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Abstract

Background: Alzheimer’s disease (AD) is a major globa health challenge, characterised by progressive cognitive decline and
rising prevalence due to population ageing. Despite increased awareness, a substantial diagnostic gap remains, underscoring the
urgent need for scalable and accurate early detection methods. Artificia intelligence (Al) provides a promising solution by
integrating multimodal data to enhance diagnostic accuracy and clinical decision-making. However, current research remains
fragmented, with studies often focusing separately on clinical phenotyping or linguistic-based cognitive impairment data.

Objective: This review aims to systematically synthesise recent advances in multimodal Al approaches for AD diagnosis and
risk prediction, bridging the gap between clinical phenotyping and linguistic-based cognitive assessment research.

M ethods: Following the PRISMA 2020 guidelines, a comprehensive search was conducted across major databases to identify
studies published in the past five years that applied multimodal Al models for AD diagnosis or cognitive impairment detection.
A total of 97 eligible studies were included for qualitative synthesis. Extracted data covered modality combinations, Al
modelling strategies, evaluation metrics, and dataset usage.

Results: Multimodal Al models consistently outperformed single-modality approaches in diagnostic accuracy and
generalisahility. Deep learning and ensemble learning frameworks were the most frequently adopted methods, offering strong
feature-fusion capabilities. However, methodological heterogeneity, data imbalance, and limited dataset accessibility were
recurring challenges. The review further summarises representative modality pairings such as imaging + clinical, imaging +
genetic, and speech + cognitive features and provides an overview of publicly available multimodal datasets to facilitate
reproducibility and benchmarking.

Conclusions: This systematic review provides a comprehensive overview of multimodal Al models for AD diagnosis, uniquely
integrating both clinical phenotyping and linguistic-based cognitive assessment perspectives. It highlights key methodological
trends, dataset limitations, and opportunities for future research toward standardised, interpretable, and generalisable Al-driven
diagnostic frameworks for Alzheimer’s disease.

(IMIR Preprints 07/10/2025:85414)
DOI: https://doi.org/10.2196/preprints.85414
Preprint Settings

1) Would you like to publish your submitted manuscript as preprint?

+ Please make my preprint PDF availableto anyone at any time (recommended).
Please make my preprint PDF available only to logged-in users; | understand that my title and abstract will remain visible to all users.
Only make the preprint title and abstract visible.

https://preprints.jmir.org/preprint/85414 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Yuetal

No, | do not wish to publish my submitted manuscript as a preprint.

2) If accepted for publication in aJMIR journal, would you like the PDF to be visible to the public?

' Yes, please make my accepted manuscript PDF available to anyone at any time (Recommended).
Y es, but please make my accepted manuscript PDF available only to logged-in users; | understand that the title and abstract will remain v
Y es, but only make the title and abstract visible (see Important note, above). | understand that if | later pay to participate in <a href="htt
No. Please do not make my accepted manuscript PDF available to anyone. | understand that if | later pay to participate in <a href="https:/

https://preprints.jmir.org/preprint/85414 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Yuetal

Original Manuscr ipt

https://preprints.jmir.org/preprint/85414 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Yuetal

Multimodal Al for Alzheimer’s Disease Diagnosis: A Systematic
Review of Datasets, Models and Modalities

Abstract

Alzheimer’s disease (AD) is a significant global health concern, characterised by progressive
cognitive decline and increasing prevalence due to population ageing. Despite growing awareness, a
considerable diagnostic gap persists, emphasising the urgent need for scalable and effective early
detection methods. Artificial intelligence (AI) offers a promising solution by integrating multimodal
data to improve diagnostic accuracy and support clinical decision-making. However, existing
multimodal AI studies for AD diagnosis remain fragmented, focusing separately on either clinical
phenotyping or linguistic-based cognitive impairment data. Following the PRISMA protocol This
review paper identified 97 publications for analysis and systematically synthesises multimodal Al
models developed over the past five years, aiming to bridge current gaps in research. The primary
contributions of this review include: (1) summarising representative modality combinations and
evaluating their diagnostic performance; (2) critically assessing a wide array of modelling strategies
to identify optimal methods and methodological trade-offs; and (3) compiling a comprehensive
overview of publicly available multimodal datasets to support future research. This review provides
essential guidance for researchers, facilitating standardised, integrative approaches and advancing
multimodal Al-driven diagnostic capabilities in AD.

Keyword: Alzheimer’s disease, neurodegenerative disease, Multimodal dataset, Machine learning,
Deep learning

1. Introduction

Alzheimer’s disease (AD) is the most prevalent neurodegenerative disorder and the leading
cause of dementia worldwide [1]. With global population ageing, AD has become one of the costliest
and deadliest a diseases of the 21st century, imposing an enormous emotional, financial, and
caregiving burden on patients and their families. According to recent estimates, the global number of
people living with AD is expected to double from 55 million in 2020 to around 139 million by 2050
[1]. AD follows a continuous progression that includes several clinical stages [2]: preclinical AD,
mild cognitive impairment (MCI), mild AD, moderate AD, and severe AD. Among these, the
preclinical AD stage is considered a critical window for early intervention, during which
neuropathological changes have begun, but clinical symptoms are not yet apparent [2]. However,
despite increasing awareness, a substantial proportion of AD cases remain undiagnosed globally,
with rates reaching up to 75% in low- and middle-income countries [3]. This alarming diagnostic gap
underscores the urgent need for low-cost, scalable, and effective AD detection models to enable early
diagnosis and timely therapeutic intervention, thereby slowing disease progression and improving
patients’ quality of life [4].

Given this significant diagnostic challenge, artificial intelligence (AI) has emerged as a
promising approach for improving the early detection and management of AD. By systematically
integrating and analysing vast multimodal data, Al-based diagnostic frameworks offer powerful tools
to enhance early detection accuracy and facilitate timely intervention. The workflow of Al-assisted
AD diagnosis involves three stages, as illustrated in Figure 1. The initial stage involves
comprehensive data acquisition, leveraging diverse modalities and devices to collect neural signals,
biomarkers, genetic profiles, and physiological parameters. Given the heterogeneity and potential
noise in the raw data, data preprocessing, including normalisation and feature augmentation, plays a
vital role in ensuring the integrity and analytical value of the modelling process. The second step is

https://preprints.jmir.org/preprint/85414 [unpublished, non-peer-reviewed preprint]
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model development/feature extraction which will discuss in detail in Sections 3. Single modality and
4. Multimodal data. The last step is interpretable and explainable analysis for AI models, which will
be elaborated on in Section 5. .
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Figure 1 Artificial intelligence for Alzheimer’s disease diagnosis

Traditional machine learning [5], ensemble learning [6], deep learning [7], and reinforcement
learning (RL) [8] methods have achieved high performance in Al-aided AD diagnosis when applied
to single modalities. In contrast, clinical diagnosis inherently relies on integrating both structural and
behavioural indicators[9]. This highlights a gap: Al systems that remain unimodal risk diverging
from clinical decision-making workflows. Limited multimodal integration restricts diagnostic
accuracy and fails to leverage complementary strengths, such as combining MRI for structural
changes with speech features for cognitive decline [10]. Without such integration, models risk
overfitting to a single modality and underperforming in real-world settings. Consequently, recent
research has increasingly emphasised multimodal data integration for AD diagnosis as shown in
Figure 3. Yet most studies focus on demonstrating incremental accuracy gains, with limited attention
to generalisability, interpretability, or cost-effectiveness factors that determine clinical adoption.
Although AI methods have demonstrated significant potential, the rapid expansion and fragmented
nature of multimodal studies have led to isolated findings. Furthermore, recent review papers
predominantly summarise Multimodal Clinical Phenotyping datasets [11] and Multimodal
Linguistic-based Cognitive Impairment datasets [12] in isolation. This separation obscures cross-
modal insights, for example how imaging features and speech biomarkers might jointly improve
early diagnosis. To date, no comprehensive review has (1) systematically integrated insights on
optimal modality combinations, (2) evaluated best modelling strategies, and most importantly (3)
provided an overview of the full array of available multimodal datasets. Motivated by these gaps,
this review systematically analyses recent multimodal AI models for computer-aided AD diagnosis
published over the past five years. The primary contributions of this review are as follows: (1) based
on commonly used multimodal datasets, it provides a detailed summary of the most representative
modality combinations and their performance in AD diagnosis. (2) it critically evaluates a wide range
of modelling strategies including traditional machine learning, ensemble learning, deep learning, and
reinforcement learning to identify best practices and methodological trade-offs; and (3) it compiles a
comprehensive overview of publicly available multimodal datasets to support future research.
Therefore, this review serves as a critical resource for researchers entering or advancing in the field
of multimodal Al-driven AD diagnosis. The structure of this paper is as follows: Section 2.
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Systematic literature review methodology outlines the methodology employed to retrieve relevant
research articles. Section 3. Single modality introduces computer-aided AD diagnosis based on single
modalities and presents commonly used performance evaluation metrics. Section 4. Multimodal data
offers a detailed review of recent multimodal models developed specifically for AD diagnosis.
Section 5. discusses existing challenges and proposes directions for future research. Finally, Section
6. Conclusion concludes the review.

Trends of ML Methods for Alzheimer's Diagnosis (2019-2025)
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Figure 2 Trends of ML Methods for computer-aided diagnosis AD

2. Systematic literature review methodology

This section outlines the application of the PRISMA [13] methodology to systematically
investigate computer-aided approaches for Alzheimer’s disease diagnosis, with a particular focus on
studies utilising multimodal clinical phenotyping datasets and multimodal linguistic-based cognitive
impairment datasets.

2.1 Source of the study and Search criteria

This Literature searches were conducted in the following electronic databases: IEEE Xplore,
ACM Digital Library, Scopus, PubMed, arXiv, and Web of Science. A unified search strategy was
applied across all databases, combining disease-related, diagnostic, and methodological terms. The
core query was (“Alzheimer” OR “dementia”) AND (“diagnosis” OR “classification” OR
“prediction”) AND (specific methodological keywords). Method-specific search terms were then
added as follows: for traditional machine learning (“support vector machine” OR “SVM” OR
“random forest” OR “decision tree” OR “logistic regression” OR “k-nearest neighbour” OR “Naive
Bayes”); for deep learning (“deep learning” OR “neural network” OR “CNN” OR “convolutional
neural network” OR “RNN” OR “LSTM” OR “autoencoder” OR “transformer” OR “BERT” OR
“GPT”) et al. The complete search strings are provided in the supplementary Materials.

