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Teaser: Machine learning is set to transform Alzheimer’s disease research by analyzing vast
amounts of clinical data. Potential impact includes a better understanding of the disease’s etiology,
early diagnosis, disease staging, biomarker discovery, pharmacological targets and drug
development.

The rapid growth in Alzheimer’s disease (AD) research has led to an unprecedented
accumulation of biomedical and clinical data, including longitudinal patient datasets and
comprehensive observational cohort databases comprising clinical, biomedical,
neuroimaging and lifestyle data. Expert use of machine learning algorithms is indispensable
in order to realize the full potential of the data for diagnosis and drug target discovery. Here,
we provide an overview of the biomedical and neuroimaging measures for AD diagnosis and
staging. We then critically review the application of machine learning (classification)
methods to AD data and provide insight for future improvements and research directions.
Future research should aim to improve interpretability, accessibility and thorough
validation of the models, enabling translation into clinical applications.



Introduction

Alzheimer’s disease (AD) remains one of the most expensive debilitating diseases today with a
significant economic burden worldwide.! It is the most common cause of dementia characterized
clinically by a gradual decline of cognitive functions, including memory, language and reasoning
abilities, along with progressive physical and emotional deficits. AD pathology manifests through
a complex interplay of biochemical, cellular, genetic and neuroanatomical factors, which can
potentially be used as disease biomarkers to guide clinical diagnosis. Biologically, AD is a
progressive neurodegenerative disorder with hallmark alterations in amyloid B (A), the
accumulation of AP plaques and tau neurofibrillary tangles in the brain. At a microscopic level,
this proteinopathy, which starts with diffuse extracellular Ap plaques, proceeds to dense AP
plaques and the aggregation of phosphorylated tau; when plaques incorporate degenerating axons
and dendrites (dystrophic neurites), they are referred to as a neuritic plaque,>* which is a
characteristic finding in postmortem AD brains. Hence, tauopathy is believed to be downstream
of AP plaque formation [as evidenced by cerebrospinal fluid (CSF) and PET scans], and it precedes
neurodegeneration measurable by structural MRI scans and subsequent clinical symptoms such as
memory deficits.’ Figure 1 shows the frontal cortex stained for amyloid plaque and p-tau, depicting
normal brain (no-plaque), neuritic and non-neuritic plaques in the brain.® Of immense interest are
the molecular mechanisms leading to these formations that can be viewed as early biomarkers of
the disease.*%7

Although this simplified model of AD, known as the amyloid hypothesis, accounts for many major
pathological and phenotypical aspects of the disease’s development and progression, the
hypothesis has been challenged in recent years®*1 with emerging new findings from genetics,
epigenetics, molecular biology and epidemiology. Importantly, targeting AP proteins so far has
shown only modest therapeutic success in delaying the disease progression.!!"!3 Moreover, an age-
related accumulation of AP plaques can be seen in some non-symptomatic individuals.'* When
investigating the etiology of this disease, a major consideration is the heterogeneity of AD in
patient populations!s including the variability in clinical, neuroanatomical, pathophysiological and
biochemical observations, where distinct variants of AD can be identified. It then follows that the
underlying molecular mechanisms of AD and its progression can be variable, having huge
implications for the diagnosis and treatment of patients, emphasizing the necessity of patient
stratification.!6!7

Several other cellular and molecular pathways associated with AD pathology are being
investigated, which could contribute to biomarker discovery for earlier diagnosis, patient
stratification and additional treatment options and drug discovery. Most notable are observations
of microglial activation and its complex and contradictory effects on disease progression'® with
regard to the associated neuroinflammatory hypothesis of AD.!%?° For example, patients with AD
exhibit increased levels of inflammatory biomarkers in blood and CSF, such as proinflammatory
cytokines and specific microglial-activated biomarkers.' Supporting this theory are genome-wide
association studies (GWAS) reporting several AD risk genes that are related to immune system
functions.?! Also implicated in AD pathogenesis are mitochondrial dysfunction,?>?* changes in
neurotransmission (e.g., excitatory and inhibitory glutamate and GABA signaling, and the relevant
transporters),’>*?> the impact of gut microbiota?® and the presenilin (PSEN1) hypothesis.!?



