each principal component captures the maximum variance, ensuring the extracted
features are independent. By eliminating redundant or correlated information, PCA
improves both accuracy and computational speed, creating a set of uncorrelated prin-
cipal components that retain only the most discriminative information for further pro-
cessing. Consequently, PCA is essential for enhancing feature representations, reducing
redundancy, and improving the efficiency of CNN-based neuroimaging analysis.

4.3 Sequential features analysis using time-series models

1D convolutional neural networks (1D CNNs), LSTM networks, and GRUs are widely
used DL models designed for sequential data analysis, each with distinct features
tailored to specific tasks.

1D CNNs excel at processing time-series data, signal processing, and text classifica-
tion by applying convolutional filters along a single dimension to capture local patterns
in sequential inputs. Pooling layers reduce dimensionality while retaining key features,
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and nonlinear activation functions enable the network to learn complex relationships.
These models are computationally efficient and suitable for large-scale sequential data
tasks.

LSTMs are an advanced variant of recurrent neural networks (RNNs) that address the
challenges of vanishing and exploding gradients, enabling the learning of long-term
dependencies. LSTM units use gates (forget, input, and output gates) to regulate infor-
mation flow, allowing them to maintain and update cell states effectively. This makes
LSTMs ideal for applications such as natural language processing (NLP) and speech
recognition.

GRU:s are a simpler alternative to LSTMs, which use two gates (update gates and reset
gates) to manage the flow of information. These gates balance retaining past information
and incorporating new data, resulting in faster training and lower computational costs.
Despite their differences, 1D CNNs, LSTMs, and GRUs are all crucial for extracting pat-
terns from sequential data and enabling accurate predictive modeling in various domains.

4.4 Hyperparameter optimization of time-series models

The main objective of hyperparameter tuning is to optimize a time-series model by
selecting the best hyperparameter configuration to enhance test set performance.
This optimization is represented by the following equation:

Xopr = argmax,.f (x)(1)

Here, f(x) is the performance function, x represents the hyperparameter settings, and
Xop is the optimal set. The elements of x,,, can be continuous, integer-based, or cate-
gorical. The objective function f(x), also referred to as a Gaussian Process, is what the
model tries to minimize on a validation dataset. X denotes the hyperparameter search

space. BO based on Bayes’ theorem, is a method that uses prior knowledge to guide the
search for optimal hyperparameters. Bayes’ theorem is expressed as:
P(X]Z)xP(Z|X)P(X)(2)

The posterior probability P(X|Z) is obtained by multiplying the likelihood P(Z|X)
with the prior P(X), indicating that P(X) represents the initial assumptions. The
commonly used hyperparameter tuning methods include grid and random search, but
these approaches do not incorporate learning from the tuning process. To address this,
BO is used, where a probability model is built to translate hyperparameter values into
scores. Those hyperparameter values that receive the top scores are retained for further
analysis.

4.5 Model aggregation using ensemble machine learning

EL enhances prediction accuracy by aggregating the outputs of multiple decision-
making models (Guo et al., 2022; Muhammed & Thiyagarajan, 2021; Nanni et al.,
2016). The primary techniques in EL include bagging, boosting, and stacking, each of
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which contributes to improved generalization performance. In EL, models can be either
heterogeneous or homogeneous. The heterogeneous approach entails employing mul-
tiple distinct algorithms on a single training dataset, whereas the homogeneous
approach utilizes a single algorithm across multiple training datasets. The outputs from
these models are combined using methods such as averaging, voting, or weighted
learning, depending on the specific task. For regression tasks, predictions from different
models are typically averaged or weighted to form the final output. Voting can be ab-
solute, where the outcome is based on a majority agreement among models, or relative,
where the most frequently predicted class is chosen as the final result. In classification
tasks, voting is used to determine the final class label.

5. Proposed optimized ensemble model

The proposed EL framework was designed to optimize feature selection for precise
detection of AD progression. To ensure high-quality input data, all MRI volumes un-
derwent a standardized preprocessing pipeline. The preprocessed dataset was then
partitioned into training (80%) and testing (20%) splits to facilitate a thorough evalua-
tion. To enhance diagnostic accuracy, the most crucial middle slices were extracted from
each 3D MRI volume, specifically from the coronal plane, as this region prominently
captures AD-related neurodegenerative changes, particularly in the hippocampus, which
is known to be a critical structure associated with memory and cognitive function. The
training dataset comprised 451 patients, totaling 1353 MRI volumes, with each patient
contributing scans at three distinct time points. The test dataset included 113 patients
and 339 MRI volumes. To extract meaningful feature representations, multiple CAEs
were trained on the 2D MRI slices. The high-dimensional feature maps generated by
these CAEs were further refined using PCA to eliminate redundancy and improve
computational efficiency. The resulting feature vectors, spanning all three-time steps,
were then integrated with cognitive scores (CSs) through a late fusion approach to
enhance predictive capability. Subsequently, these fused features were used to optimize
the hyperparameters of various time-series models. In addition, the study explored
different ensemble configurations by combining feature embeddings derived from
multiple CAEs. In addition, a comparative analysis of homogeneous and heterogeneous
ensemble networks was conducted to determine the most effective configuration for
improving model performance and generalizability in AD progression detection. The
following sections will detail each step of the proposed AD progression framework.

