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1. ABSTRACT

Alzheimer's disease (AD) is a chronic neurodegenerative disorder and the most common cause
of dementia globally. Accurate and early diagnosis of AD is essential to enhance patient care
and management, facilitate recruitment for clinical trials, and provide access to novel treatments
at a stage when intervention may have greater potential benefit. However, the early detection of
AD before obvious clinical symptoms have emerged is challenging.

Firstly, there is no unique, widely available screening test for early diagnosis of AD. Secondly,
AD progresses through a series of brain and cognitive alterations that resemble those that occur
during the typical aging process, making detection of the disease in its early stages difficult
since these subtle signs and symptoms can often be mistaken for aging. This overlap between
normal aging and early AD-related changes further complicates efforts to identify individuals at
risk before substantial cognitive decline occurs. While a combination of neuropsychological
assessment, neuroimaging, and analysis of cerebrospinal fluid (CSF) biomarkers can facilitate
the diagnosis of AD once symptoms have manifested, these diagnostic tools are not ideal for
widespread pre-symptomatic screening due to their high costs, invasiveness, and/or limited
availability.

In recent years, artificial intelligence (Al) techniques have been increasingly employed to
pre-symptomatically identify subtle changes in speech and language, neuroimaging, and
electrophysiological activity including electroencephalography (EEG) and quantitative EEG
(qEEG) that are predictive of AD onset. This comparative review discusses recent original
studies that have investigated the potential of Al-powered approaches in these three modalities
for early detection of AD and discusses the challenges that need to be overcome for these
techniques to translate into routine clinical practice.

2. INTRODUCTION

Alzheimer's disease (AD) is a chronic, irreversible neurodegenerative disorder characterized by
a steady degeneration of the brain, leading to problems with memory, cognition, and the ability
to carry out daily activities. It is the most common form of dementia among people aged 65 and
older, with 55 million people affected worldwide (a number expected to reach almost 140 million
by 2050)". As the world population ages, AD not only imposes a great psychological and
financial burden on the patient and family but also exerts a huge pressure on the health care
system. The estimated global cost for dementia, mainly caused by AD, is nearly $2 trillion by
20302


https://www.zotero.org/google-docs/?0CzA8s
https://www.zotero.org/google-docs/?Nwr4Tp

After considerable research over the years, there is no cure for AD. Currently available
treatments can postpone the development of symptoms but do not slow the disease course. In
the absence of a disease-modifying treatment, the primary goal of clinical management is to
alleviate symptoms and retard functional deterioration. As a result, early intervention is thought
to be crucial for maximizing the potential impact of therapies as symptoms can only be apparent
after significant pathophysiological changes. Early and accurate diagnosis is one of the greatest
opportunities to enhance care, refer patients to clinical trials, and enable long-term care
planning in this increasingly prevalent disorder with a poor treatment option and late clinical
manifestation?.

However, accurate early diagnosis of AD has not been possible in clinical settings?. This is in
part due to the fact that neurological changes begin years before clinical symptoms develop.
These early symptoms can often be mistaken with normal aging and other conditions.
Furthermore, AD progression and presentation are highly variable across individuals, making an
early diagnosis extremely difficult. Although various methods including cognitive screening,
neuroimaging (MRI and PET), and CSF biomarkers (amyloid beta and tau) are helpful for the
late symptomatic diagnosis of AD?, they are not cost-effective, non-invasive, scalable, and
sensitive enough to monitor minor changes in the early phases of AD, leading to
under-diagnosis or late-diagnosis of the disease?.

However, due to the abovementioned constraints, there has been a surge in the use of Al to
develop predictive models for early diagnosis of AD based on large and heterogeneous data,
including clinical information, neuroimaging, and biomarkers*. ML and DL techniques have been
applied to MRI and PET images, CSF biomarkers, and clinical data to differentiate between AD,
MCI, and healthy control (HC) subjects®. Recently, these efforts have been directed toward more
accessible digital biomarkers, including speech and language, electroencephalography (EEG)
and quantitative EEG (qEEG), and other behavioral data to identify subtle alterations that occur
at early stages of the disease’.

Though most Al-related studies claim excellent performance, they were developed on small,
uniform databases and were tested with different methodologies'. This discrepancy in the
testing methods makes comparison among modalities challenging and also highlights the
limitations of current Al models for real-world clinical applications”.