Diagnosis of AD has shifted from relying solely on autopsy data to the inclusion of clinical criteria,
such as family history, clinical examination, neuropsychological testing and limited laboratory
assessments,”’ and will now become increasingly more reliant on biomarkers from biofluids and
advanced imaging technology.’ This is inevitable considering the need for early diagnostic tools
(before the onset of symptoms) and the need for objective criteria for a more accurate diagnosis.
An accurate diagnosis is imperative not only for patient disease management but also for research,
with precision in patient selection in observational studies, clinical trial enrollment, evaluation of
new diagnostic tests and clinicopathologic correlations. In a radical move toward a purely
biological definition of AD, the National Institute on Aging and the US Alzheimer’s Association
proposed a ‘research framework’ according to which AD is established by the underlying
pathologic processes irrespective of the clinical consequences of the disease.?® The framework
proposed the use of three sets of biomarkers: AP deposition (A), pathologic tau (T) and
neurodegeneration (N), collectively referred to as the ATN framework. Clinical use of this
framework has been debated by the International Working Group® as potentially more useful in
ruling out AD (in AB-negative individuals) than in diagnosing AD.?

Despite the limitations of these biomarkers and the debate around the clinicopathologic
correlations of various neuropathological and neuroanatomical observations with AD
symptomology, the need for more-accurate diagnostic tools persists. Above all, the onset of
clinical symptoms, such as those identifiable by the clinical Dementia Rating Scale Sum of Boxes
(CDR-SOB) and Mini-Mental State Examination (MMSE) scores, is years behind pathological
changes and might be too late for useful clinical interventions or preventative measures.?*! AD
development and progression can be viewed as a continuum comprising an asymptomatic phase
known as preclinical AD, through mild cognitive impairment (MCI) to AD dementia of varying
severity. The preclinical phase is identifiable only through biomarkers, and it might or might not
progress into MCI and AD, which indicates the limited specificity of the current biomarkers.?°-3!
An additional challenge for biomarkers in MCI and AD is the accuracy in determining the cause
of cognitive loss (i.e., eliminating false positives). Consequently, the accuracy and precision of
biomarkers are crucial for patient outcomes and AD research, especially with clinical trials and
cohort studies for accurately assigning the participants into AD and control groups.

The growing availability of patient-level longitudinal cohort data in recent years provides new
research opportunities for AD. With the application of data science and machine learning (ML)
algorithms, various aspects of AD can be investigated from a data modeling perspective that could
offer new insights into the pathogenesis, clinical progression, biomarkers and therapeutics
discovery. AD-specific databases such as Alzheimer’s Disease Neuroimaging Initiative (ADNI)3?
and Open Access Series of Imaging Studies (OASIS)* are suitably designed to allow ML
applications to various biomedical assays, neuroimaging data, lifestyle information, cognitive test
results and genetic data. ML refers to computer algorithms that learn a model from data, often
using statistical theories, to discover patterns (or rules) in data, such as correlations between
variables (model features) and AD scales and categories (classes). Hence, they are data modeling
methods. As depicted in Figure 2, supervised and unsupervised ML methods can contribute by
discovering rules and patterns in data for future predictions, such as AD diagnosis and staging and
response to therapeutics, as well as identifying the most relevant predictors to be used as disease
biomarkers.



ML methods, such as deep learning, are fundamental components of artificial intelligence (Al),
particularly when analyzing images or text. The discovery of new biomarkers, along with their
optimization, threshold selection and validation of their applicability, relies heavily on the
effectiveness of the specific data modeling methods. Data modeling has become an integral part
of research and scientific discovery today. In particular, biomedical disciplines routinely generate
and employ large amounts of data. Examples of heavily data-reliant biomedical disciplines include
genetics (e.g., GWAS studies), omics (e.g., proteomics and metabolomics), high-throughput drug
screening, public health data, epidemiology and health economics.