5.1 Preprocessing of 3D MRI

Image preprocessing involves eliminating irrelevant information from raw MRI volumes,
which facilitates accurate comparison of brain scans of varying sizes by experts and
researchers. In this study, we applied a predefined preprocessing pipeline to the raw MRI
volumes. After processing, domain experts visually inspected the volumes to ensure their



Chapter 7 ¢ Smart healthcare: fusion of multimodal medical signals 183

quality and accuracy. This preprocessing approach led to significant improvements in
model performance compared to using nonprocessed MRI data. In addition, the
computational process was optimized since the data retained only disease-related in-
formation, excluding nonessential regions such as the skull and neck. The preprocessing
steps we performed included correcting the bias field of the MRI volumes, separating the
skull from the brain tissue, and registering the MRI slices to a standard template. Bias
fields in MRI scanners are variations in image brightness that are caused by gradual, low-
frequency signal changes within the scanner, leading to uneven brightness across the
MRI images. These types of noises can negatively affect the overall quality of the MRI
volume, particularly during the image reconstruction phase. One common cause of this
issue is the use of outdated scanner technology. In this study, we employed the N4 bias
field correction algorithm (Avants et al., no date) to address the bias field in our MRI
volumes. N4 is an upgraded version of the N3 bias field correction algorithm, which
utilizes a more advanced B-spline fitting algorithm in the correction process. After
correcting the bias field, brain tissue can be separated from the nonbrain tissue.
Nonbrain tissue refers to the extrameningeal layers surrounding the brain, such as the
dura mater, arachnoid, and pia mater. In this study, we utilized the brain extraction tool
(BET2) (Smith, 2002) to perform skull stripping on MRI volumes. Finally, all slices of the
MRI volume were registered on the Montreal Neurological Institute (MNI) 152 template
(Brett et al., 2002). MNI 152 template registration involves aligning an individual’s brain
imaging data with a standardized reference brain template to allow for comparison
across subjects and studies by transforming the imaging data into a common coordinate
system. We used the FLIRT tool from FSL to perform template registration.

5.2 Optimized deep autoencoder

Our proposed convolutional autoencoder (CAE) is designed to extract detailed, high-level
representational features from an input image. The architecture of the proposed CAE is
optimized for processing grayscale MRI slices with dimensions 112 x 112 x 1. The
encoder module in the proposed CAE is composed of convolutional layers, batch
normalization layers, and pooling layers, forming the primary building blocks of the
network. Specifically, the encoder is organized into three sequential blocks, with each block
consisting of two consecutive convolutional layers followed by batch normalization and
max pooling layers. The convolutional layers employ 3 x 3 kernels to capture spatial fea-
tures at various scales, and each convolutional operation is followed by a batch normali-
zation layer to ensure stability during training. The max pooling layers, which follow the
convolutional and normalization layers, reduce the spatial dimensions by a factor of two at
each block while expanding the channel dimension, thus enabling the model to capture
more abstract features at deeper levels. At the final block of the encoder module, the feature
maps have reduced spatial dimensions of size 14 x 14 x 128. This compact latent repre-
sentation encapsulates the most important characteristics of the original input image,
while maintaining a high level of feature abstraction.
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The decoder module mirrors the encoder’s design, utilizing three consecutive
blocks of convolution, batch normalization, and upsampling layers to reconstruct the
original image from its latent representation. The upsampling layers increase the
spatial dimensions of the feature maps, which are progressively refined by convolu-
tional layers. This process gradually reduces the channel dimension of the feature
maps, allowing for a detailed reconstruction of the input image. The decoder uses
transposed convolution operations for upsampling, which helps in learning the precise
spatial relationships and generating sharper, more accurate reconstructions.
Throughout the encoder-decoder modules, the ReLU (Rectified Linear Unit) was used
as activation function. Additionally, the binary cross-entropy loss function was used
during training to quantify the pixel-wise differences between the reconstructed and
original images, ensuring that the network learns to minimize reconstruction errors
effectively.

The model was trained for 150 epochs using the Adam optimizer. The training pro-
cess utilized a learning rate of 0.0001 and a batch size of 16, optimizing the network to
balance convergence speed and accuracy. This architecture was finalized after a thor-
ough process of experimentation and hyperparameter tuning, which involved balancing
model complexity with performance to achieve optimal reconstruction results. The
architectural design of the encoder-decoder modules, including layer configurations and
detailed specifications, is presented in Table 7.4.

5.3 Enhanced features compression of the deep features

To enhance the quality and representativeness of the deep features extracted by the
proposed CAE, we employed PCA to reduce the dimensionality of these features. This
step was necessary because the kernels in the deeper layers of the CNN model often
capture similar features across multiple feature maps, which contribute minimally to the
model’s accuracy but increase computational overhead. By applying PCA to the

Table 7.4 Technical details for the proposed CAE.