This paper presents a comparative review of Al-enabled methods for early AD diagnosis based
on three non-invasive modalities, namely, speech and language, structural MRI, and
EEG/qEEG. These three modalities were selected because of their non-invasive nature and
their ease of scalability for repeated screening. They also capture the complementary aspects of
AD changes, including speech and language that mirror early cognitive decline, structural MRI
that highlights neurodegeneration that becomes more apparent with AD progression, and
EEG/qEEG that reflects functional network disruption. Using recently published journal articles,
the paper compares the application of modalities, development and evaluation of models, and
existing challenges. Direct comparison enables the paper to find out how effective the
Al-enabled methods for early AD diagnosis are and what methodological issues should be
addressed to enhance interpretability, generalizability and clinical applicability.
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3. BACKGROUND

Alzheimer's disease (AD) is an irreversible, progressive neurodegenerative disease that affects
memory and cognitive abilities and the ability to perform daily activities®. Pathological hallmarks
of AD are characterized by amyloid- (AB) plaques and neurofibrillary tangles of
hyperphosphorylated tau®. Pathological changes occur years before clinical symptoms, leading
to synaptic dysfunction, neuronal loss, and slowly to brain atrophy, especially in the medial
temporal region, such as the hippocampus and surrounding cortex®. The long preclinical phase
is significant because it means that detectable biological changes actually precede symptoms.
This creates a window where sensitive biomarkers, and the Al models that are trained on them,
could enable earlier detection of AD than symptom-based diagnosis.

As AD progresses, it goes through different stages of cognitive decline?. Individuals with
amnestic mild cognitive impairment (aMCI) present with memory decline, but they remain
functionally independent in their daily lives?. A longitudinal study found that aMCI subjects have
a high risk of developing Alzheimer's disease dementia, so it is crucial for early detection?. From
now on, MCI will be used as a general term including aMCI unless otherwise specified. A
“preclinical” phase of AD has also been identified where individuals show biomarker evidence of
amyloid and tau pathology in the absence of objectively measured cognitive deficits on
standardized testing®. The preclinical and MCI stages are critical because they offer the greatest
opportunity for identifying risk and evaluating interventions before significant irreversible
degeneration and functional impairment’. With that, because amyloid-targeting therapies have
produced a very limited clinical benefit, amyloid positivity alone should be treated more as a risk
indicator for AD rather than a pathway to intervention.

While there are various assessments to aid in the diagnosis of AD, they all have their own
limitations for early detection®. Cognitive assessments and clinical evaluations are still the most
common instruments used, but they may only capture cognitive decline after significant decline
and may struggle to differentiate between other forms of neurodegenerative diseases with
similar symptoms*. Cerebrospinal fluid (CSF) biomarkers and positron emission tomography
(PET) can directly measure AB and tau, but they are invasive and expensive and require
additional equipment that most clinics are not equipped with®. Magnetic resonance imaging
(MRI) and other neuroimaging can measure structural changes in the brain associated with AD,
but may only capture significant changes in the later stages and may not accurately capture
changes due to other diseases and disorders®.

Thus, there is a need for non-invasive and accessible biomarkers to capture early signs of the
disease and to be assessed multiple times throughout the disease trajectory®. In addition to
neuroimaging techniques, digital (e.g., speech and language) and physiological (e.g.,
electroencephalogram (EEG)/quantitative EEG (QEEG)) markers have also been explored for
early detection of AD®. For example, speech samples have the potential to capture subtle
declines in lexical diversity, fluency, and discourse and may reflect disruptions to memory and
executive functioning®. High-throughput MRI analyses can capture subtle patterns of atrophy
and structural connectivity-based changes that occur beyond overall volume reduction™.
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EEG/qEEG assessments can capture changes in brain oscillations and functional connectivity
that may occur in the absence of structural changes™.

These candidate biomarkers often generate high-dimensional and noisy data that are not easily
explained by conventional statistical analysis'®. Acoustic speech features, voxel-wise MRI data,
and EEG time-frequency data exhibit subtle non-linear patterns that may differentiate early AD
from healthy aging or other pathologies'?. As Al techniques, particularly machine learning and
deep learning, are adept at modeling non-linear relationships, data fusion, and learning from
raw data, they are particularly well-suited to this problem®. For instance, in the neuroimaging
literature, deep learning frameworks have been employed to classify AD, MCI, and cognitively
normal individuals using whole-brain MRI or PET data®. Likewise, several speech and EEG
studies have found that Al frameworks are capable of discriminating prodromal or early AD from
controls using signals that may not be perceivable by human observers’.

Given that each data modality captures a distinct aspect of disease, it is unlikely that any one
modality will be universally adequate’. Taken together, these studies indicate that Al-based
digital biomarkers may aid in the detection of early AD beyond standard neuropsychological
testing and invasive measures, especially if trained and tested on larger, more diverse
samples®. In the subsequent sections, we will overview Al-based methods using three promising
non-invasive data modalities for early AD detection: speech and language, structural MRI, and
EEG/qEEG.