This review evaluates the application of ML algorithms to AD and identifies gaps in methodology
that can potentially limit the accuracy and use of these models. Whereas there are several reviews
with ‘machine learning’ or ‘Al in the titles, their focus can range from natural language processing
of patient speech?* to the implementation of trustworthiness of Al systems.?*> Unlike these two
examples, we are interested in identifying physical biomarkers relevant to the pathology of the
disease, rather than tools for speech recognition or issues with clinical implementations. Moreover,
several of the previous surveys focus exclusively on specific ML methods and deep learning
architecture,3%37 whereas others have focused on specific data types for Al (e.g., the MRI image,3®
multimodality imaging data,?® sensor data analysis*® or the genetic study of AD*!). A recent review
on biomarker discovery for AD assesses the suitability of datasets for ML.*? Some reviews*#
have focused on the potential applications of Al and discussed the reported accuracy of the
published ML models of AD. By contrast, this manuscript provides a deeper assessment of ML
algorithms and available novel methodologies to overcome risks involving issues such as
transparency, interpretability and applicability, using a clear language intelligible to biomedical
and pharmaceutical scientists. We have also focused on identifying gaps in methodology for future
improvements. First, we will discuss some of the AD biomarkers available within cohort
databases, focusing on neuroimaging and fluid biomarkers. Next, we will briefly review the main
types of AD-related data available for ML algorithms and the main types of ML algorithms for
AD-related classification. Then, we discuss the central contribution that ML can offer to the
discovery of biomarkers. We will detail some of the recent advancements and challenges of data
modeling and ML in AD biomarker discovery. Finally, current challenges and obstacles to the use
of biomarkers in clinical settings will be discussed.

Literature search methodology

This narrative review article was constructed by using a comprehensive and structured literature
search to identify the relevant studies and reduce the risk of confirmation bias. Scientific databases
including Web of Science and Google Scholar were systematically searched using a combination
of keywords and Boolean operators structured as follows. First, the more general keywords of
‘machine learning’ or ‘artificial intelligence’ were used in combination with ‘Alzheimer’s disease’
with or without the word ‘biomarker’. The search was limited to peer-reviewed articles published
in English within the past 10 years to ensure the inclusion of contemporary developments. This
ensured identification of the most general important themes available in the current literature.
Next, more-specific ML concepts were used as new keywords such as a combination of ‘deep
learning’ or ‘convolutional neural networks’ with ‘Alzheimer’s disease’. Likewise, specific AD-
related biomarkers such as ‘structural MRI” were used in combination with ‘machine learning’ or
‘artificial intelligence’. This allowed identification and inclusion of more-specialized research
papers within the field. Additional references were identified by tracking the recent citations of the
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select key articles. Selection criteria emphasized methodological diversity (for
comprehensiveness) and rigor (for example by considering the size of the dataset or model
accuracies), relevance to biomarker discovery and clarity in the application and evaluation of ML
models. Priority was given to studies demonstrating novel ML approaches, clinical validation or
translational potential. Review articles and meta-analyses were included to provide contextual
background, whereas studies with insufficient methodological detail or lacking validation were
excluded. This process ensured the inclusion of high-quality, representative literature about the
current state of ML and AT applications to AD biomarker discovery.