[Size of kernel, number of
kernels, stride, padding, number of
consecutive layers], BN = batch normalizations,

MP = max pooling/US = upsampling layer Output size
Input layer - 112 x 112 x 1
Block 1 [3x3,32,1,1x2], BN, MP[2 x 2] 56 x 56 x 32
Block 2 [3x3,64,1,1 x 2], BN, MP[2 x 2] 28 x 26 x 64
Block 3 [3x 3,128, 1,1 x 2], BN, MP[2 x 2] 14 x 14 x 128
- US[2 x 2] 28 x 28 x 128
Block 4 [3x3,64,1,1x 2], BN, US[2 x 2] 28 x 28 x 64
Block 5 [3x3,32,1,1x 2], BN, US[2 x 2] 56 x 56 x 32

Block 5 Us, [3x3,1,1,1x1] 112 x 112 x 1
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encoder’s output feature maps, we were able to eliminate redundant and less significant
features, resulting in a more compact and informative data set. As a result, we reduced
the dimensionality of the feature vector for the 2D slice embeddings at each time step to
1024 dimensions using PCA. This reduced-dimensional feature vector was then used for
network optimization at a later stage.

5.4 Hyperparameter tuning of the time-series models

For each time-series model, we performed hyperparameter tuning via an automated
optimization process, namely BO. This method was chosen due to its efficiency in
exploring complex, high-dimensional search spaces while minimizing the number of
evaluations required. We applied BO to fine-tune the hyperparameters for the LSTM,
GRU, and 1D CNN models. The goal was to identify the most effective configurations
of the models to enhance their performance on AD progression detection. Tables 7.5
and 7.6 provide comprehensive details of the architectural configurations for these

Table 7.5 Enhanced 1D CNN architecture developed through Bayesian optimization.

Optimized parameter using
Bayesian optimizer [size of the kernel,

Hyperparameter search number of kernels, stride, padding],

space Number of filters, BN = batch normalizations, MP = max

filter size, amount of dropout  pooling with stride, D = dropout Output size
Input layer - 3072 x 1
Conv1D_1 96-128/3-5 [5x 1,96, 2, 1], BN, MP[2/2] 767 x 960
Conv1D_2 128-160/3-5 [3 x 1,128, 1, 1], BN[128], MP[2 x 2] 382 x 1280
Conv1D_3 128-192/3-5 [3 x 1,162, 1, 1], BN[162], MP[2 x 2], D[0.3] 190 x 162
Flatten_layer - - 30,780 + 14
Dense_1 512-1024, 0.1-0.5 Dense(832), D(0.3) 832
Dense_2 64-128, 0.1-0.5 Dense(567), D(0.1) 867
Dense_3 - Softmax(2) 2

Table 7.6 Enhanced LSTM architecture developed through the Bayesian
optimization process.

Hyperparameter search space

LSTM units/Regularization/ [# of LSTM cells,
Input layer Activation function L1 regularizer, activation function] Output size
Input - - 3 x 1024
LSTM_1 416-576/0.1-0.001/[Sigmoid, Tanh] [512, 0.003, Tanh], 3 x 512
LSTM_2 440-480, 0.1-0.001, [Sigmoid, Tanh] [512, 0.005, Tanh], 3 x 512
LSTM_3 440-680, 0.1-0.001, [Sigmoid, Tanh] [384, 0.002, Tanh], dropout(0.3) 3 x 384
Flatten_layer - - 1152 + 14
Dense_1 256-512 Dense(416), dropout(0.2) 416

Dense_2 - Softmax(2) 2
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models. Each table outlines the search space, which includes the specific parameter
ranges and values that the Bayesian optimizer investigates during the optimization
process. The optimized parameters using the Bayesian optimizer column in each table
represent the specific set of hyperparameters that the Bayesian optimizer selected for
each model. By leveraging Bayesian optimization, we ensured that the models were
configured in a way that maximizes their performance while reducing the risk of
overfitting (Table 7.7).

5.5 Ensemble of optimized time-series models for progression
detection

After optimizing the hyperparameters for each time-series model using the
refined feature set, we integrated all three Bayesian-optimized models into an
ensemble framework. The ensemble framework then processed a 110-dimensional
feature set obtained from the PCA, corresponding to the MRI slices per longitudinal
timestep for each subject. Each individual model in the ensemble setting independently
computes class-wise probabilities for each slice, resulting in a total of 330 probability
values across the two classification categories: CN and progress to AD. To derive the
final classification decision, the output probabilities across all three models are aggre-
gated by computing the class-wise average probabilities for each subject. This way the
proposed EL framework leverages the strengths of both convolutional and recurrent
networks to capture long range temporal dependencies using a pool of time-series
models. The final prediction for AD progression was determined by selecting the class
with the highest average probability, ensuring a more robust and generalized classifi-
cation outcome.

Table 7.7 Enhanced GRU architecture developed through the Bayesian optimization
process.