4. METHODS
4.1. Search strategy

To conduct this literature review, a systematic search was performed to identify peer-reviewed
articles that investigated the application of Al to detect AD at an early stage using speech digital
biomarkers, neuroimaging, and EEG/qEEG physiological signals.

Three databases (PubMed, Google Scholar, and ScienceDirect) were searched from August to
November 2025. Given the dynamic nature of research in this field, we prioritized articles
published between 2022 and 2025. However, papers published prior to 2022 were also
considered if they had a significant impact, were frequently cited, and/or were key references for
more recent studies. The search keywords started with broader terms and became more
specific as search patterns emerged. Examples of search strings included the term
“Alzheimer's” combined with modality- and technique-specific terms such as “artificial
intelligence,” “digital biomarkers,” “speech analysis,” “neuroimaging,” “EEG,” and “multimodal
early detection.”

” o« ” o

The search included both review articles and original studies. The reference list and “cited by”
sections of highly relevant articles were explored to identify any additional articles, especially
recently published ones.

4.2. Inclusion and exclusion criteria
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Inclusion criteria:
Studies were included if they:

were published in a peer-reviewed journal.
were written in English and were accessible in full text.
used Al or machine learning techniques.
used at least one of the modalities of interest in this review:
o speech or language biomarkers.
o MRI or PET neuroimaging.
o EEG or quantitative EEG (qEEG).
e targeted AD or MCI with an emphasis on early detection (e.g. risk prediction, early-stage
classification, screening).
e reported sufficient methodological information and basic performance results (e.g.
accuracy, AUC, sensitivity, specificity).

Exclusion criteria:
Studies were excluded if they:

did not use Al or machine learning techniques.

targeted non-AD dementias with no AD comparison group.

were editorials, commentaries, or case reports instead of full articles.

did not report sufficient methodological information or performance results.

4.3. Study selection process

The initial search across databases yielded between 430 and 450 records, encompassing both
original research articles and reviews with a broader scope. First, the titles and abstracts were
screened to filter out studies that were obviously not relevant to this review, such as those that
focused on drug development or non-Al diagnostic techniques. After screening, the number of
articles to be assessed in full text was reduced to about 120.

Of those, 25 studies were selected for inclusion as they fulfilled the inclusion criteria and
provided representative and clear evidence across the three modalities of interest:

e Al-based approaches using speech biomarkers.
e MRI- or PET-based neuroimaging models.
e physiological biomarkers based on EEG or qEEG.

The final selection also included a few review and meta-analysis articles that placed the
methodologies into a wider context.

4.4. Categorization and data extraction

Each selected article was classified into one of the three main modality categories:



e speech and language biomarkers.
e neuroimaging (MRI, PET, radiomics).

e EEG, qEEG, and other physiological biomarkers.

Several studies on multimodal fusion and explainable Al were also included to facilitate
cross-modality comparison. The following data were extracted from each study:

modality and type of data (e.g. audio, transcripts, MRI images, EEG signals).
source of the dataset (e.g. Alzheimer's Disease Neuroimaging Initiative (ADNI), OASIS,
clinical data).

type of model (e.g. CNN, transformers, support vector machines, ensemble).
classification problem (e.g. AD vs. controls, MCI vs. healthy aging).

performance metrics.
stated limitations and implications for early detection.

These data were entered into a Zotero library using a standardized format to facilitate
modality-wise comparison.

rhythms + network
coordination
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This table helps explain why multimodal models often perform well - speech and EEG can
present early functional change while MRI provides clear structural confirmation of AD once
degeneration is more prominent.

4.5. Synthesis approach

This review is modality-based, enabling an evaluation of speech-based, neuroimaging-based,
and EEG-based approaches separately before comparison. Within each modality, the common
modeling techniques, emerging performance patterns, and methodological constraints were
summarized. Across modalities, the results were compared based on common evaluation
criteria, including scalability, invasiveness, cost, generalizability, interpretability, and strength of
validation. This synthesis serves the primary purpose of this review, which is to assess how the
various Al-enabled biomarkers contribute to the early detection of AD and determine which
approaches currently offer the most reliable and accessible screening for early AD.