2.2 Eligibility criteria

Inclusion criteria. Studies were considered eligible if they met all the following conditions:
* Focused on Alzheimer’s disease (AD) or related dementias as the primary clinical outcome.
e Applied artificial intelligence or machine learning methods for computer-aided diagnosis,
classification, or prediction.
e Utilised multimodal datasets, including combinations of clinical phenotyping, neuroimaging,
genetic, or linguistic/cognitive data.
¢ Reported quantitative evaluation metrics (e.g., accuracy, AUC, sensitivity, specificity).

https://preprints.jmir.org/preprint/85414 [unpublished, non-peer-reviewed preprint]
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Written in English.

Exclusion criteria. Studies were excluded if they met any of the following:

Unimodal approaches using only a single imaging modality, cognitive test, or biomarker, without any
multimodal integration.

Works without reported performance metrics or with insufficient methodological detail.
works not addressing diagnosis, classification, or prediction (e.g., treatment response, drug
trials, lifestyle interventions)

duplicate publications or overlapping datasets without providing additional methodological
contribution.

non-English publications.

2.3Selection process

The study selection process followed the PRISMA 2020 guidelines. All records retrieved from
the databases were first imported into Zotero, where duplicates were automatically detected and
removed.

The initial search identified 825 records. After removing 372 duplicates, 453 records remained
for title and abstract screening, 356 studies were excluded for the following main reasons:

Obviously irrelevant at title/abstract level (n = 132)

Focused on outcomes unrelated to AD diagnosis, classification, or prediction (e.g., drug trials,
treatment response, lifestyle interventions) (n = [115]).

Used unimodal data without multimodal integration (n = [106]).

Non-English publications (n = [3]).

Finally, 97 studies were included in the systematic synthesis[Jand all were successfully retrieved
(reports not retrieved = 0). The complete selection process is summarised in the PRISMA 2020 flow
diagram Figure 3.
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Figure 3 Flow diagram of PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-analyses)

3. Single modality

If the reader is already familiar with standard machine learning methods, they may wish to
skip directly to Section 4. Multimodal data, where discuss multimodal data in AD diagneosis.
There are several machine learning methods in the computer-aided AD diagnosis, these methods can
be summarised into traditional machine learning, deep learning, ensemble learning, reinforcement
learning and multimodal learning. These methods are summarised below.

3.1 Traditional machine learning models

Support Vector Machine (SVM) is a supervised learning model initially proposed by Cortes
[14], widely utilised for both classification and regression tasks. The core principle of SVM involves
identifying an optimal hyperplane in a high-dimensional feature space that maximally separates data
points from different classes. Due to its robust generalisation capabilities, SVM has been extensively
applied in computer-aided diagnosis systems, particularly for medical image classification and
disease detection [15], [16], [17], [18], [19]). However, SVM exhibits notable limitations under
certain conditions. Specifically, in scenarios where the dimensionality of the feature space exceeds
the number of training samples, the model is prone to overfitting. Additionally, conventional SVM
does not inherently provide probabilistic outputs, which constrains its interpretability in clinical
decision-making processes. These drawbacks underscore the need for hybrid or enhanced models
that integrate SVM with dimensionality reduction techniques or probabilistic calibration methods to

[unpublished, non-peer-reviewed preprint]
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improve performance and interpretability.

Decision Tree (DT) is a widely utilised, interpretable machine learning technique applicable to
both classification and regression tasks. It operates by recursively partitioning the feature space
based on a set of decision rules, which are derived from prior probabilities and the expected value of
target outcomes. Due to its inherent simplicity and transparency, DT models are frequently employed
in scenarios involving datasets with high proportions of missing values [20], [21], [22], [23]. Their
intuitive structure requires minimal domain-specific expertise and is computationally efficient,
making them particularly suitable for preliminary data exploration and decision support systems in
clinical and diagnostic settings. However, a well-known limitation of decision trees is their tendency
to overfit, especially when applied to large datasets with complex, non-linear relationships, unless
appropriately regularised through techniques such as pruning or ensemble learning.

Hidden Markov Model (HMM) is a classical machine learning framework widely employed in
both classification and regression tasks. In HMMs, the underlying system is modelled as a set of
hidden states that are not directly observable, while the observable outputs are probabilistically
dependent on these latent states. Each hidden state is associated with a specific probability
distribution over the set of possible observed outputs. By generating a sequence of observations, the
model provides insights into the underlying sequence of hidden states. Owing to its ability to
effectively model temporal dependencies and stochastic processes, HMM is particularly suitable for
analysing series data. Consequently, it has been extensively applied to computer-aided diagnosis of
AD [24], [5], [25], [26], where temporal patterns in verbal communication can serve as critical
biomarkers for early detection and disease progression monitoring.

In addition to HMM-based approaches, various other machine learning algorithms such as k-
Nearest Neighbors (KNN), Logistic Regression (LR), and Gaussian Mixture Models (GMMs) have
been applied in the field of Al to assist in the diagnosis of AD [27], [28], [29], [30], [31]. Although
these traditional models have demonstrated effectiveness in specific tasks, they often struggle to
capture the complex and comprehensive features present in large-scale multimodal datasets. To
overcome these limitations, researchers have proposed deep learning models that can automatically
extract rich and latent feature representations from diverse data sources.

3.2 Deep Learning

Deep learning models possess a superior capability for hierarchical feature extraction compared
to traditional machine learning algorithms. This advantage enables them to effectively capture
complex and subtle patterns within high-dimensional data. Consequently, deep learning has been
extensively employed to process and integrate multimodal data related to AD, including
neuroimaging, clinical scores, genetics, and speech signals. The major approaches and findings in
this domain are summarised below.

Convolutional Neural Network (CNN) is specifically designed for the analysis of image data,
leveraging spatial hierarchies by capturing local patterns through convolutional operations. By
exploiting spatial correlations among adjacent pixels, CNNs are particularly effective in extracting
discriminative features from medical imaging. Given that neuroimaging modalities play a critical
role in the diagnosis and staging of AD, a wide range of CNN architectures and their variants have
been proposed. These models have demonstrated high performance in AD classification and
prediction tasks, often surpassing traditional approaches in terms of accuracy and robustness [32],
[33], [34], [35], [36]. However, despite their widespread adoption, CNNs exhibit several limitations
beyond overfitting. Firstly, their inherent inductive bias toward locality and translation invariance,
while effective for capturing low-level features, may restrict their capacity to model long-range
dependencies and global contextual information that an aspect increasingly relevant in capturing
subtle neurodegenerative patterns across distributed brain regions. Secondly, CNNs often require
extensive architecture tuning and large labelled datasets to achieve generalisability, making them less
flexible in data-scarce medical contexts, and challenges remain in balancing computational
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efficiency, interpretability, and performance on small, heterogeneous clinical datasets.

Long Short-Term Memory (LSTM) and Recurrent Neural Network (RNN). RNN is well-
suited for modelling dynamic temporal datasets, owing to their inherent architecture that allows
information to be cyclically propagated through recurrent connections. This design enables RNNs to
capture temporal dependencies and contextual relationships within sequential data. As a result, RNNs
can handle a wide variety of time-series inputs, in applications involving longitudinal clinical data,
speech patterns, and physiological signals relevant to AD progression [37], [38], [39], [40]. Although
RNNs perform well in modelling sequential data, they are inherently susceptible to the vanishing
gradient problem during training, particularly over long input sequences.

To address this limitation, LSTM was introduced as a specialised variant of RNN. It introduces
memory cells and gating mechanisms, including a forget gate, which help regulate the flow of
information and preserve long-term dependencies in the data. Compared with traditional RNNs,
LSTM offers greater training stability and enhanced performance in capturing temporal patterns. As
a result, it has been widely applied in AD research, particularly for processing longitudinal clinical
data, speech signals, and other sequential modalities [41], [42], [43], [44].

Transformer model, which leverages attention mechanisms, dynamically assigns different
weights to input features based on their relative importance. Each layer of the Transformer consists
of multiple attention heads, allowing the model to capture diverse feature representations by
attending to various aspects of the input. This parallelised attention structure significantly enhances
training efficiency and scalability. Owing to these advantages, Transformer-based architectures have
been widely adopted recently in the domain of AD diagnosis [45], [7], [46], [47]. Furthermore, the
inherent encoder-decoder framework of Transformers facilitates the integration of heterogeneous
data sources, enabling the development of multimodal approaches that effectively fuse features from
various modalities. This capability has proven particularly valuable in computer-aided diagnosis of
AD, as will be elaborated in the following section.

3.3 Ensemble learning

Ensemble learning is a machine learning paradigm that enhances model generalisation,
robustness, and predictive accuracy by aggregating the outputs of multiple base learners. Common
ensemble strategies include bagging such as Random Forest, boosting algorithms such as AdaBoost,
XGBoost, and LightGBM, which Sequential stacking tech. These methods have been extensively
applied to the early detection, subtyping, and progression prediction of AD, owing to its ability not
only to optimise performance by combining the strengths of diverse algorithms, but also to improve
model reliability in the presence of clinical heterogeneity [6], [48], [49], [50]. Ensemble methods are
also known to mitigate the effects of class, however the integration of multiple models increases the
risk of redundant feature learning, which may yield only marginal gains in predictive performance,
especially when applied to small-scale datasets. Finally, their typically large size and slower
inference speed may pose deployment challenges in real-time or resource-constrained environments,
such as mobile health or wearable platforms.