Hyperparameter search [# of GRU units,

space LSTM units/Regularization/ L1 regularizer, activation
Input layer Activation function function] Output size
Input - - 3 x 1024
GRU_1 256~512, 0.001~0.1, [Sigmoid, Tanh] [512, 0.002, Tanh], 3 x 512
GRU_2 416~576/0.001~0.1, [Sigmoid, Tanh] [384, 0.006, Tanh], 3 x 384
GRU_3 416~576/0.001~0.1, [Sigmoid, Tanh] [320, 0.004, Tanh], 3 x 320
Flatten_layer - - 960 + 14
Dense_1 256~512, dropout(0.1~0.5) Dense(512), dropout(0.4) 512
Dense_2 64~128 Dense(64) 64

Dense_3 - Softmax(2) 2
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6. Experimental design

The proposed framework was developed using TensorFlow 2.0 and executed on an
NVIDIA company (NVIDIA) GeForce TITAN X GPU. To ensure robust evaluation, a 10-
fold cross-validation was employed, where the training dataset was partitioned into a
75-25 train-test split at each fold at run-time during the training phase. Performance was
assessed and reported using multiple evaluation metrics, including mean precision,
mean recall, mean F1-score, mean AUC, and mean accuracy.

6.1 Dataset

The dataset used in this study was obtained from the ADNI, a widely known open-
access database for neuroimaging research (Hojjati & Babajani-Feremi, 2022). A total
of 564 subjects were included in this study, comprising 182 CN subjects and 182 in-
dividuals diagnosed with AD. Given that this study focuses on longitudinal MRI-based
disease progression modeling, each subject had three imaging time points with a 6-
month interval (Baseline (BL), Month 06 (M06), and Month 12 (M12)), leading to a
total of 1692 3D MRI volumes in the dataset. The MRI scans were acquired using 3T T1-
weighted anatomical sequences, adhering to the 3D MPRAGE protocol, with an
isotropic voxel resolution of 1 x 1 x 1 mm. An important aspect of the dataset is the
inclusion of 100 subjects classified as converters within the AD cohort. These in-
dividuals were initially diagnosed as CN at BL but gradually developed AD by M48.
Their progression from CN to AD typically started from M18, accompanied by
continuous cognitive decline and structural brain changes, ultimately leading to an AD
diagnosis at M48. Including both converted patients and stable AD cases enabled the
proposed model to capture and learn the patterns of progressive neurodegeneration,
helping to differentiate early-stage AD from fully developed cases. This distinction is
essential for early diagnosis and intervention and is consistent with findings from
previous longitudinal neuroimaging studies.

In addition, the study also incorporated CS commonly used in both clinical and
research settings, including ADAS13, FAQ, MMSE, APOE4, hippocampal volume, and
Rey Auditory Verbal Learning Test (RAVLT). These CS serve as quantitative measures of
memory impairment, functional decline, and overall cognitive status. The integration of
neuroimaging and CS provides a comprehensive multimodal dataset, enabling robust
learning of disease progression dynamics and facilitating more precise AD progression
detection.

6.2 Configuration details and proposed enhancements to existing
autoencoders

To evaluate the effectiveness of the proposed CAE, we compared the representational
quality of the features produced by proposed CAE with those of others, such as VGG-CAE



188 Cybersecurity for Healthcare Systems in the Internet of Medical Things Era

and UNET-CAE. The selection of these models was based on two primary consider-
ations: (1) both architectures incorporate a symmetrical encoder-decoder structure,
making them suitable for direct comparison; and (2) there are no officially available CAE
implementations for architectures such as ResNet, Inception, or DenseNet.
Consequently, we designed the VGG-CAE from the scratch, while the UNET model was
adapted from its original implementation (Weng & Zhu, 2021), with minor modifications
to better align with our feature embedding requirements. A more detailed explanation of
these comparative models is provided in the following subsections.

The latent feature extraction using VGG-CAE: We implemented CAE based on VGG-16
architecture following the steps outlined in (Xu et al., 2021). The objective was to learn
abstract representations of input images and generate compact feature sets. For training
the VGG-CAE, we utilized 2D MRI slices of size 128 x 128 x 1 grayscale images. Binary
cross-entropy was used as a loss function using the Adam optimizer as optimization
function with learning rate of 1 x 10~ for 120 epochs. We implemented early stopping
callbacks to stop the training process and prevent overfitting.

The latent feature extraction using UNET-CAE: We also implemented the UNET model
to extract latent features from the input 2D MRI slices. For training the UNET-CAE, we
treated the input image as the target label and used it for training the model using binary
cross-entropy loss. This way the model learned meaningful representations of input
image in a latent space. We applied the same hyperparameter settings used for training
VGG-CAE to UNET-CAE to ensure consistency in the training process. To extract the
latent feature set, we first processed the input images using only the encoder module of
UNET-CAE to generate latent representations for the 2D MRI slices. The resulting feature
embeddings were then subjected to PCA for dimensionality reduction while retaining
essential information. These refined embeddings were used to optimize time-series
models through a BO process. This procedure was applied to generate feature embed-
dings for all comparative CAEs.