5. RESULTS

5.1 Speech-Based Approaches

Speech is commonly proposed as the most promising and feasible digital biomarker for early AD
among the literature discussed. As a modality, speech can be collected non-invasively and
frequently in daily life, making it more suitable for large-scale screening than imaging or CSF.
Alterations in fluency, timing, word-finding, and discourse organization are associated with early
strain on memory and executive language control even when deficit is not yet apparent on a
standard assessment™. As such, speech-based models are most commonly positioned as
screening or risk-stratification tools rather than diagnostic tools because speech changes are
not unique to AD™.

Most of the existing speech research used one or both of the two main categories of features™.
The first category is audio and paralinguistic features derived from the acoustic signal. These
features include pitch perturbations, speaking rate, spectral features, pause length, and the
frequency of fillers'. The second category of features is linguistic features derived from speech
transcripts, such as lexical richness, syntactic complexity, semantic appropriateness, and
discourse structure™. While both categories of features have been found to reflect changes in
cognition, they are confounded by different sets of factors. Audio and paralinguistic features are
influenced by variations in recording environment, whereas linguistic features are influenced by
variations in transcription and language use™.

Traditional machine learning approaches, such as logistic regression, support vector machines,
random forest, and XGBoost are still popular, and deep learning approaches are also used,
especially when the sample size is larger, such as convolutional neural networks (CNNs), long
short-term memory networks (LSTMs) and transformer-based language models'®. Some studies
have reported similar results across speech-based classification tasks. Garcia-Gutiérrez et al.
classified spontaneous speech of subjects with subjective cognitive decline (SCD), mild
cognitive impairment (MCI) and Alzheimer's dementia'®. The best results were obtained when
classifying SCD vs AD dementia (F1 = 0.92) and the worst when classifying stages that are
closer, such as MCI vs AD dementia (F1 = 0.63). The difference between non-adjacent and
adjacent stages is a common trend observed in the results of these speech-based studies,
which poses a challenge for the early diagnosis™. Interestingly, the same study observed that
the performance depends on the sociodemographic features. For example, when
sociodemographic features are not used as covariates, the performance for the classification of
SCD vs AD dementia decreases (F1 = 0.92 to F1 = 0.81), which supports the need for
reproducibility and harmonization in reporting sociodemographic variables and non-speech
covariates.

Additional studies have shown excellent results in case-control designs, however, these results
should be viewed with caution. For instance, Noto et al. demonstrated near perfect case-control
classification performance using acoustic features such as the variability of the spectral kurtosis
(AUC = 0.98)"". These results demonstrate the upper bound performance that can be obtained
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on hand-picked case-control datasets rather than a demonstration of readiness for real-world
screening, a point emphasized in more comprehensive reviews of speech tasks™.

Finally, studies that directly compare audio and text pipelines can be very informative for
contrasting the relative contributions of acoustic vs. linguistic signal from the transcript. On the
ADReSSo benchmark, Priyadarshinee et al. compared a knowledge-based audio embedding to
the use of speech transcripts as input to transformers*®. On this benchmark, the text-based
approach performed significantly better (RoBERTa accuracy 88.7%, F1 0.886 vs VGGish
BiLSTM accuracy 78.9%, F1 0.79). This implies that when the quality of the transcripts is good,
lexical and syntactic information extracted from the transcript may provide the most
discriminative information for this task. However, the authors note an additional concern for
deployment: for instance, automated transcription may not preserve the timing of pauses and
hesitations, which may be of clinical interest. This sensitivity of performance to preprocessing
may contribute to the inconsistencies in speech performance across tasks'.

Indeed, speech is suitable for the first stage of screening and diagnosis for early detection
because of its relatively low cost, ease of data collection, and good responsiveness to mild
cognitive impairments’®. Nevertheless, speech is insufficient as a sole diagnostic tool,
particularly for mildly affected patients or in a preclinical phase of the disease, and is sensitive to
language, accent, and environmental noises'. These results imply that speech might be better
suited for screening and diagnosis in conjunction with other modalities, such as EEG or
neuroimaging'?.

Overall, this evidence suggests that speech is best understood as a high-sensitivity,
low-specificity signal. While it can flag the subtle cognitive inefficiency earlier and more
cost-effectively than other clinical tools, it does struggle in other areas that clinical methods
excel in - adjacent-stage discrimination and heterogeneous real-world populations. The
repeated gap implies that many models are in fact capturing broad impairment rather than
AD-specific patterns. As a result, the strongest near-term use case is triage/risk stratification,
rather than stand-alone diagnosis.