3.4 Reinforcement learning

Reinforcement learning (RL), a subfield of machine learning, is centred on the concept of
enabling an agent to learn an optimal policy through continuous interaction with its environment,
with the objective of maximising cumulative rewards. Given that AD is a chronic, progressive
neurodegenerative disorder, its long-term management and the need for personalised intervention
strategies align well with the sequential decision-making capabilities inherent in RL. A core
component of RL is the value function, which estimates the expected cumulative benefit of a given
state or action. In recent applications to AD, researchers have begun using deep neural networks to
approximate value functions, enabling the agent to handle complex, high-dimensional patient data.
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By simulating the dynamic process of “treatment—feedback—optimisation,” RL offers a more adaptive
and flexible framework for devising individualised, long-term therapeutic strategies in AD care [8],

[51]).
3.5 Performance evaluation matrices

To ensure the clinical applicability and scientific rigour of computer-aided diagnosis models for
AD, it is essential to systematically evaluate their performance using a variety of quantitative
metrics. These evaluation metrics not only guide model selection and optimisation but also provide a
standardised basis for comparing results across different studies and datasets. Performance metrics
help determine how well a model can differentiate between disease stages, predict progression, or
generalise to unseen data. Table 1 presents a comprehensive overview of evaluation metrics
commonly used in AD diagnosis models, which can be broadly divided into two categories. Metrics
such as Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), Root Mean Squared Logarithmic Error (RMSLE), Normalised MSE (NMSE), Correlation
Coefficient (CC), Weighted Correlation, Adjusted Rand Index (ARI), Normalised Mutual
Information (NMI), and Area Under the Curve (AUC). These metrics capture model performance in
probabilistic, continuous, or unsupervised learning contexts, which play a crucial role in complex,

data-rich healthcare applications.
Table 1 Performance evaluation for Alzheimer’s disease diagnosis

Name Equation Interpretation
Overall percentage of
Accuracy TP+TN correct predictions
(ACC) TP+FP+TN+FN (range: 0—1; higher is
better)
The fractions that are
Precision TP positive among
predicted positives
(PRE) TR+FP (range: 0—1; higher is
better)
R/esczllllsgi{\];:it(:) Fraction of actual
(SEN) /Tr }; TP positives correctly
.. y TP+FN identified (range: 0—
Positive Rate
(TPR) 1; higher is better)
Fraction of actual
Specificity N negatives correctly
(SPE) TN +FP identified (range: 0—
1; higher is better)
Harmonic means
F1 score 2 precision and recall
RC '4+PRE! (range: 0-1; higher is
better)
Matthews Correlation of the
Correlation TP-TN —FP-FN confusion matrix
Coefficient \/1 TP+FP|(TP+FN|(TN+FP|(TN+FN) (range: —1 to 1; closer
(MCQ) to 1 is better)
Average of sensitivity
Balanced , g
Accuracy 1 ( REC +SP E): 1 TP + TN and spec1f1F1ty '
(BAC) 2 2\ TP+FN TN+FP (range: 0—1; higher is
better)
Mean 1 Zn: | _ A‘ Average magnitude of
Absolute n< YimJi prediction errors for
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Mean
Squared
Error (MSE)

Normalised
Mean
Squared
Error
(NMSE)
Mean
Squared
Error
(RMSE)
Root Mean
Squared
Logarithmic
Error
(RMSLE)

Normalised
Mutual
Information
(NMI)

Adjusted
Rand Index
(ARI)

Correlation
Coefficient
(CC)

Weighted
Correlation
Coefficient

Area Under
ROC Curve
(AUCQ)

MSE
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where w represents a weight vector
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continuous outputs
(non-negative; lower
is better)
Average squared
prediction error (non-
negative; lower is
better)

Mean Squared Error
normalised by the
variance of the target
variable (lower is
better)

Square root of Mean
Squared Error (non-
negative; lower is
better)

Root Mean Squared

Error on a log scale

(non-negative; lower
is better)

Information-theoretic
similarity between
predicted and true
labels (range: 0-1;

higher is better)

Measures agreement
between clustering
(range: 0—1; higher is
better)

Linear correlation
between two
continuous variables
(range: —1 to 1; closer
to 1 is better)
Pearson correlation
that assigns weights
to observations
(range: —1 to 1; closer
to 1 is better)
The probability that a
classifier ranks a
random positive
classification higher
than a random
negative classification

Yueta
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(range: 0—1; higher is

better)
TP: number of correctly identified positive cases. TN: number of correctly identified negative cases.
FP: number of negative cases incorrectly identified as positive. FN: number of positive cases
incorrectly identified as negative. );: true (actual) value of the i-th observation. J;: the predicted
value produced by the model for the i-th observation. H(X): the entropy of X, which measures the
amount of uncertainty or randomness in variable X. H(Y): the entropy of Y, which measures the
amount of uncertainty or randomness in variable Y. N: the total number of data points, Nj: the
number of points shared between cluster C; in partition P and class C;" in ground truth partition P”.
s(p): the score (or prediction probability) assigned by the model to a positive sample. s(n): the score
assigned to a negative sample.

2.6 Summarisation

Although traditional machine learning approaches based on single-modality feature extraction
have demonstrated competitive performance in AD-related tasks, several inherent limitations remain:
1. Information Completeness: Structural MRI data alone often fails to capture the full
spectrum of cognitive and behavioural alterations associated with AD. While MRI provides
valuable information about brain atrophy and structural degeneration, it lacks sensitivity to
functional and molecular changes. Therefore, incorporating other data modalities such as
FDG-PET (which measures brain metabolism), amyloid or tau PET (which capture
pathological burden), neuropsychological assessments, speech and language features, EEG,
and genetic or biomarker data can offer a more comprehensive and multidimensional
understanding of disease progression and patient heterogeneity. The integration of
multimodal data can significantly enhance the completeness of clinical representation
(Fatima et al [52]).

2. Model Robustness: In multimodal datasets, the presence of noise in one modality, which
may not be effectively mitigated by conventional denoising methods can be compensated by
complementary information provided by other modalities, thereby improving the overall
robustness and reliability of the model. The human cognitive system inherently relies on
multisensory integration to perceive and interpret complex stimuli. Multimodal models are
thus more aligned with biological mechanisms, enabling a more accurate simulation of
human-like cognitive processes [53].

3. Cross-Modal Learning: Transformer-based architectures facilitate cross-modal
representation learning and support weakly supervised learning paradigms, wherein
information from one modality can guide or supervise the learning process of another. This
enhances model generalisation and performance under limited supervision [54].

4. Real-World Decision-Making: Multimodal learning frameworks are more reflective of real-
world clinical decision-making processes, which are inherently multi-dimensional.
Incorporating diverse data sources aligns computational models with practical diagnostic
workflows and enhances their translational potential in clinical environments [55].

Therefore, this paper provides a comprehensive survey of the advantages and limitations of
multimodal models in the context of computer-aided diagnosis of AD, with a particular focus on
dataset de-classification strategies. By utilising dataset de-classification, researchers can evaluate and
compare the performance of different models under consistent experimental conditions, thereby
enabling a more objective and rigorous assessment of model generalisability and robustness.
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4. Multimodal data

4.1 Multimodal Dataset overview

Yueta

High-quality data plays a pivotal role in training Al models for computer-aided diagnosis and
detection. Robust datasets not only enhance the generalisation ability of models but also help
mitigate the risk of overfitting. Commonly used datasets for Al-assisted diagnosis of AD can be
broadly categorised into two types. The first type multimodal clinical phenotyping dataset such as the
Alzheimer’s Disease Neuroimaging Initiative (ADNI), UK Biobank, and the Open Access Series of
Imaging Studies (OASIS) focuses on neuroimaging modalities, including MRI, fMRI, genetic data,
and electronic health records (EHRs). The second type - multimodal cognitive-linguistic behavioural
dataset, centres on sequential data modalities, including audio, video, and transcribed (typed)
language data, such as the Pitt Corpus and ADReSS. Each dataset type provides unique features that
contribute to the comprehensive modelling of AD progression and diagnosis. The commonly used
datasets, along with their population demographics and associated modalities, are summarised in

Table 2.
Table 2 Commonly used dataset
Population Demographics
Dataset Modalities Link
Male, n (%) Age, mean(y)
+ s.d.
UK Biobank | 23000,46% | 56581 | Soeic %€ | ukbiobank.
monitor[ JEHR ac.uk
ADNI-1 469, 57.3% 75+6.9
ADNI-GO MRI, PET, | DNUPSY/
ADNI 473, 53% 72.5+7.2 v ’ adni.loni.us
and 2 genetic, EHR c edu
ADNI-3 471, 49% 749 + 8.1 '
OASIS-1 177, 42.5% 57 + 39
OASIS-2 | 60, 40% 78 + 18 https://
OASI - S = MRI, PET, CT, | sites.wustl.
S OASIS-3 622, 45% 69 * 26.56 genetic, EHR edu/
oAsIs-4 | 093 57.5 + 36.5 oasisbrains/
subjects
https://
23 625, MRI, PET,
NACC 44.62% 73.3 +10.5 genetics, EHR nacccgk;lta.or
https://
MRI, genetic framingha
(0] ’ ]
FHS 718, 42% 80.76 £ 8.2 ELR mheartstud
y.org
https://
AIBL 289, 43.72% 73.5+7.03 MRI.’ PET, aibl.csiro.a
genetic, EHR u
. HC:104,
Do Pitt corpus | A 5.508/552
. HC:78, https://
%ﬁf ADReSS AD: 78/156 - Audio, text dementia.ta
HC: 115, lkbank.org/
k| ADReSSo | \ny195037
ADReSS-M | HC: 143,

https://preprints.jmir.org/preprint/85414

[unpublished, non-peer-reviewed preprint]



JMIR Preprints Yuetal

AD:148/291
TAUKADI
AL 106/507
Multimodal HC: 10, i Audio, Typed, [56]
Dementia Corpus | AD: 12/816 Hand-written
ADReFV AD:25 66.68 + 2.08 Video [57]

GENCODE Human:7868 i Genetics Gencodege

6 nes.org

To better understand current research trends, this paper reviewed recent literature from the past
five years focusing on multimodal Al models for AD diagnosis. The studies were categorised based
on the type of dataset used: (1) Multimodal clinical phenotyping datasets: Our analysis reveals that
the ADNI dataset overwhelmingly dominates this category, being employed in approximately 80% of
relevant studies. The remaining 20% of studies utilise other clinical phenotyping datasets, including
UK Biobank, OASIS, NACC, FHS, and AIBL, often in supplementary roles or for external
validation purposes. (2) Multimodal cognitive-linguistic behavioural datasets: In contrast, studies in
this category most frequently adopt the ADReSS series (including ADReSS, ADReSSo, and
ADReSS-M), which collectively account for approximately 70% of usage. The remaining 30% of
studies incorporate alternative datasets such as TAUKADIAL, the Multimodal Dementia Corpus, and
ADReFV. These datasets are typically used in conjunction with the ADReSS series or employed to
benchmark model performance across modalities.