7. Experiments and results

We conducted a comprehensive set of analysis of the proposed framework by
performing a wide range of experiments to assess its robustness, accuracy, and gener-
alizability. This evaluation involved comparing its performance against other CAE-based
architectures, analyzing the impact of different feature embeddings, and fine-tuning
hyperparameters for optimal results. In addition, we examined how integrating
cognitive scores influenced classification outcomes and tested the model’s ability
to generalize across different data distributions. To further validate its effectiveness,
we conducted cross-validation, measured key performance metrics such as accuracy,
AUC, precision, recall, and F1-score to gain deeper insights into its decision-making
process.
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7.1 Exp. 1: single modality: network optimization using MRI only

In this experiment, various time-series models (1D CNN, LSTM, and GRU) were opti-
mized using MRI feature embeddings extracted from different CAEs, including the pro-
posed CAE, VGG-CAE, and UNET-CAE. These models were initially evaluated at the BL
time step, with additional longitudinal data incorporated at six- and 12-month intervals
(BL ~ M06 and BL ~ M12). Results in Table 7.8 indicate that the 1D CNN model performed
the best at BL ~ M06 when using VGG-CAE embeddings, but UNET-CAE and the pro-
posed CAE yielded greater stability and improved accuracy over time. The LSTM model
achieved its highest accuracy (80.20%) with UNET-CAE embeddings, though the pro-
posed CAE provided more consistent performance. The GRU model showed steady im-
provements across all metrics, demonstrating its ability to capture temporal patterns in
AD progression. Notably, models utilizing the proposed CAE based features embeddings
exhibited progressive performance improvement with additional time steps, highlighting
the advantages of longitudinal data integration in improving disease prediction accuracy.

Figure 7.2 evaluates model efficacy using the mAUC as the primary metric due to its
robustness. The 1D CNN model demonstrated improved performance when longitudinal
MRI embeddings were incorporated, achieving its highest mAUC score (80%) at
BL ~ M12 with CAE-based embeddings. LSTM performed best at BL with VGG-CAE
embeddings (77%) and outperformed at BL ~ M12 for UNET (83%) and CAE (79%).
The GRU model attained its highest mAUC scores at BL ~ M12 across all embeddings,
though its trends were less consistent. To summarize, multimodality-based ML algo-
rithms have shown enhanced diagnostic precision compared to single-modality based
ML models. These findings motivated the subsequent experiment, which investigates the
integration of multimodal data to further improve AD diagnosis.

7.2 Exp. 2: multiple modalities: network optimization using MRI + CS

In this experiment, the models from the previous experiment were further optimized by
integrating longitudinal MRI features with CS through multimodal data fusion. BO was
employed for hyperparameter tuning, leading to improved model performance and sta-
bility. This enhancement aligned with medical principles, as multimodal data provides a
more comprehensive representation of disease progression by enriching feature repre-
sentations and refining decision boundaries (El-Sappagh et al., 2020; Huang, 2011; Xu
et al., 2015). Performance comparisons in Table 7.9 demonstrated that multimodal data
fusion consistently improved classification accuracy over MRI-only models. The 1D CNN
achieved its highest accuracy (85.01%) at BL ~ M12 using the proposed CAE-based em-
beddings, outperforming VGG-CAE and UNET-CAE. While LSTM exhibited inconsistent
results with VGG-CAE embeddings, it showed an upward performance trend with UNET
and CAE-based embeddings. The GRU model demonstrated the most stable improve-
ment, achieving the highest AUC (90.86%) and accuracy (87.99%) at BL ~ M12 with the
proposed CAE embeddings. These results confirmed that integrating CS with MRI features
significantly enhances the accuracy and robustness of AD progression detection.



Table 7.8 Optimization

of time-series DL models using MRI feature embeddings

and their achieved performance.

1D CNN LSTM GRU

CAE Met. BL M6 M12 BL M6 M12 BL M6 M12

VGG Pre 7553 +£3.00 76.38+290 73.21+2.51 77.53+4.69 74.32+423 77994223 7842+464 83.21+345 8453+361
Rec  75.01+299 7653+290 7231+143 7866+3.72 72.14+2.07 77.73+1.93 7835+3.81 8455+ 1.77 85.43+4.21
F1 7493 +£1.28 77.83+3.89 72.08+ 1.41 7893+2.14 73.81+2.29 76.03+3.11 77.51+337 83.32+£233 85.83+3.65
AUC 75444+099 77.15+2.58 71.13+3.54 7863+ 157 7491+341 76.61+2.13 79.19+3.51 82.75+3.89 85.64 +2.31
Acc 7452 +291 75824147 70.86+2.22 76894389 72.29+4.62 7698 +344 7822+445 81.87+3.84 83.69+ 141