5.2 Neuroimaging Approaches

Structural MRI, in particular T1-weighted MRI, is the neuroimaging modality most commonly
adopted in Al-based Alzheimer's disease classification pipelines’®. The majority of these studies
utilize CNNs trained on whole-brain or region-based MRI images to learn spatial features
related to Alzheimer's disease neurodegeneration™. With end-to-end DL, the model takes
voxel-level MRI volumes, whole brain or ROI crops, as input and learns discriminative spatial
features directly from the input, rather than relying on measurements. Aside from end-to-end
DL, the next two most prevalent approaches are radiomics frameworks that use conventional
ML algorithms with handcrafted image features and multimodal frameworks that incorporate
MRI with PET or blood biomarkers'. This is needed because structural MRI primarily reflects
atrophy and cannot directly measure amyloid burden. So, combining these modalities can link
anatomical loss to either earlier or more specific biological markers.
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These three approaches illustrate the tradeoff between performance, interpretability, and clinical
feasibility. End-to-end DL is most accurate in large and standardized datasets because it can
exploit high-dimensional spatial patterns. However, it is most vulnerable to overfitting and limited
interpretability when trained on smaller samples. Radiomics, on the other hand, is generally
more interpretable and usable for smaller samples than end-to-end DL. Still, it often
underperforms when engineered features don’t capture the subtle atrophy patterns and when
feature selection isn’'t controlled. Multimodal frameworks are the most grounded, especially
when paired with PET or blood biomarkers. They integrate structural change, however, they are
harder to use because of their cost. Taking this into account, the best approach often depends
on the goal, sample size, and monetary resources available.

For the late-stage problems, many groups have found success using Al models on MRI data,
especially on well-vetted research cohorts'®. The meta-analysis of T1 MRI models by
Basanta-Torres et al. found pooled performance close to ceiling when classifying Alzheimer's
disease versus healthy controls (SROC AUC 0.985, sensitivity 0.97, specificity 0.95)'. But in
the same meta-analysis, the performance was lower for each successively earlier problem. For
example, the classification of MCI vs. controls is less accurate than the classification of AD vs.
controls, reflecting the fact that distinguishing subtle changes in structure in the prodrome from
normal aging is a difficult problem. This is an observation of many neuroimaging studies®.
Structural MR is very useful after a disease is well established, but earlier-stage classification is
difficult, because of both the subtlety of the change and its heterogeneity.

The main limitation of these results is their generalizability?. Liu et al. found that training on
ADNI and testing on NACC resulted in poorer performance on the latter data set, especially for
the MCl-related tasks'®. The authors of a more general review of machine learning applied to
MRI for AD diagnosis and classification say that “external validation is less frequently used in
comparison to cross-validation” and that “different scanner types, acquisition protocols, patient
demographics and clinical diagnoses could potentially influence the performance of machine
learning models™. In practice, independent testing on data from multiple centers has a much
larger effect on model reliability than the choice of algorithm?.

Furthermore, to detect the disease at an earlier stage, various studies used multimodal data
fusion where PET and MRI data were fused. PET imaging provided the information of various
molecular markers such as glucose metabolism, amyloid beta, and tau whereas, MRI provided
the information of the structural changes in the brain®. Reviews of PET/MR DL approaches
suggest that the fusion of PET and MRI images can improve the classification and staging
results of AD by incorporating the information of the molecular markers and anatomical
structure?'. However, the cost and the availability of PET imaging are very high and low,
respectively. Moreover, the sample size and data completeness of multimodal datasets are low
compared to the unimodal MRI datasets®*'. Therefore, the reported improvements in the
PET/MRI approach should be cautiously considered by taking into consideration the cost and
availability of PET imaging and the quality of external validation®2'.

Another approach used was the prediction of tau-PET pathology from clinical and other easily
accessible biomarkers. This approach can reduce the number of PET imaging acquisitions?.
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The tau-PET prediction results were promising (highest R2 = 0.66—0.69). Furthermore, the
results were externally validated. Although the prediction of tau-PET pathology is not equal to
AD diagnosis, it can help in the early detection of AD by predicting the disease pathology
without using PET imaging for all the subjects?.

The other approach used was the radiomics approach where the features were handcrafted
from either MRI or PET images and machine learning was used as a classifier. Although the
results of the radiomics approach can be competitive in a controlled environment, the sensitivity
of the approach to preprocessing, segmentation, and harmonization can hinder the
reproducibility of the results in different sites. Moreover, for clinical implementation,
standardization and multi-site validation of the results are necessary’®.

In summary, neuroimaging-based studies suggest that the structural MRI-based Al models are
more accurate in distinguishing AD from healthy controls, whereas the results are less
consistent for the separation of MCI from healthy controls and preclinical AD detection™. In the
studies, the evaluation design plays a significant role in the credibility of the
neuroimaging-based results, in particular when the Al models were validated on external,
independent, diverse and multi-site cohorts®.