4.2 Multimodal clinical phenotyping datasets

Multimodal clinical phenotyping datasets primarily comprise a wide array of data types,
including MRI, PET, and DTI neuroimaging data; biological markers derived from blood,
cerebrospinal fluid (CSF), and genomics; as well as standardised clinical cognitive assessments. In
Section 4.2 Multimodal clinical phenotyping datasets, this paper summarise several representative
datasets such as ADNI, UK Biobank, and other multimodal biomedical datasets highlighting their
unique characteristics, data modalities, and roles in advancing state-of-the-art diagnostic models.
These are presented in Table 3.

4.2.1 UK Biobank dataset

UK Biobank enables population-level association studies and early-risk modelling. It has been
widely used in AD diagnosis research, including the following notable studies:

Xue [58] proposed a transformer-based multimodal model to address the challenge of
overlapping symptoms across different aetiologies. The AUROC of neurologist assessments
augmented by the Al model exceeded that of neurologist-only evaluations by 26.25%, highlighting
its potential as a reliable tool for supporting personalised treatment strategies. Allwright [59]
developed a custom machine learning model for high-dimensional data and found that the AUC for
APOE4 carriers exceeded that of non-APOE4 carriers by 11%, confirming the APOE4 allele as the
strongest genetic risk factor for AD. Gu [60] identified predictors from 316 variables and developed
a machine learning model to predict the risk of incident dementia, Alzheimer’s disease, and vascular
dementia over 5-, 10-, and long-term follow-up in patients with ASCVD. The model achieved 88%
accuracy, with a mean sensitivity of 63.7%, specificity of 91.4%, precision of 47%, and F1-score of
54.6%. You [61] proposed the UKB-DRP multimodal dementia risk prediction model, which
achieved an AUC of 86.2%, clearly outperforming traditional evaluation systems.

Calvo [62] developed a Firth logistic regression—based multimodal model to assess AD risk in
women with early bilateral oophorectomy (BO), using large-scale UK Biobank data. The study
revealed a causal link between BO and increased AD risk and further identified hormone therapy and
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education as modifiable protective factors underscoring the importance of early intervention and
cognitive health management in high-risk female populations. Yi [63] established a comprehensive
multimodal framework integrating MRI-based brain age estimation, GWAS-based genetic variant
screening, Mendelian randomisation analysis, and drug repurposing to systematically identify
modifiable genetic targets and candidate therapeutics for brain ageing in the general population.
Yousefzadeh [64] introduced LAVA (Granular Neuron-level Explainer), a novel explainable Al
framework for assessing AD progression using retinal fundus images. Unlike traditional black-box
models, LAVA provides neuron-level interpretability by identifying critical neurons through mutual
information—based selection and clustering activation patterns to infer the AD continuum. The model
successfully revealed latent subgroups corresponding to different disease stages, correlating with
cognitive performance and vascular morphology, thus offering a model-agnostic and clinically
relevant diagnostic tool for early detection and monitoring. Gong [65] proposed SuperBigFLICA, a
scalable and interpretable semi-supervised learning framework designed to extract low-dimensional
image-derived phenotypes from large-scale multimodal brain imaging data. By integrating imaging
and non-imaging data within a Bayesian optimisation framework, the model achieved improved
predictive performance, reduced manual parameter tuning, and enhanced interpretability compared to
both handcrafted features and prior unsupervised methods. It is computationally -efficient,
generalisable to unseen phenotypes, and particularly well-suited for population-scale datasets such as
UK Biobank.

This section outlines the implementation of multimodal models within the UK Biobank
framework. As evidenced by the analysis and Table 3, the utilisation of UK Biobank data provides
meaningful insights for AD diagnosis and risk prediction. Nevertheless, certain limitations persist,
including data imbalance for instance, cognitively healthy individuals greatly outnumber diagnosed
AD or MCI cases which can bias model training. Additionally, the need for external validation
remains critical to ensure the generalisability of findings beyond the UK Biobank population.

4.2.2 ADNI dataset

ADNI provides a rich and diverse collection of demographic information, multimodal data, and
clinical assessments. Owing to its comprehensive scope and longitudinal design, it has become one
of the most widely adopted benchmark datasets for computer-aided diagnosis of AD. The following
studies exemplify its use:

Lian [66] proposed an attention-guided hybrid deep learning framework to identify AD-related
brain regions from structural MRI and perform diagnosis. This method generates individualised
lesion attention maps using weakly supervised learning, integrating local and global feature
modelling. It addresses limitations of traditional approaches, such as fixed region-of-interest
selection and inadequate local detail. Experimental results demonstrated improved AD identification
and MCI-to-AD conversion prediction across multiple datasets, while maintaining interpretability
and generalisability. Lian [67] introduced a multi-task weakly supervised attention network that
leverages whole-brain MRI to jointly predict multiple clinical scores. By applying an attention
mechanism to localise subject-specific pathological regions, the model avoids inefficiencies of
manual region selection and non-linear registration. Results showed significant improvements in
regression accuracy and inference efficiency. Li [68] designed a dual-channel residual neural
network within a time-to-event framework using left and right hippocampal MRI to predict both the
risk and timing of MCI-to-AD conversion. This overcomes the limitations of binary classification by
incorporating temporal prediction, with validation across ADNI and AIBL datasets.

Qiu [9] developed a multimodal deep learning framework integrating MRI, cognitive
assessments, and medical history to classify cognitively normal individuals, MCI, AD, and non-AD
dementia. Using SHAP, the model enhanced interpretability and mimicked real-world diagnostic
workflows, achieving performance comparable to or better than neurologists. Kwanseok [69],
introduced the LEAR framework, unifying model training, counterfactual explanation, and
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explanation-guided refinement. The model generates multi-class counterfactual maps that optimise
attention to clinically relevant brain regions, enhancing both performance and explainability. Lian
[70] proposed a Hierarchical Fully Convolutional Network (H-FCN) for localising AD-related
atrophy regions at multiple scales in SMRI, achieving superior performance (AUC = 95.9%) in both
AD classification and MCI conversion prediction.

Avsec [71] developed Enformer a Transformer-based model for long-range DNA interaction
modelling, improving tissue-specific gene expression prediction (correlation increased from 81% to
85%). Yang [72] built a multimodal deep learning model combining MRI, genetic, and cognitive
features to predict MCI-to-AD progression, achieving an AUC of 0.921. Lee [73] proposed a
prognostic model using low-cost MRI and cognitive tests across real-world UK and Singapore
cohorts (AUC = 84%), demonstrating generalisability and outperforming conventional measures.
Zhu [74] proposed a DA-MIDL model to identify local/global discriminative features from sMRI for
AD/MCI classification. It achieved state-of-the-art performance on ADNI and AIBL datasets,
enhancing interpretability and feature visualisation, marking a significant advance in sMRI-based
diagnosis.

Zhang [75] proposed a "feature-aware auto-fusion" framework combining SHAP-based feature
selection with graph convolutional networks to integrate multimodal data. The novel Automated
Model Fusion Strategy (AMFS) adaptively adjusts sub-model weights, achieving 95.9% accuracy on
ADNI data while significantly improving interpretability and cross-modal modelling performance.
Velazquez [76] developed an ensemble learning model fusing EHR and DTI data, incorporating
random forest and CNN sub-models to predict MCI conversion to AD with 98.81% accuracy. The
model provides both local and global interpretability, offering valuable insights for clinical decision
support and trial participant screening. Zhang [77] introduced an information entropy polynomial
expansion method to recover fine-grained information from neuropsychological tests, constructing
an extreme learning machine (ELM) ensemble model at the cognitive domain level. The approach
achieved 98% accuracy and F1-score without bias in MCI/AD populations, addressing limitations of
conventional methods that overlook multimodal cognitive data (e.g., video, speech, text). Bi [78]
proposed a Clustering Evolutionary Random Forest (CERF) to integrate fMRI and SNP data,
constructing "brain region-gene pair" multimodal features for joint classification, selection, and
interpretation. Experiments demonstrated its effectiveness in identifying AD patients and discovering
critical brain regions/pathogenic genes even with small-sample high-dimensional data.

Bi [79] presented a Weighted Evolutionary Random Forest for multimodal fMRI-SNP fusion to
investigate MCI pathogenesis. The model identifies disease-relevant features strongly associated
with brain activity and gene expression, enabling individualised etiological diagnosis with practical
implications for early MCI intervention. Hashmi [80] developed a RL framework integrated with
convolutional neural networks to address MRI data class imbalance, generating high-resolution
lesion probability maps for four-stage dementia classification. Evaluated on OASIS dataset, the
method demonstrated performance improvements of 6% (accuracy), 9% (precision), 13% (recall),
and 10% (F1-score), showing strong potential for early diagnosis and disease staging. Wang [81]
created the DISFC framework integrating sMRI, genetic, and cognitive data while modelling intra-
and inter-modal interactions for long-term MCI-to-AD prediction. Achieving 0.962 AUC in multi-
phase ADNI cohort validation, the framework demonstrated excellent generalisability, quantifiable
biomarker contributions, and robust cross-centre performance with inherent interpretability.

Hatami [82] introduced a reinforcement learning-based data augmentation method to enhance
traditional deep learning models' robustness and generalisation in MRI classification. ADNI
experiments confirmed superior performance across accuracy, specificity, sensitivity, and AUC
metrics, with the reinforcement feedback mechanism significantly improving model stability.
Tabarestani [83] designed a multitask multimodal distributed regression model handling incomplete
longitudinal data (MRI/PET/CSF/cognitive assessments). By employing modality-specific regression
matrices to capture inter-task relationships and gradient boosting ensemble, the method effectively
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addressed missing values and data heterogeneity, demonstrating high robustness and low prediction
error in long-term follow-up studies. Burkhart [84] proposed an unsupervised Multimodal Trajectory
Modelling method that learns population developmental trajectories from longitudinal cognitive and
brain health data without requiring labels. Demonstrating strong generalisation even without costly
T2 or PET data, their derived Individual Cognitive Health Index outperformed conventional clinical
scales in predicting AD progression, offering a low-cost, non-invasive intelligent early-warning tool.
Sappagh [85] developed an interpretable Al-based multilayer multimodal detection model integrating
MRI, PET, biomarkers, and clinical scores. The model provides explainable AD progression
pathways, delivering transparent diagnostic support information with high potential for early
diagnosis and intervention. Min-Woo [86] systematically compared six machine learning models on
multimodal MRI/PET data, identifying Gradient Boosting Machine (GBM) as the most stable
performer - particularly when excluding T2-FLAIR. This study established a robust prediction tool
for MCI-to-AD conversion risk, supporting clinical screening and treatment planning.