AD biomarkers from neuroimaging

Because AD is associated with pathological changes in the brain structure and function, various
neuroimaging techniques have historically been used as noninvasive, inexpensive and objective
tools in the clinic and for research, to aid clinical diagnosis, monitor AD progression, determine
AD subtypes*+#® and predict clinical symptom onset.*’” These techniques can be used to explore
AP and tau depositions, patterns of regional structural brain alterations (atrophy), metabolism
alterations and deterioration of functional cortical networks due to neuronal destruction and loss
of input from related cortical regions. The increasingly widespread availability of neuroimaging
has led to its routine use in clinical practice and research, and large amounts of image data in health
data repositories, longitudinal population databases and AD-specific cohort studies. Using the
data, significant associations have been reported between the volumes of regional grey and white
matter for many psychiatric conditions, aging and degenerative diseases such as AD.*% The
neuroimaging techniques used in AD are categorized into structural modalities, such as structural
magnetic resonance imaging (sMRI) and diffusion tensor imaging (DTI), and also functional
modalities, such as positron emission tomography (PET) imaging and functional MRI (fMRI)
(Table 1).

SMRI

The sMRI sequences offer detailed images of the brain’s structure to serve as a biomarker for
determining the stage and severity of the neurodegenerative component of AD pathology.’!
Various sMRI methods include T1-weighted, T2-weighted and fluid-attenuated inversion recovery
(FLAIR) MRI modalities. These methods differ in the sequence of applied radio frequency pulses
to the tissue slice and the time of capturing the echo signals, with T1-weighted MRI being the
shortest and FLAIR using the longest sequences to fine-tune and enhance the contrast between
various tissue structures. T1-weighted MRI enhances fatty tissue signals while suppressing water
signals (dark CSF) to allow a precise separation between the grey and white brain matter. T2-
weighted MRI enhances water signals (bright CSF), emphasizing the contrast between CSF and
brain tissue. This modality is proficient at detecting cerebrovascular changes like white matter
hyperintensities and microbleeds, frequently seen in individuals with AD,>? and the presence of
cerebral infarctions.’® FLAIR MRI can uncover white matter lesions, offering insights into CSF
spaces and white matter integrity.>*3> White matter hyperintensities (WMH) are closely associated
with grey matter atrophy and cognitive decline, not only in AD but also in cognitively normal
elderly individuals.>®



AD-relevant information from sMRI can be visually assessed by a skilled neurologist; however,
advanced quantitative analyses can reliably extract information about intricate morphometric brain
changes from the voxel-level imaging data. A recent survey exploring the current neuroimaging
practice in Europe found that MRI was the most used imaging technique for dementia (72%) with
90% of the responding neuroradiology centers using a combination of MRI protocols with T1
being the most common, and 75% performed visual analysis vs 23% performing volumetric
analysis.”’ The quantitative analysis of SMRI data can be performed at the brain region level
[volumetry or region of interest (ROI) analysis] or the voxel level (voxel-based analysis). ROI
analysis involves segmenting the brain into different anatomical regions (ROIs) and measuring
their structural features such as volume, surface area and thickness.3¥° Figure 3 shows an example
of ROI cortical depiction labeled per the DKT cortical labeling protocol.%! By contrast, voxel-level
analysis (tensor-based morphometry) enables the investigation of nuanced structural brain
alterations at the voxel level.60:62.63

The success of quantitative analyses relies on the quality of the MRI scans, the quality of the
automated brain segmentation algorithms and the ML algorithms that allow the identification of
brain structure changes in healthy vs diseased states.®® For example, volumetric T1-weighted MRI
analysis has been used to quantitatively explore age-related structural brain changes in healthy
adults,%*% to identify AD patients from healthy individuals,® to track the AD progression®® and to
distinguish AD from other types of dementia.*> Standardization of MRI (and other neuroimaging
methods) is an important consideration in the success of neuroimaging as a disease biomarker.
Moreover, patient privacy is an important consideration owing to the possibility of facial
recognition software to identify people from MRI scans.®’

DTT

DTI is a type of structural MRI that uses anisotropic diffusion of water molecules to estimate
axonal organization within white matter. It provides detailed information about the microstructural
properties of white matter in the brain, including connectivity and integrity (damage and
demyelination), and changes in these are associated with AD.43-%8 AD is associated with changes
in specific measures from DTI including reduced fractional anisotropy and increased water
diffusivities measured as mean diffusivity (of water molecules in all directions), radial diffusivity
(perpendicular to axons) and axial diffusivity (parallel to axons).®*7° In addition to early detection
and diagnosis,’® DTI is used for mapping white matter tracts (tractography),’! for tracking disease
progression over time and differentiating AD from other dementias.