5.3 EEG-Based Approaches

EEG and qEEG are popular and non-invasive methods of detecting early functional changes
associated with AD". While MRI primarily reflects structural changes that accumulate over time,
EEG assesses the current state of neural activity and functional connectivity?®. As a result, EEG
and qEEG are often interpreted as potential indicators of early functional network disruption -
based on recurring findings such as spectral slowing and altered connectivity - that may emerge
before pronounced anatomical atrophy is visible in neuroimaging.

Spectral and functional connectivity characteristics are commonly used as features for
EEG-based Al models?*. Band-specific power and phase-locking values are common inputs, as
well as graph-theoretical properties such as clustering, path length, and small world index, all
derived from EEG FC analyses?®. Spectral slowing, including increased power in the lower
frequency bands (e.g., delta and theta) and decreased power in the higher frequency bands
(e.g., alpha and beta), as well as decreased FC, has been consistently reported in AD and MCI
patients'2425, However, since these EEG changes often overlap across AD and MCI, AD-MCI
classification is typically less consistent than AD-control discrimination. Further, reported
separation is heavily reliant on cohort composition and design.

ML and DL algorithms have been applied to EEG features, with highly variable performance
reported in the literature®®. Acharya et al. found that, in a review of DL studies employing EEG
signals, the classification performance varied greatly depending on the classification problem
and dataset, with higher performance reported for AD vs. control classification as compared to
MCI vs. control®. Similarly, in a review of gEEG Al studies, Rezaei et al. reported high accuracy
and AUC values in controlled settings, but also emphasized the influence of dataset quality,
preprocessing and design on reported performance®*.
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One major issue highlighted in the EEG literature is the heterogeneity of acquisition and
analysis protocols?. The electrode montage, sampling rate, filtering and artifact removal and
connectivity measures vary across studies®?°. Papaliagkas and Paitel et al. noted that this limits
the comparability of studies and contributes to the large performance variability>#. Therefore,
the accuracy of EEG-based models should be interpreted with caution, especially when the
model was trained and tested on data from a single site®.

Recently, advanced methodologies accounting for early changes in neural activity have been
proposed. Amato et al. proposed a digital-twin framework combining EEG recordings with
subject-specific models to infer parameters related to synaptic activity?’. In that study, the
authors found that the digital-twin approach outperformed conventional EEG feature-based
classification within the employed dataset?. While the results suggest that modeling parameters
related to the latent activity of the brain network improves the detection of AD/MCI, the study
was performed on a small sample and needs to be repeated and validated in independent
datasets before any clinical conclusion can be drawn.

Taken together, EEG-based Al models have demonstrated group differences and moderate to
high performance in research settings®*. The main advantage of EEG recordings is that they can
capture changes in network activity that are not evident in structural neuroimaging''. However,
the variability in acquisition, preprocessing and validation protocols is a major obstacle for the
translation of EEG-based models to clinical practice®. Standardization of protocols and external
validation across multiple centers is thus required to establish whether EEG-based Al models
can be translated to clinical practice®.

6. DISCUSSION

The three modalities presented in this paper focus on different aspects of AD: while speech has
the potential to track subtle language changes, EEG can capture functional changes in the
coordination of brain networks and MRI structural neurodegeneration'?. None of the modalities
alone provides a complete picture of the underlying disease mechanisms'2. The changes
captured by the three modalities relate to different phases of the disease: whereas language
decline can track subtle language changes, EEG functional changes can capture network
disruption and MRI structural neurodegeneration'®"'*. These phases do not occur at the same
pace for all individuals.

Capturing this modality-effect interaction is essential for contextualizing the results of each Al
model. The accuracy of each modality cannot be compared without acknowledging which stage
of the disease each modality has the best predictive ability for and under what circumstances
the data was collected®. Speech-based models are ideal for early screening due to their low
cost and scalability; however, results are contingent upon language, culture, recording
conditions, and task design'. They also have limited diagnostic specificity, because similar
speech changes can and do occur in other dementias, depression, stroke, and normal aging.
Due to this, speech is better used as a risk-screening signal rather than an AD discriminator.
EEG-based models capture real-time neurological activity; however, accuracy results vary
depending on preprocessing and validation techniques®. MRI-based models are most accurate
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for late-stage disease but have high costs and limited access'®. Although each modality is most
effective under certain conditions, no modality is consistently the most accurate across the
board'. This pattern supports a stage-aware and triage-based approach in which speech tools
are used in broad screening. EEG is leveraged when early functional disruption is suspected,
but MRI is reserved for confirmation when clinical concern is elevated.