Nguyen [87] conducted a systematic review of deep learning in AD diagnosis, highlighting
limitations in ADNI and similar datasets including inconsistent evaluation standards and poor
generalisability. They emphasised multimodal approaches, standardised evaluation frameworks, and
cross-centre reproducibility as critical future directions. Yuan [88] proposed a semi-supervised Co-
training framework combining sMRI and SNP data, utilising both labelled and unlabelled MCI
samples from ADNI. Achieving 85.5% accuracy and 0.825 AUC on ADNI-2, this work validated the
value of joint labelled/unlabelled data training for MCI classification. Cirincione [89] created an
Ensemble Integration (EI) multimodal framework using ADNI data that outperformed XGBoost and
traditional deep learning (AUC=0.81 vs. 0.68) in predicting dementia conversion from MCI. Key
predictive features included structural MRI measures of middle temporal gyrus, posterior cingulate,
and lateral ventricles.

While ADNI provides a comprehensive and standardised multimodal resource tailored for AD
research and models built on it consistently demonstrate robust performance certain limitations
persist. These include data imbalance, such as the disproportionate number of cognitively healthy
individuals compared to diagnosed AD or MCI cases, which may bias model training. There is also a
notable underrepresentation of racially diverse populations, with most participants being of White
European ancestry, while other groups such as Black, South Asian, and mixed-ethnicity individuals
are significantly less represented. Furthermore, external validation remains essential to ensure the
generalisability of findings across different demographic and clinical settings.

4.2.3 Self-collected datasets

While public datasets like ADNI provide standardised benchmarks, self-collected datasets enable
more flexible acquisition of targeted modalities. Representative studies include:

The self-collected dataset also performs multimodal fusion such as: Cassani [90] leveraged EEG
power modulation spectral features combined with eLORETA source localisation across frequency
bands (o/8), demonstrating that modulation-domain filtering enhances rsEEG signals for
differentiating healthy elderly from AD patients - a crucial advancement for portable, low-cost EEG
diagnostics. Wu [91] proposed 14 Hilbert marginal spectrum-based EEG power metrics with a
Warped Infinite Gaussian Mixture Model (WiGMM) for unsupervised dementia staging, correlating
fast/slow wave power changes with cognitive decline - an innovative quantitative EEG assessment.
Kmetzsch [92] designed a supervised Variational Autoencoder (VAE) integrating MRI/PET with
microRNA expression for neurodegenerative disease staging, proving that pathological relevance
correlates with latent space proximity to ground truth. Zhang [93] built an interpretable patch-level
model (FCRN+MLP) fusing MRI/PET/MMSE/ApoE4, achieving 96.2% (AD) and 92.2% (MCI)
classification accuracy while generating high-resolution risk maps - bridging Al and pathological
mechanisms. Fabietti [94] developed an EXML model analysing local field potentials from animal
models, combining time, space and frequency features with 99.4% AD detection accuracy - robust
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even with channel occlusion, validating electrophysiological sensitivity to AD progression.

In addition to the multimodal fusion model Behavioural & Digital Biomarkers data was used by
Cilia [95] to developed a deep transfer learning approach analysing online handwriting trajectories
converted to images, introducing a novel visuomotor fusion paradigm for non-invasive cognitive
screening, particularly effective in early AD detection. Mengoudi [96] employed self-supervised
learning on instruction-free eye-tracking data to model cognitive differences between dementia
patients and controls, revealing naturalistic attention patterns without explicit labelling -
demonstrating eye-tracking's potential in cognitive assessment. Park [16] pioneered VR-based
behavioural biomarkers integrated with MRI structural data via SVM, achieving 94.4% accuracy
(100% sensitivity) for MCI screening - the first validation of VR-morphometry correlations for
reproducible, low-cost cognitive assessment. Seifallahi [97] used Kinect V2 to capture 25-joint
kinematics during Timed Up and Go tests (47 controls vs 38 AD), achieving 98.68% classification
accuracy via SVM - a sensor-free, clinically deployable screening tool.

Tsai [98] created MAND, a Transformer-based model using Taiwan's National Health Insurance
data that include 2M patients x15 years ICD codes, achieving 90.1% AUC for dementia risk
prediction via multimodal attention mechanisms. Fan [99] proposed a Vision Transformer-XGBoost
hybrid using T1, T2-FLAIR MRI + clinical data, attaining 0.972 AUC for vascular cognitive
impairment prediction with CAMs and SHAP revealing hippocampal-prefrontal-amygdala vascular
injury linkages. Wang [100] developed a parsimonious ROSMAP-based model requiring just four
brief cognitive tests + demographics to predict 3-year dementia onset (AUC = 89.7%) matching 98-
minute neuropsychological batteries while offering SHAP-based individualised explanations.

Self-collected datasets offer distinct advantages including targeted modality acquisition, novel
biomarker discovery like microRNA, LFP and handwriting, and enhanced real-world clinical utility.
However, self-collected datasets typically suffer from limited sample sizes, which increases
susceptibility to overfitting and compromises generalisability across diverse populations.

4.2.4 Limitations of datasets

Table 3 Multimodal clinical phenotyping datasets related article

Publication Dataset Al Method performance
AIBL, PPM,
ADNI, OASIS,
NIFD, UK
Biobank
ADNI, NACC, Bayesian Monté Carlo

(101] UK Biobank dropout )

Limitation

1. Imbalanced dataset.
Transformer - 2. Training labels can be
subjective and inconsistent.

(58]

Imbalanced dataset

1.Imbalanced dataset
2. Some deficits may be the
earliest preclinical effects of
dementia rather than true risk
factors.
1.Risk of overfitting
2.Due to study focused on a
specific population of patients
with ASCVD, therefore dataset
size is small.

APOE4 carriers
AUC=0.75,
Non-APOE4 carriers
AUC=0.64

[59] UK Biobank XGBoost+SHAP

[60] UK Biobank LightGBM -

[61]

UK Biobank

UKB-DRP

ACC=0.764,
SEN=0.774, SPE=0.764
AUC:0.848 for
dementia, 0.862 for AD

1.Insufficient data diversity and
external validation
2.Ignoring common predictors
(e.g., BMI, blood pressure)

[62]

UK Biobank

Firth Logistic regression

1. Imbalanced dataset
2. Lower proportion of samples
with earlier age of Bilateral
oophorectomy onset may
underestimate the impact of
Bilateral oophorectomy on AD
risk
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1.The dataset limits the
generalisability of the findings to
VGGNet, ResNet, DenseNet, | MAE=2.6, MSE=10.74, other races.
[63] UK Biobank EffcientNet, SFCN, GLT, R?=0.82, Pearson R= 2.Absence of Discovery-
3D-ViT 0.91 Replication Design
3. Lack of Ground-Truth Brain
Age
1.Imbalanced dataset
2. Retinal features may have
[64] UK Biobank VGG-16 Acc=0.714 similarities to other
neurodegenerative diseases (e.g.
Parkinson's disease), affecting
model diagnostic performance
[65] UK Biobank SuperBigFLICA - -
ADNI-ACC=0.919,
SEN=0.887, . .
[66] ADNI, AIBL HybNet SPE=0.945, Low resolution of attention maps
AUC=0.965
ADNI2-MMSE:
CC=0.621 ‘ . .
RMSE=1.503, CDRSB: | 1" MWA(I]\L :ﬁ?yrggt‘;“es High
671 ADNI MWAN CC=0.648 ’ .
RusE-5701 Apas. | Themedeltends b ied
Cog: CC=0.613, JOTITy class.
RMSE=2.244
Imaging features: C-
index=0.762 1.This study focused on
[68] ADNI CNN-+ResNet Clinical measures with hippocampus-only.
imaging: C- 2.Late-MCI bias
index=0.864
ADNI, NACC, NACC-Acc=0.777, 1.Did not contain any confirmed
NIFD, AIBL, F1=0.601, Sen=0.602, cases of atypical AD
[9] OASIS, FHS, CRQ 2Bt Spe=0.914, 2.Performance was lower for
LBDSU MCC=0.534 non-parkinsonian dementia
1.Visual explanations need clinic
_ validation
[69] ADNI LEAR mAUC_—O.8123, 2. CMG relies on the
ACC=0.6715 .
performance of pre-trained
diagnostic models
AS]SlS:(()) g;)g ’ 1.Dataset different distribution
[70] ADNI wH-FCN e result in lower performance of
SPE=0.910, model
AUC=0.945
Pearson=0.85, - Cannot generalise to unseen cell
[71] GENCODE Enformer score=6.9, I esgor experimental tasks
auROC=0.747, yp P
AUC=0.908, 1.Limitations of image input and
[72] ADNI VGG16, Super Learner ACC=0.825, ) modalit ge inp
SEN=0.755, SPE0.899 Y
ACC=0.816, L . .
(73] Al\]z(léll,l\?i/ICICN- GMLVQ AUC=0.84, Standardlsedt ;ztsil;es in cognitive
’ SEN=0.823, SPE=0.809 &
1.The size of input patches is
ACC=0.924, 2 Thfelxz(ticelllnlccl)ceeclltlilcl)\lllalerrcl)tosals
[74] ADNI, AIBL DA-MIDL AUC=0.910, based 0‘; e o Colr’n Er.son
SEN=0.938, SPE=0.965 . group comparl
are isolated from the subsequent
network.
Acc=0.931, Sen=0.926, | Using only two modalities (MRI
[75] ADNI FAMF Spe=0.935, AUC=0.974 and PET)
[76] ADNI MEM ACC=0.988, Limitations of the gradient
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AUC=0.992 significance approach
1. Cognitive domain delineation
and diagnostic modelling are not
Acc=0.981, F1=0.980, yet well developed
(771 ADNI ELMs MCC=0.969 2. Polynomial expansion above a
threshold leads to overfitting and
memory problems
(78] ADNI CERF Acc=0.913 Limited data rnodal.ity and small
sample size
The choice of the number of
model evolutions may be
[79] ADNI WEREF, Acc=0.889 influenced by the dataset and
further validation of
generalisability is required.
1.Imbalanced dataset
[80] OASIS, ADNI DRL-XGBOOST 122310:'3%25’ j”f;;ﬂo?;g’l 2.Tiny dataset results in
overfitting
ACC=0.969, Not combined with other
(102] ADNI MM-SDPN SEN=0.942, SPE=0.713 biomarkers
AUC=0.962, ADNI dataset is white with high
[81] ADNI DISFC Acc=0.929, Sen=0.889, levels of education, which may
Spe=0.953 affect model generalisability
Inception V3+Q- ACC=0.902, 1.Imbalanced dataset
[82] ADNI learning+SVM Sen=0.931, Spe=0.908, | 2. Introducing models of RL into
AUC=0.950 Alzheimer classification
Models do not fully deal with
Multi-task regression+ uncorrelated information
(83] ADNI Gradient Boosting ) between different tasks within
the same modality
MTM assumes that the state
space model is linearly dynamic
[84] ADNI MACC MTM ) and may not fully capture non-
linear disease progression
1.0Only using baseline data, but
AD is a chronic disease,
[85] ADNI Random Forest Acc=0.940, F1=0.939 therefore, time-series data
analysis would be of critical
value.
1.Imbalanced dataset
_ 2. The optimal modal
[86] Self-collected Gradient Boosting Senzolz%go‘si)iio 881 combination relies on aPET
dataset+ADNI g 77 | features, but the test is costly and
AUC=0.984 . . o
carries a risk of radiation
exposure
1.Imbalanced dataset
871 ADNI CNN+RNN+AE+RB Acc=0.90 2. Limited ability to generalise
the model
Acc=0.855, Pre=0.722, Low quality unlabelled samples
[88] ADNI SVM-+Random Forest Spe=0.887, Sen=0.887, may affect performance
F1=0.816, AUC=0.931
Ensemble R S
(89] ADNI Integration+ XGBoost+SDA AUC—0.§1, F- Underutilisation of longitudinal
E measure=0.68 data
190] Selfd-collected SVM+Manually selected Acc=0.693, F1=0.682 Smal.ler sample size may result
ataset features in lower performance
1.Difficulty in recognising early
Self-collected CNN-+Traditional machine patients
[95] dataset learning ) 2. No integration of personal
information
ROC AUC: 1.imbalanced dataset
[92] Self-collected SMVA Control vs. Pre=0.74 2. First, there is no ground truth
dataset Control vs. Patient=0.98 | for the progression scores in real
Pre vs. Patient=0.96 datasets
Self-collected 1.Small sample size and high
[96] dataset CNN+SVM+LRP ) heterogeneity
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2. People who have not been
assessed for mild cognitive
impairment (MCI) or who are
genetically at high risk cannot
determine the effectiveness of
early detection.