UNET Pre 75.85+2.77 78.33+293 80.83+£2.08 7598+242 7514+337 77.13+£393 77.41+251 82.81+281 86.28+3.34
Rec 7472 +3.11 77.93+3.86 80.71+1.01 7486+252 7581+296 7848+228 79.23+356 82.11+2.64 8582+ 359
F1 75.88 £3.55 77.82+3.64 81.86+3.29 7585+292 76.67+394 77.06+273 7811+£194 83.10+291 84.77 +£1.59
AUC 74294219 77.21+2.68 79.35+2.94 74494222 7664+1.44 7824+2.81 7898+3.41 82.35+159 8584+1.22
Acc  72.83+294 7562+231 79.84+3.06 73.43+3.06 75.81+295 76.55+3.75 76.82+2.16 80.92 +3.08 84.88 +3.35

Proposed Pre 78.47 £2.40 8391 +191 86.51+141 82.24+332 8228+ 159 86.12+233 82.87+276 84.11+356 89.42+2.16
Rec 79.33+229 8491+268 87.69+282 81.02+4.13 83.81+293 86.59+2.05 82.74+2.15 8564 +2.98 88.54 + 3.27
F1 7894 +£199 8462+1.17 86.22+1.22 8294+426 8495+ 194 86.81+ 197 8339+2.19 85.16+4.62 88.02+1.24
AUC 79.65+1.41 83.58+2.58 87.58+ 1.41 82.06+2.13 8492+ 1.44 87.52+356 84.69+422 86.94+285 90.86+2.17
Acc 77.534+2.53 81.714+1.38 85014275 80.37+1.99 81.54+3.65 8598 +2.27 81.87+222 83.27+196 87.99 +3.07

CAE = convolutional autoencoder, Met. = Evaluation metric, BL = baseline, m6 = BL ~ M6, m12 = BL ~ M12
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Figure 7.3 compares the mAUC of BO time-series models trained with multimodal
data, showing a consistent increase in performance as more longitudinal data was
included. The 1D CNN model with UNET and proposed CAE-based embeddings
demonstrated improved predictive accuracy with additional time steps, with mAUC
increasing by 3% and 7%, respectively, compared to single-modality training. However,
VGG-CAE-based embeddings caused instability in performance. The LSTM model
showed mixed results, improving with VGG-CAE and CAE-based embeddings, but not
with UNET. The GRU model showed consistent improvement across all embeddings,
particularly with CAE-based features, where mAUC rose from 79% to 90%. These results
indicated that integrating CS with MRI data enhanced model stability and accuracy, with
CAE-based embeddings offering the most consistent improvements. The next experi-
ment will explore how combining multiple optimized models improves diagnostic ac-
curacy over single-model approaches.

7.3 Exp. 3: evaluating the impact of homogeneous and
heterogeneous deep EL models using multimodal data

In this experiment, we extended our analysis by investigating the effectiveness of EL
models. To achieve this, we evaluated various EL configurations, including homoge-
neous and heterogeneous EL models. In the homogeneous EL setup, multiple instances
of the same base model were combined, each trained with different parameters for the



Table 7.9 Performance evaluation of BO time-series models using feature embeddings extracted from various

CAEs.
1D CNN LSTM GRU

CAE Met. BL Mé M12 BL Mé M12 BL Mé M12

VGG Pre 7553 +£3.00 76.38+2.90 73.21+251 7753+469 7432+4.23 77.99+223 7842+464 83.21+3.45 84.53+ 3.61
Rec  75.014+2.99 76.53+290 72.31+143 7866+3.72 72.14+207 77.73+193 7835+3.81 8455+ 1.77 8543 +4.21
F1 7493 +1.28 77.83+£3.89 7208+ 141 7893+2.14 73.81+229 76.03+3.11 77.51+337 83.32+233 8583+3.65
AUC 7544 +099 77.154+258 71.13+354 7863+ 157 7491 +341 76.61+2.13 79.19+3.51 82.75+3.89 85.64 +2.31
Acc 74.52+291 7582+147 7086+222 76.89+3.89 72.29+4.62 7698 +3.44 7822+445 81.87+3.84 83.69+ 1.41

UNET Pre 7753 +4.69 7432+423 77.99+223 7598+242 7514+337 77.13+3.93 77.41+251 82.81+281 86.28 +3.34
Rec 78.66 +3.72 72.14+2.07 77.73+193 7486+252 7581+296 78.48+2.28 79.23+356 82.11 +£2.64 85.82+ 3.59
F1 7893 +2.14 73.81+229 76.03+3.11 7585+292 76.67+394 77.06+2.73 78.11+194 83.10+291 84.77 +1.59
AUC 78.63+1.57 7491 +341 76.61+213 7449+222 7664+ 144 78.24+281 7898 +341 8235+ 1.59 8584+ 1.22
Acc 76.89+3.89 7229+462 7698+344 7343+3.06 75.81+2.95 76.55+3.75 76.82+2.16 80.92+3.08 84.88 + 3.35