Since no single modality has the capability of meeting all diagnostic needs, Al multimodal
models have been shown to be more accurate than single modality models in ideal research
settings’?. Multimodal Al models are capable of incorporating data from multiple biomarkers and
thus capture different features of the disease progression'. Speech biomarkers can indicate
early changes in cognition, EEG biomarkers capture disruptions in functional networks, and MRI
biomarkers capture neurodegenerative changes which generally become more prominent in
later disease stages. EEG is valuable in patient context because it can reveal functional
impairment even if MRI imaging is still normal. This helps bridge early behavioral screening
signals from speech with later anatomical confirmation from MRI. This perspective aligns with
the way in which clinicians currently incorporate this data into their practice and mirrors the
themes from the digital biomarker literature which emphasize the importance of multimodal
modeling rather than single modality classification®.

While multimodal models have been shown to have high levels of accuracy, it is important to
acknowledge that the extent of the gain may be exaggerated in certain settings'2. Many of the
multimodal gains reported are based on highly curated multimodal data sets that have been
collected from the same device, time, and place with few missing values, but these may not
accurately represent clinical data which is often missing, heterogeneous, and collected across
multiple sites?. In clinical practice, multimodal Al is not only about obtaining the highest possible
accuracy but also about developing systems that can cope with missing modalities and
multimodal heterogeneity and return interpretable results®.

The results from this paper indicate that early detection of AD is unlikely to be accomplished
with a single “best” biomarker®. Rather, future improvements will require further research into
what each digital biomarker can capture and how they can be used together in biologically valid,
clinically relevant, and generalizable ways'. Speech, EEG, and MRI biomarkers should be
viewed as interdependent and complementary tools rather than in competition with one another
in the pursuit of early detection of AD™.

7. LIMITATIONS

In spite of the promising developments of Al-powered solutions for the early diagnosis of AD,
there are a number of issues in the existing literature which affect the interpretation of the
results. These issues are different across speech, MRI, and EEG and pertain mostly to the
availability and representativeness of the data, as well as the lack of external validation, or
consistency across studies. These issues may explain why results that are considered excellent
for research studies may not be good enough for clinical applications.

7.1 Size and Representativeness of the Data
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A number of the highest results reported in the literature are based on relatively small,
well-defined, and not so representative clinical datasets®. Most of the neuroimaging studies are
based on the ADNI dataset which is not representative of real clinical conditions due to
differences in the demography of patients, comorbidities, or scanning parameters'#. Most of
the EEG and qEEG studies are based on single center studies with a small number of subjects,
which may cause the risk of overfitting and insufficient statistical power?*2°. Similarly, speech
datasets such as ADReSS and DementiaBank are limited in terms of language, tasks, and
recording conditions™. Therefore, high performance may be due to dataset specific patterns
rather than patterns that are more generally representative of the clinical population®.

7.2 External Validation and Variability of Pipelines

Only a few external validation studies are reported in the literature for speech, EEG and
neuroimaging. Most of the models were validated on a test set or using a cross-validation
technique on the same data®. When the models were applied to external datasets, the
performance decreased, especially for the diagnosis of the MCI state and other early-stage
conditions’.

Finally, we identify several caveats in the literature. First, methodological decisions regarding
EEG preprocessing (e.g., filter settings, artifact removal, electrodes and connectivity metrics
used) can impact model performance?®%. For speech, factors such as device and task influence
results'. Greater standardization in these procedures would facilitate between-study
comparisons and would provide a clearer understanding of which procedures are most
generalizable across datasets and settings®.

Second, between-study comparisons are hindered by the use of inconsistent diagnostic labels.
For example, criteria for MCI, early AD and disease progression vary across studies and
cohorts, and even within the same datasets, criteria and cutoff values have evolved over time?.
This could impact model development and testing, as multimodal studies with inconsistent
labels across data types may introduce noise into model training and testing.

7.3 Limited Longitudinal and Preclinical Evidence

Many studies describe their models as instruments for early or preclinical detection, but
longitudinal evidence is lacking across data types®. The majority of speech, EEG and
neuroimaging studies employ a case-control design, comparing individuals with different levels
of cognitive impairment at a single time point'. Fewer studies use longitudinal follow-up to
assess whether biomarkers identified at baseline predict subsequent progression from NC to
MCI or AD. Even more novel analyses, such as those using digital-twin models of EEG data to
model parameters of underlying neural circuits, are based on short follow-up durations and
modest sample sizes?’. Without longitudinal follow-up, it is challenging to differentiate
biomarkers that are stable over time from those reflecting within-person variability.