AUC=0.898,

Sen=0.737, Spe=0.891
Acc=0.944, Sen=1,

[16] Sdf&gt";igftw SVM Spe=0.909, Pre=0.875, Small sample size

F1=0.933, AUC=0.89

[98] Taiwan NHI MAND, Imbalanced dataset

Self-collected 1.Small sample size

[91] WiGMM ACC=0.86 2. Modal overlap of traditional
dataset .
indicators
Self-collected . o -
[93] dataset FCRN+MLP - Fixed size image block limit
1.Lack of robustness for channel
94 Self-collected EEGNET+GooglLeNet+ Acc=0.994 absence
[94] dataset Bagged Trees+EXML y 2. Lower multi-category
classification performance
Self-collected ACCZO_'QSG’ an:0'974’ 1.Use of hand-designed features
(971 dataset SVM Pre=1 5pe=0.979, may miss potential information
F1=0.987, ymissp
Self-collected . AP=0.979 & a8
[99] ViT+XGBoost . 4 verified
dataset Internal: AUC=0.902, . . .
a 2.Undifferentiated mixed
AP=0.900 .
dementia
1. Using data from only 3 years
Acc=0.897 to predict dementia risk over the
Self-collected XGBoost+SHAP e next 3 years may ignore longer-
[100] AUROC=0.898, L
dataset ROS and MAP _ term cognitive changes
AUPRC=0.639 - -
2. High rates of missing some
cognitive tests
1. No other potentially relevant
Traditional machine learning clinical features were included
[103] OASIS method ) 2. No external validation, cannot

verified robustness of mode

Note: The exceptionally high performances reported in some of these studies can be attributed to specific methodological factors:

(1) for [76] and [77], the absence of external validation likely inflated the results; (2) for [94], the use of a small but highly controlled
dataset, extensive sample expansion, multimodal feature fusion, and pronounced disease-related electrophysiological signatures

contributed to the elevated accuracy; and (3) for [97], the integration of rich gait features with optimised machine learning techniques
in a controlled experimental setting facilitated unusually high performance.

4.3 Multimodal linguistic-based Cognitive Impairment Datasets

Beyond multimodal clinical phenotyping datasets, multimodal linguistic-based cognitive
impairment datasets represent an equally vital research resource. These datasets offer a non-invasive
and cost-effective methodology for detecting cognitive decline, particularly valuable for identifying
early-stage or subtle impairments where traditional neuroimaging or biomarker data may yield
inconclusive results. Capturing spontaneous or semi-structured speech and language patterns push
the development of Al in speech data. Recent work is shown in Table 4:

Speech data and similarly improving model performance through multimodal fusion: Ilias [104]
proposed the integration of BERT text encoding with DeiT visual models, combining contextual self-
attention mechanisms and optimal transport cross-modal alignment to achieve cross-modal
modelling of speech and text. Their model attained an F1-score of 91.06% on ADReSS and
ADReSSo datasets, outperforming existing methods in both accuracy and model confidence
calibration while demonstrating high robustness and clinical potential. Mahajan [105] achieved 3.5%
accuracy gain via dynamic gated fusion of linguistic (72.92%) and audio (66.67%) channels while
reducing parameters by 41%, benchmarking five neural architectures for efficient multimodal

https://preprints.jmir.org/preprint/85414 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Yuetal

integration. Ilias [106] developed a dual-channel framework combining text (BERT embeddings) and
audio (wav2vec?2 features) Transformers, which outperformed single-channel models in both AD
classification and MMSE regression tasks on the ADReSS and Pitt datasets.

Linguistic feature engineering is also one way to improve model performance. Ortiz-Perez [107]
demonstrated that text modality alone achieved 90.36% accuracy on Pitt corpus, with CNN-
Transformer hybrids further enhancing robustness. Their interpretability analysis revealed
characteristic language impairment patterns. Wen [108] achieved 92.2% accuracy (F1=0.955) using
only 27 part-of-speech (PoS) features with Transformer models on DementiaBank. Their causal
counterfactual analysis identified 12 critical PoS features for AD classification, 75% of which were
newly discovered linguistic markers. Zheng [109] systematically evaluated three language models to
assess the contributions of syntactic (PoS+stopwords) versus semantic (contextual words)
information, finding that combined input improved accuracy to 81.54%, confirming that language
decline involves both semantic and syntactic degradation. Ilias [110] developed a multi-task BERT
framework with Siamese networks for joint AD diagnosis and MMSE prediction (F1=0.89,
RMSE=3.2), identifying dementia-specific semantic degradation patterns through LIME
interpretation. Priyadarshinee [111] established file-level text features as most stable (88.7%
accuracy) through granularity-modality dual analysis, with audio features showing +12.3% frame-
level volatility in cross-dimensional evaluation.

Cross-language generalisability of high-performance models also performs well. Shah [29]
developed language-agnostic features (pause distribution + word duration + word confidence) that
achieved 69% accuracy in English to Greek transfer learning (MMSE RMSE=4.77), validating the
universality of speech-based cognitive metrics. Mei [112] employed frequency-band clipping and
wav2vec2.0 fine-tuning for cross-lingual AD detection, attaining 73.9% accuracy on Greek test sets
and MMSE prediction RMSE=4.610 via eGeMAPS-silence feature fusion. Tamm [113] implemented
semantic embedding-based transfer learning, achieving 71.6% AD detection accuracy and MMSE
RMSE=4.04 in cross-language applications. Xuchu [114] Pioneered language-agnostic AD detection
combining prosodic features and wav2vec2 embeddings, maintaining smaller 5% performance drop
in English to Greek transfer on ADReSS-M, the first validated multilingual solution.

To address computational constraints in real-world deployment, this study developed three
efficient methods: Liu [115] developed a lightweight model using only VAD pause features (no
transcription required) that achieved 80% accuracy across ADReSS, ADReSSo, and local Chinese-
English datasets, outperforming traditional ComParE and eGeMAPS features. Chen [116] proposed
SpeechFormer++, which efficiently models hierarchical speech structures (frame-phone-word)
through unit encoders and merging blocks, reducing computational overhead while outperforming
traditional Transformers.

Data augmentation has also been applied to speech data such as Lin [117] enhanced Pitt corpus
data through synonym replacement, improving model accuracy to 80% (AUROC=90%) in low-
resource scenarios. Woszczyk [118] systematically compared six text augmentation techniques,
finding back-translation and random masking most effective (5-7% F1 improvement for
BERT/RoBERTa). Jin [119] proposed CONSEN ensemble that won the ICASSP ADReSS-M
challenge (ACC = 86.69%, MMSE RMSE=3.727) through innovative pause-wav2vec fusion.