Proposed Pre 78.47 £2.40 83.91+191 86.51+1.41 82.24+3.32 8228+ 159 86.12+2.33 82.87+2.76 84.11 +£3.56 89.42 +2.16
Rec 79.334+2.29 8491+2.68 87.69+282 81.02+4.13 83.81+293 86.59+2.05 82.74+2.15 85.64+298 88.54 + 3.27
F1 7894+ 199 84.62+1.17 86.22+1.22 8294+426 8495+194 86.81+ 197 83.39+2.19 85.16+4.62 88.02+ 1.24
AUC 79.65+1.41 83.58+258 8758+ 1.41 82.06+2.13 8492+ 1.44 87.52+3.56 84.69+422 86.94+2.85 90.86+ 2.17
Acc 77.53+£253 81.71+£1.38 85.01+275 80.37+1.99 81.54+3.65 85.98 +2.27 81.87+222 8327+1.96 87.99 + 3.07

CAE = convolutional autoencoder, Met. = Evaluation metric, BL = baseline, m6 = BL ~ M6, m12 =BL ~ M12
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same input modality. For example, we explored combinations such as VGG-CAE x 3
with 1D CNN x 3, UNET-CAE x 3 with 1D CNN x 3, and proposed CAE x 3 with 1D CNN
x 3. A similar setup was applied to other time-series models, including LSTM and GRU,
to assess their respective ensemble performances. The details of these configurations are
presented in Table 7.10. For heterogeneous EL models, we combined different types of
time-series models within an ensemble framework to leverage their complementary
strengths. For instance, we evaluated combinations such as VGG-CAE x 3 with 1D
CNN + LSTM + GRU, and similar heterogeneous setups were tested for UNET-CAE and
Proposed CAE-based feature extractors. These configurations were designed to assess
whether integrating diverse model architectures leads to improved AD progression
detection compared to homogeneous ensembles. Table 7.10 presentes the performance
comparison of homogeneous and heterogeneous EL models trained on MRI embeddings
and cognitive scores.

In the homogeneous EL setting, models trained with identical network types exhibit
moderate improvement over the BL time step. Among them, the LSTM ensembles
generally perform better than 1D CNN and GRU ensembles, particularly in terms of
recall and AUC. The UNET-CAE and proposed CAE-based feature extractors show a
consistent trend of improved performance over time (from BL to M12), with proposed
CAE achieving slightly better F1-scores and AUC values. However, accuracy gains remain
limited compared to the heterogeneous models. In contrast, the heterogeneous EL setup,
which combines 1D CNN, LSTM, and GRU, demonstrated significantly better perfor-
mance across all metrics. Notably, the heterogeneous ensemble with the proposed CAE
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feature extractor achieved the highest accuracy (95.83 + 2.32%) at M12, followed closely
by UNET-CAE (94.51 4+ 2.02%) and VGG-CAE (93.29 4+ 3.07%). A similar trend was
observed for AUC and F1-score, where heterogeneous ensembles consistently outper-
form their homogeneous counterparts, highlighting the benefits of integrating diverse
model architectures. Overall, the results indicated that heterogeneous ensembles pro-
vide a substantial boost in diagnostic accuracy, particularly at later time points (M12),
where multimodal information is better leveraged to enhance performance. The pro-
posed CAE-based heterogeneous EL model emerged as the most effective configuration,
achieving the highest diagnostic accuracy and robustness across different evaluation
metrics.

Figure 7.4 presents a comparative analysis of mAUC scores for homogeneous and
heterogeneous deep EL models, highlighting the impact of model diversity on classifi-
cation performance. The results suggest that the heterogeneous deep EL configuration,
integrating three distinct base classifiers, consistently outperformed all homogeneous EL
setups. Notably, homogeneous EL, despite leveraging multiple instances of the same
model type, did not exhibit a clear trend of improved accuracy as longitudinal time steps
increased. In addition, none of the homogeneous ensemble configurations surpassed the
80% mAUC threshold, suggesting limitations in their ability to generalize well across
longitudinal embeddings. In contrast, heterogeneous ELs demonstrated a significant
performance boost when incorporating three diverse classifiers, exhibiting not only
higher mAUC scores but also enhanced stability across feature embeddings as the
number of longitudinal time steps increased. This finding underscores the advantage of
architectural diversity in EL for robust AD’s progression detection.
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8. Comparative analysis of SOTA methods in AD
progression detection

Table 7.11 provides a comprehensive summary of recent studies on AD progression
detection, highlighting the key characteristics of each study. The table includes the
following critical details: 1) whether the study utilizes longitudinal data, 2) if longitudinal
data is employed, what are the number of longitudinal time step, 3) the data modalities
used in a study (such as MRI, PET, or cognitive scores), 4) the number of classification
categories (e.g., binary or multiclass classification), and 5) the reported performance
metrics, including accuracy, precision, recall, and Fl-score. The comparative analysis
presented that our proposed network outperforms most existing state-of-the-art models
in terms of accuracy, except for the model presented in (El-Sappagh et al., 2022), which
achieved an impressive 99% accuracy across several evaluation metrics. This superior

Table 7.11 Comprehensive analysis of the proposed approach with SOTA
progression detection models.