7.4 Demographic and Device-Related Biases
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Similar challenges compromise the external validity of digital biomarkers. Speech and EEG
data, for instance, are typically dominated by native English speakers or highly educated
participants''*. In neuroimaging studies, this issue is further exacerbated by the typical
over-reliance on a handful of large cohorts®*2. In all modalities, these issues suggest that, for
real-world detection, far fewer Al-identified signatures may generalize across populations,
environments and acquisition parameters.

7.5. Lack of evidence on clinical deployment protocols

Reviews have consistently pointed out that Al detection of AD is often assessed outside of
clinical protocols®. Data quality, recording time, and device quality are not accounted for in most
studies. Though MRI consistently performs well on dementia, it is expensive and not feasible for
screening. EEG requires an expert for recording and a standard procedure is required. Speech
is a viable alternative, but it requires further validation in unstructured recordings. As such,
reported results should be taken as an upper-bound until Al models are tested in a real-world
setting.

7.6. Sensitivity of multimodal fusion designs

Multimodal designs are often shown to outperform unimodal models 2. However, results are
often reported on small datasets or datasets with very limited heterogeneity'?>. EEG-MRI or
speech—EEG datasets are still few, and when available, missing data are imputed'?. Multimodal
Al is a promising alternative for early detection, but it requires further evidence from large,
multicenter studies.

8. FUTURE DIRECTIONS

To be deployed in a real-world scenario, the performances reported in Al-based studies for the
early detection of AD need to be narrowed to the real-world setting*?°. Larger and more diverse
datasets are required for all modalities?. For speech-based applications, larger datasets with
diverse linguistic and cultural backgrounds, as well as more naturalistic recording conditions are
needed™. In the case of EEG, multicenter acquisition with standardized protocols are needed,
whereas neuroimaging studies should move beyond the few large cohorts available?°?3,

Longitudinal designs are still missing in the field®>. Most studies are cross-sectional, and as such,
they do not address whether speech, EEG or imaging features are markers of disease
progression’. Longitudinal studies are also necessary to disentangle disease markers from
features capturing within-subject variability or compensation mechanisms*.

Standardization is a necessary step toward the translation of Al-based tools to the clinics®.
Across EEG, speech and neuroimaging studies, acquisition protocols, preprocessing steps and
reporting practices are highly heterogeneous and hamper reproducibility across studies, and
shared protocols and reporting guidelines should be adopted'.
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Multimodal models are a promising tool for early detection, but they should be designed
accounting for missing or partially available modalities and should be able to accept partial data
without losing interpretability'2.

This would increase their applicability in the clinics and would reduce their dependency on
imputation strategies, which may mask uncertainty. As Al-based detection methods mature,
interpretability should also remain a priority?®. Models providing insights into which linguistic
features, neural patterns or brain regions support their predictions will facilitate trust, adoption
and clinical use?. For clinical translation, explainable Al (XAl) in speech, EEG and
neuroimaging can be used to link the output of Al models with interpretable and clinically
meaningful outcomes?.

9. CONCLUSION

The early diagnosis of AD is a challenging scientific and clinical problem that cannot be solved
by a single modality of digital biomarkers*2°. Each modality of speech, EEG, and neuroimaging
represents different levels of pathology. Speech reveals impairments in fluency, naming, and
discourse, which are detectable during daily conversations'*'®. EEG indicates functional
alterations in the neural network, which can be detected before any structural changes?.
Neuroimaging shows the topological patterns of neurodegeneration that can be observed in the
later stages of AD®. Taken together, these findings suggest that a hierarchy of early diagnosis
from cognitive inefficiency to functional and then structural degeneration is supported by each
modality of digital biomarkers®.

In addition, most recent studies have focused on the combination of different levels of
information from the cognitive, functional, and structural levels*'2. Speech-based approaches
provide high accessibility for massive screening, EEG-based approaches are more sensitive to
functional alterations in the early stages, and MRI-based approaches are more specific to detect
the disease once structural degeneration occurs'. A multimodal approach is more in line with
the clinical diagnosis of the disease but still needs large-scale and diverse datasets, common
acquisition protocols, longitudinal validation, and explainability ',

Al technologies have extended the scope of non-invasive signals for the early diagnosis of AD
from the brain signals of speech and EEG to structural neuroimaging signals®. A combination
of three levels of digital biomarkers (i.e., cognitive, functional, and structural levels) provides a
promising solution for developing more accurate, accessible, and clinically reliable diagnostic
and screening tools for AD in the near future™.
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