Table 4 Multimodal linguistic-based cognitive impairment datasets related article

Publicatio
n Dataset Al Method performance Note
BERT+DeiT+Context- | Pre=0.930, lle‘iffi’lfgdem supervised
ADReSS, awarg . self- ReEa11:0.891, 2. Performance degradation
[104] attention+optimal F1=0.910, .
ADReSSo . - when stacking too many
transport domain | ACC=0.912, .
. - context-aware  self-attention
adaptation. Spe=0.933 layers
Multimodal Cross- 1. Interviewer-participant
[120] I-CONET Transformer-Based ) interactions not analysed
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Acc=0.845, 11S S?ﬁllll)l]tém()dal fusion method
Pitt . LSTM+ Fully connect PrezO.t_336, 2. Using data from only a
[117] Cookie Recall=0.799, . .. ,
layer - single task limits the model's
Theft F1=0.816, ability to lise t h
AUROC=0.931 y to generalise to another
dataset
ACC. _ 0 1.Multimodal models did not
. Audio=0.734, R .
107 Pitt Mel Spectrogram+ Text=0.903 significantly improve
(107] Corpus CN+BERT+BIiLSTM X - performance
Multimodal=0.86
6 2.Imbalanced dataset
Transformer- 1.No integration of multimodal
[110] ADReSS | g ced+Siamese-MTL | - P
2.small size dataset
Acc=0.922, The current study focused only
{ Pitt CNN-Attention-Feature | Pre=0.935, on lexical (PoS) features and
[108] corpus Network Recall=0.971, did not integrate other modal
F1=0.955 data.
Sensitivity to statistical length,
116 Pitt SpeechFormer Acc=0.813, the longer the statistical length,
[116] corpus P F1=0.808 the  worse  the  model
performance
[109] Pin Attention-based model Acc=0.815 Small sample size
corpus
Acc=0.81,
Pitt . Pre=0.79,
[121] corpus BERT + BiLSTM Recall=0.79, Imbalanced dataset
F1=0.79
Otterai transcription+ 1.Lack of validation sets
[111] ADReSS RoBERTa+ DNN Acc=0.887 2. L}rmts to data labelling and
quality
VAD Pause feature and 1.Small sample size
[115] ADReSS eGeMAPS +  Tree | Acc=0.707 2. Deep learning models not
bagger used
- 1.Cross-language performance
Logistic Acc=0.695, .
[29] ADRESS | ooression+L2+SVM | RMSE=4.769 degradation
2.Small sample size
Bi-modal model (GRU ?rcec:OO.778299, tlr;?égregtile;; e on  mamal
(105] SReSS ;rttg:?:n EaBé;;“STM * Recall=0.625, 2. Bimodal models did not
Y F1=0.697 improve performance
Acc=0.739, Bilingual pre-training relies on
[112] ADReSS VAS2E S0y RMSE=4.61 internal non-public data
Acc=0.891, ;hlg):tl:?lceetiriat:rsl:;t leads to
[122] ADReSS | LSTM + MLP Pre=0.935, : genelty feads
- performance degradation in
Recall=0.923 .
non-IID scenarios
Acc=0.696,
OpenSmile tool + SVM | Pre=0.692, 1. Insufficient ability to
[114] ADReSS XLSR-53 + fully | Recall=0.75, generalise across languages
connected layer F1=0.72, 2.Easily overfitting
RMSE=4.788
BERT + VIiT + | Acc=0.883, 1. The accuracy of BERT+ViT
[106] ADReSS Crossmodal attention Pre=0.861, was slightly lower than BERT
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_ alone.
11355315807’916’ 2. Model robustness is not
) fully validated
batch normalisation -+ Acc=0.826, 1.Cross-language transfer
down-proiected feature Pre=0.889, sample sizes are too small just
[113] ADReSS | | attel;uc]m voling 1 | Recall=0.727, 8 samples.
linoar m.ectil;n & 7 | F1=0.80, 2.Model is simple, Limited
proj RMSE=4.345 performance improvement
Data enhancement by simply
[118] ADReSS Eglg;former * SVM + Acc=0.86 increasing the training set
tends to cause overfitting
1. Insufficient validation of
_ cross-language generalisation
wav2vec+x-vector Acc=0.869, -,
[119] ADReSS feature RMSE=3.727 capabilities
2. Lack of model
interpretability

4.4 Summarisation based on all multimodal datasets

Sections 4.2 Multimodal clinical phenotyping datasets and 4.3 Multimodal linguistic-based
Cognitive Impairment Datasets reviewed the status of computer-aided AD diagnosis. To enable a
more systematic analysis of the included studies, this paper further categorised the literature based on
the datasets employed and identified representative modality combinations and high-performance
model architectures within each category. This summary covers four major types of datasets: UK
Biobank, ADNI, Dementia Bank, and self-collected datasets.

In the UK Biobank, studies predominantly adopted the modality combination of MRI, clinical
variables, and genetic features [59] [61] [64]. Frequently used models included interpretable methods
such as XGBoost with SHAP [59] and the UKB-DRP framework [61] both achieving strong
predictive performance. In addition, some researchers explored Transformer-based architectures [58]
which, although not among the top-performing methods, still yielded promising results.

In the ADNI dataset, representative modality combinations included MRI + PET and MRI
combined with clinical and cognitive scores [67] [75] [76] [123]. Models such as GCN [123], MEM
[76], and FAMF [75] achieved high classification accuracy, with reported AUCs reaching up to
0.999. While standard Transformer architectures have not yet been widely adopted in ADNI studies,
several attention-based models (e.g., MEM, DISFC) demonstrate a progressive shift toward
Transformer inspired paradigms.

In contrast, studies based on the Dementia Bank datasets primarily focus on speech and language
modalities, including combinations such as speech + text and acoustic + part-of-speech (PoS)
features [104], [106], [107], [108]. In this domain, Transformer-based models particularly
BERT+DeiT[104], BERT+ViT[106], and RoBERTa+DNN [111] have achieved outstanding
performance, with F1 scores consistently exceeding 0.91. These results underscore the superior
ability of Transformers to model complex semantic and acoustic relationships and indicate that
Transformer-based methods have become the dominant paradigm in this subdomain.

In self-collected datasets, common modality combinations include EEG and structural MRI
integrated with clinical or demographic information [97], [94], [99]. Among these, models such as
ViT+XGBoost [99] and EEGNet with Bagged Trees [94] have demonstrated strong predictive
capacity. Notably, ViT and other visual Transformer models have shown considerable adaptability in
small-scale and heterogeneous clinical datasets.

In summary, Transformer-based models exhibit outstanding performance in speech- and
language-related tasks, whereas their application in multimodal clinical phenotyping datasets
remains underexplored. Future research should prioritise the development of cross-modal
Transformer frameworks capable of effectively integrating heterogeneous data modalities to further
enhance generalisation and computer-aided AD diagnostic performance.
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Table 5 Summary of representative modality combinations and top-performing models in multimodal Artificial
Intelligence-aided Alzheimer’s disease diagnosis

Dementia bank

Speech + Text, Acoustic
features + ASR, PoS +
Acoustic Features [104,

[104], BERT+ViT
[106], CNN-Attn-

Representative Representative .
Dataset Modality Combinations | model Related article
MRI + Clinical + XGBoost+SHAP
1nica
UK Biobank . [59], UKB-DRP [58], [101], [59], [60], [61], [62] [63],
Genetic [59] [61] [64] [64], [65]
[61]
MRI + PET, MRI + | GCN[123], MEM | [58], [67], [68], [9], [69] [70], [72], [73]
ADNI Clinical  +  Cognitive | (261 pamE [75], | [741, [75), [76], [77] [78], [79] [80],
Scores [67] [75] [76] | CNN+ResNet [102], [81], [82], [83], [84], [85], [86],
[123] [68] (871, [88], [89], [123]
BERT+DeiT

Table 4
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FN [108],
106-108] RoBERTa+DNN
[111]

EEG + Deep Learning,

Self-collected | MRL + Clinical  + | EEGNetBTI94L, 1 oo g1 1957 1971 1961, [98], [124],

datasets Demographic [97] [94] | VIT*XGBoost [16], [91] [97], [93], [94], [99], [100]
[99] [99]

5. Challenges and Future Directions

In recent years, multimodal models have demonstrated remarkable potential in computer-aided
diagnosis and risk prediction for AD. While these methods have achieved significant successes, a
number of challenges remain that warrant careful examination. In this section, this paper summarise
the common limitations identified in existing studies and propose directions for future research to
advance the field.

5.1 Dataset-related Challenges and Future Directions
5.1.1 Data privacy and data-sharing constraints

Access to multimodal AD data remains severely restricted by privacy regulations and ethical
constraints, which limit data sharing and external validation. This restricts the sharing and utilisation
of comprehensive datasets needed for robust external validation and generalisability.

Federated learning (FL) provides a technically viable privacy-preserving solution; however,
differences in data formats and institutional infrastructures still impede its large-scale deployment.
For instance, Meerza [122] pioneered FL for AD speech diagnosis using MFCC and pause features,
maintaining model performance while ensuring privacy through q-FedAvg/q-FedSGD optimisation.
Nambiar [121] validated an ALBERT + BiLSTM hybrid model on the ADReSS dataset, achieving
strong performance without compromising data confidentiality. In parallel, multi-institutional
collaborations leveraging publicly available datasets such as ADNI, UK Biobank, and OASIS have
enabled richer external validation while adhering to rigorous privacy standards [58], [101], [66], [9],
[73], [80], [104].

Despite encouraging demonstrations, FL still lacks harmonised protocols and interoperable
platforms. Without such standardisation, results from one centre cannot be reliably reproduced by
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another, undermining clinical credibility. Moreover, international data-sharing partnerships remain
complex and often limited by varying regulations. Future research should prioritise the development
of unified federated frameworks with standardised protocols and privacy-preserving computational
methods (e.g., blockchain integration, secure multi-party computation) to further enable secure
global data collaboration [125], [126].

5.1.2 Data imbalance

Severe class imbalance, large numbers of healthy controls but few confirmed AD cases, remains
a fundamental obstacle. It biases model training towards the majority class and inflates reported
accuracy while masking poor sensitivity to early disease. Additionally, datasets such as the UK
Biobank predominantly consist of individuals of White European ancestry, which severely limits
model generalisability across racially and ethnically diverse populations.

Researchers have applied data-level interventions such as GAN-based augmentation, Diffusion
models and Re-sampling [127], [128] [117], [118], [119]; Algorithm-level solutions, including cost-
sensitive, loss focal, ensemble and class-weighted training schemes methods [129], [130], [131],
[132], [133], [134]; Evaluation-focused remedies [135], have been developed to mitigate biases.