Long. Acc Pre Rec F1. AUC

Ref. Modality pata modalities  CC (%) (%) (%) (%) (%)
Yes/ # Of
No. TS
Farhan et al. (2014) No 1 M1 CN versus AD 93.75 - 875 - -
Sivapriya et al. (2015) No 1 NSB, M4 CN versus AD 96.3 96.3 963 - -
Nanni et al. (2016) No 1 M1 CN versus AD 93.0 - - - -
Armananzas et al. 2017)  VYes 1 fMRI CN versus AD 950 - - - -
Moore et al. (2019) Yes — M1, M2, M5 CN versus MClI 73.0 - - - -
versus AD
Ebadi (2017) No 1 DTI CN versus AD 83.3 80.0 82.5
Qiu et al. (2018) No 1 M1, MMSE, logical CN versus MCI 91.50 93.56 95.93 95.24 —
memory

Choi and Lee (2020) No 1 M1 CN versus AD 93.84 — - - -
Pan et al. (2020) No 1 M1 AD progression 84.00 92.00
Ruiz et al. (2020) No 1 M1 AD progression 83.33
Muhammed and No 1 M1, M4, M5, M2,  CN versus MCI 84.0 - - - -
Thiyagarajan (2021) M3 versus AD
Bi et al. (2021) No 1 fMRI AD progression 83.47 - 90.90 - -
Giovannetti et al. (2021) Yes - MEG, M1 AD progression 87.00 — - - -
Liu et al. (2021) No 1 M1, M3, MMSE AD progression 83.50 — 794 - -
Tanveer et al. (2022) No 1 M1 CN versus AD 85.27 — 87.32 — -
Razzak et al. (2022) No 1 M1 CN versus AD 87.11 — - - -
El-Sappagh et al. (2022) Yes 4 M2, NSB, Statistics  CN versus AD 99.56 99.56 99.56 99.51 —
Yigit et al. (2022) No 1 M4 CN versus AD 89.05 - - - -
Ours* Yes 3 MRI, M2 AD progression 96.11 96.24 96.22 97.06 95.43

Ref = Reference, MRl = M1, CS = M2, Demographics = M3, FDG-PET = M4, CSF = M5
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performance in (El-Sappagh et al., 2022) is primarily attributed to the use of a larger
number of longitudinal time steps and a more extensive combination of multimodal
data inputs, offering a more granular and richer representation of the disease progres-
sion. These findings further support our hypothesis that the inclusion of diverse data
modalities and a higher number of longitudinal time steps in the training process sub-
stantially improves a model’s capacity to detect AD progression with greater precision.
By incorporating such a comprehensive dataset, ML models can capture intricate tem-
poral patterns and multimodal interactions, leading to enhanced robustness and
generalization when applied to clinical scenarios.

9. Limitations and future research directions

This section highlights the constraints of the current study and outlines potential areas
for future exploration and improvement.

e This study primarily utilized a single neuroimaging modality, MRI, for analysis.
Expanding the approach to incorporate other imaging, such as functional MRI
(fMRI) and PET, could provide a more comprehensive representation of brain ac-
tivity and pathology. Future research will focus on integrating multimodal imaging
data to enhance classification performance and improve the overall understanding
of AD’s progression detection.

e The dataset used for this study was obtained from the ADNI database. While ADNI
provides high-quality neuroimaging and clinical data, relying on a single data
source may limit the model’s ability to generalize well across diverse populations.
Our future studies will aim to incorporate data from additional sources, increasing
sample diversity and enhancing the model’s robustness in real-world applications.

e Although longitudinal MRI scans (BL, M06, M12) proved effective in predicting AD
progression, incorporating additional longitudinal time points in future analyses
will enable a deeper understanding of disease evolution. Capturing temporal
changes in brain structure through sequential imaging data will allow the model to
learn spatiotemporal patterns, potentially leading to earlier and more precise pre-
dictions of AD onset and progression.

e Future research will also explore transformer-based multimodal ML frameworks to
enhance data fusion and processing. These models will be designed to efficiently
integrate diverse data modalities, such as neuroimaging, genetic, and clinical infor-
mation, leveraging their self-attention mechanisms to capture complex spatial and
temporal dependencies. This approach will aim to improve both interpretability
and predictive accuracy, ultimately contributing to more effective diagnostic and
prognostic tools for neurodegenerative diseases.
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10. Conclusion

In this work, we proposed a hybrid deep ensemble learning framework for detecting AD
progression by integrating multimodal medical data. Traditional approaches primarily
rely on single-modality data, limiting their ability to capture complex disease patterns.
To address this limitation, our framework leveraged a combination of longitudinal MRI
scans and cognitive scores, effectively enhancing predictive accuracy. By incorporating a
lightweight convolutional autoencoder (CAE) for feature extraction and employing
Bayesian optimization to fine-tune a heterogeneous ensemble of time-series models, we
achieved a robust and computationally efficient solution for AD detection. Our findings
suggest that multimodal data fusion significantly improves model performance,
achieving state-of-the-art accuracy of 95% and an AUC of 97%. We anticipate that this
research will contribute to the advancement of smart healthcare by facilitating early
detection and personalized intervention for AD.
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