Current methods frequently introduce new challenges such as overfitting or inadequate
performance in minority classes. Moreover, efforts to increase diversity remain inadequate. Future
directions should focus on novel adaptive resampling methods, generative methods for synthetic
minority data creation, and dedicated efforts to include and characterise underrepresented
populations to ensure equitable and robust clinical applicability across diverse populations.

5.1.4 Lack of standardised and longitudinal data

A major limitation is the absence of standardised acquisition and diagnostic protocols across
datasets. Inconsistent imaging sequences, cognitive scales, and biomarker assays make cross-study
comparison unreliable and hinder meta-analysis. Furthermore, the longitudinal nature of AD
progression demands sustained and consistent follow-ups, yet comprehensive longitudinal data
collection remains scarce and fragmented due to logistic, financial, and participant retention
challenges. Although ADNI has provided partially standardised longitudinal data and attempts at
harmonising multimodal data have been explored in cross-sectional datasets. significant variability
and fragmentation still limit the utility of existing datasets for capturing comprehensive temporal
dynamics of AD progression. Future research should prioritise establishing a unified global
framework for standardised, multimodal longitudinal data collection, emphasising harmonised
protocols across institutions. Such initiatives would enhance data compatibility, enable robust
temporal modelling, and facilitate better reproducibility and clinical translation.

5.1.1 Dataset-specific limitations

While data imbalance represents a cross-cutting challenge across most resources, each major
cohort also exhibits its own unique shortcomings. To illustrate this, this paper summarises the
dataset-specific limitations of widely used Alzheimer’s disease cohorts and corpora.

ADNI: ADNI participants are generally healthier, with fewer comorbidities and a restricted age
range (55-90 years), limiting representativeness. Protocol differences across centres and evolving
diagnostic standards introduce heterogeneity, while frequent reliance on subsets hampers
comparability [136].

UK Biobank: Dementia outcomes are derived mainly from health records, leading to potential
misclassification and delayed ascertainment. Participants show strong volunteer bias, and PET/CSF
biomarkers are limited to a small subset, constraining multimodal analyses [137].

OASIS: OASIS provides open neuroimaging data but with relatively small AD/MCI sample
sizes and inconsistent modality coverage. Limited longitudinal depth and cross-scanner variability
further reduce reproducibility [138].
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NACC: Data are aggregated from multiple centres with heterogeneous recruitment and
diagnostic protocols, making harmonisation challenging. The cohort is clinic-based rather than
population-representative, and missing biomarker modalities are common [139].

AIBL: Although high-quality, AIBL is smaller than ADNI and NACC and often used only for
validation. Regional recruitment and protocol differences reduce ethnic diversity and cross-cohort
comparability [140].

Pitt Corpus: This is the most widely used speech dataset but remains small and imbalanced.
Tasks are constrained (e.g., picture description), limiting ecological validity, and cross-linguistic
generalisability is poor [141].

ADReSS Series: The ADReSS benchmarks provide standardised speech corpora but are modest
in size and restricted to English. Narrow task design and small training partitions raise concerns of
overfitting and limited external validity [12].

Self-collected cohorts: Locally collected datasets often involve small, single-site samples with
heterogeneous acquisition protocols. Missing modalities, limited follow-up, and selection bias
further restrict their generalisability [135].

In summary, dataset-related challenges arise both from overarching issues, such as privacy
restrictions, limited data sharing, and severe class imbalance, and from the inherent shortcomings of
widely used cohorts, including restricted representativeness, incomplete modality coverage, and
heterogeneity across sites. These limitations constrain the robustness and generalisability of Al
models for AD diagnosis. Overcoming them will require not only harmonisation and standardisation
efforts, but also the development of strategies for secure data sharing, augmentation using generative
models, and large-scale cross-cohort validation. Ultimately, methodological advances must be tightly
coupled with improvements in data quality and accessibility to enable clinically reliable multimodal
Al systems.

5.2 Model-related Challenges and Future Directions
5.2.1 Model interpretability and explainability

A major limitation of applying multimodal machine learning models in clinical AD diagnosis is
the lack of interpretability and transparency. Complex "black box" models, although accurate, often
fail to clearly articulate decision-making processes, which severely limits their acceptance by
clinicians and trust from patients.

Efforts have been made towards model interpretability include designing inherently transparent
models. For example, He [142] proposed the NeuroSymAD framework, which integrates a deep
neural network for MRI image analysis with an LLM-driven symbolic reasoning module, combining
patient biomarkers and clinical history. This framework can generate interpretable diagnostic reports,
offering strong clinical interpretability and scalability. Explainability methods employ external
methods to interpret opaque models. Sadeghi [143] reviewed interpretable graph neural network
architectures, leveraging SHAP, gradient saliency, and graph masking for explaining multimodal AD
diagnosis outcomes. Additionally, Mahamud [144] utilised ensemble methods (LightGBM + Random
Forest) with SHAP and LIME techniques to clearly highlight feature importance at both global and
individual patient levels.

Current interpretability frameworks still present gaps in translating machine explanations
effectively into clinical decision-making processes. Future work should focus on developing
clinically oriented explainability methods integrated with interactive visualisation and natural
language explanation tools, specifically tailored to clinician workflows. Additionally, there is
considerable scope for enhancing hybrid neuro-symbolic approaches, combining symbolic reasoning
with deep learning to ensure more interpretable and trustworthy models.

Beyond purely technical solutions, future research should also integrate Patient and Public
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Involvement (PPI) frameworks into the development of multimodal Al systems for AD. PPI ensures
that patients, caregivers, and the wider public are not only end-users but active stakeholders in
shaping how models are trained, evaluated, and most importantly, communicated in clinical settings.
Incorporating PPI can help align algorithmic explanations with patient values, improve trust and
adoption by clinicians, and mitigate ethical concerns regarding transparency and fairness.
Embedding PPI at early stages of Al design may therefore represent a crucial step towards building
interpretable, trustworthy, and clinically actionable diagnostic tools.

5.2.2 Heterogeneous multi-view learning problem

Another major challenge arises from the integration of data originating from diverse studies and
sources. Given the limited modality coverage within individual datasets, researchers often resort to
combining datasets such as ADNI and the UK Biobank. However, each dataset is typically
constructed around distinct cohorts, imaging protocols, or cognitive assessment frameworks,
resulting in heterogeneous multi-view learning problem.

This heterogeneity complicates the development of unified models capable of generalising
across datasets, particularly when sample populations do not overlap. Consequently, models trained
on a single dataset often struggle to generalise beyond their original domain. To address this, there is
a pressing need for platform-agnostic models that can accommodate missing or inconsistent
modalities. Approaches such as shared latent space learning [145], multi-branch neural networks
[146], and mixture-of-experts architectures [147] have been proposed to enable partial modality
fusion and flexible adaptation across datasets. Nevertheless, most current methods either rely on
strong alignment assumptions or require extensive retraining when faced with domain shifts.

Despite advancements, existing methods frequently rely on rigid alignment assumptions and
extensive retraining upon encountering domain shifts or missing data scenarios. A future priority is
developing robust, platform-agnostic frameworks that dynamically adapt to varying modality
availability and distributional shifts without significant performance loss. Additionally, research
should explore advanced representation learning techniques (e.g., contrastive learning, multimodal
self-supervision) that can effectively learn robust joint representations from heterogeneous data.

5.2.3 Uncertainty quantification and clinical applicability

Despite notable advancements in multimodal predictive models for AD, most Al-based studies
currently overlook uncertainty quantification, such as providing confidence intervals alongside
model predictions. Typically, models yield deterministic outputs without clearly communicating the
reliability or variability of these predictions. However, clinicians frequently emphasise the
importance of such uncertainty measures, as confidence intervals greatly influence their decision-
making process regarding patient management and treatment strategies. Future research should
therefore explicitly incorporate uncertainty quantification metrics such as confidence intervals or
predictive intervals, into diagnostic models. By aligning more closely with clinical needs, these
enhancements can substantially improve model interpretability, reliability, and acceptance in real-
world healthcare settings.

6. Conclusion

AD has become an increasing global concern in the context of rapid population ageing. Accurate
and early diagnosis is critical for timely intervention, patient care, and effective disease management.
This paper systematically examined the evolution of computer-aided diagnostic techniques for AD,
tracing developments from traditional machine learning methods to more advanced deep learning,
ensemble learning, reinforcement learning, and multimodal approaches. This paper also conducted a
detailed synthesis of recent studies published over the past five years, summarising the datasets,
methods, performance metrics, and limitations associated with multimodal models, as shown in
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Table 3 and Table 4. Based on our analysis, several key insights emerge:

1.

2.

3.

Multimodal models consistently outperform single-modality models in terms of diagnostic
accuracy and generalisation, offering a more comprehensive representation of the disease.

Data imbalance remains a pervasive challenge in medical datasets and should be explicitly
addressed during model development to avoid biased or misleading predictions.

FL offers a promising solution for protecting patient privacy, allowing collaborative model
training across institutions without the need for centralised data sharing.

Explainability and interpretability are not just technical enhancements but essential components
of clinical acceptance, improving transparency and fostering trust among both clinicians and
patients.

While multimodal biomedical cohort datasets and multimodal linguistic-based cognitive
impairment datasets each provide valuable and complementary insights into AD pathology, they
are often treated in isolation in existing research. However, in real-world clinical practice,
physicians interpret behavioural and structural information simultaneously. Bridging this
disconnect through cross-modal fusion strategies represents a critical step toward more holistic,
reliable, and patient-centred diagnostic systems.

Despite notable advancements in multimodal predictive models for AD, most current models
predominantly omit uncertainty quantification such as providing confidence intervals and instead
yield deterministic outputs that fail to reflect prediction reliability. Crucially, clinical decision-
making heavily relies on such uncertainty assessments. Future research must integrate
quantitative metrics like confidence intervals into diagnostic models.

Existing benchmark datasets such as ADNI, OASIS, NACC, and ADReSS remain indispensable but
present important limitations, including small sample sizes, cohort imbalance, restricted diversity, and
inconsistent longitudinal follow-up. These constraints hinder model generalisability and highlight the
urgent need for more inclusive, standardised, and scalable multimodal datasets.
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