MRI

fMRI measures brain activity by detecting small changes to the blood flow in response to stimuli
or actions (paradigms) and using oxygen-level-dependent (BOLD) signals. The application of
fMRI in AD monitors the associations between brain regional hemodynamics and the clinical
symptoms.”> In addition, resting-state (rs)-fMRI is conducted when no specific task is being
executed and it captures the BOLD signal fluctuations in various brain regions over time to identify



patterns of functional activities in each voxel or region; and functional connectivity between brain
regions.” The rs-fMRI could potentially be more efficient compared with structural imaging in
detecting brain (function) alterations in preclinical AD.”* Some rs-fMRI methods that have been
employed in studies of AD include temporal BOLD signal variability,’? the (regional) amplitude
of low-frequency fluctuations,’>’® regional homogeneity (similarity of the BOLD signals in a
cluster of nearby voxels)’”-7® and the functional connectivity measured as the temporal correlation
between various brain regions.

PET

PET scans evaluate various functions in the brain by using specific radioactive tracers, including
radiotracers for cerebral glucose utilization, neuroinflammation, different neurotransmitter
systems and the AD protein aggregates, specifically the amyloid deposits.”3 For example, PET
imaging with the !8F-fluorodeoxyglucose radiotracer (FDG-PET) is commonly used to detect
glucose uptake in various brain regions, where a reduction in glucose metabolism in brain regions
of interest (e.g., the hippocampus and the posterior cingulate cortex) is indicative of AD. The
reduced glucose utilization in AD could be due to neuronal loss or loss of activity, bioenergetic
changes, accumulation of amyloid plaques and neurofibrillary tangles that disrupt typical neuronal
functioning, and/or neuroinflammation and oxidative stress. FDG-PET has been found, through
meta-analytic evidence, to have the ability to provide high sensitivity (>90%) and specificity
(>89%) in differentiating AD from cognitively normal subjects.®!

Other radiotracer examples include AP radiotracers (e.g., !'C-labeled Pittsburgh compound B and
I8F-labeled florbetapir), tau radiotracers (e.g., ['®F]-flortaucipir) and tracers for microglial
activation [translocator protein (TSPO) radiotracers].8%#2 These biomarkers have shown potential
as diagnostic tools in AD using visual inspection and quantitative analysis.”®#3 In particular, FDG-
PET and amyloid-PET have found clinical applications in differential diagnostic algorithms of
dementia from neurodegenerative diseases.?* In addition, radiotracers are being developed to
investigate various other aspects of AD pathophysiology, including cholinergic depletion®® and
synaptic density indicators such as synaptic vesicle glycoprotein 2 (SV2).86

Single photon emission computed tomography (SPECT)

SPECT is an imaging technique using gamma rays that creates a 3D image of a radioactive tracer
distributed in tissues after being injected into the bloodstream. This enables visualization and
quantification of changes in blood flow patterns in the brain regions as an indicator of brain
metabolism and function. SPECT is widely used in AD to identify functional changes in the brain.
In longitudinal studies, subgroups of AD patients have shown posterior cerebral hypoperfusion on
SPECT images.?” Quantitative studies have shown high sensitivity and specificity of SPECT
images in differentiating AD from vascular dementias and detecting the shift from asymptomatic
to symptomatic stages of AD.38

Fluid biomarkers of AD

A substantial amount of work in AD research has focused on discovering and validating
biomarkers for improving diagnostic criteria and for applications in clinical research.?%0 Apart
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from the biomarkers derived from neuroimaging discussed in the previous section, CSF measures
of AP and total or phosphorylated tau, as well as plasma or blood biomarkers, have been commonly
used in clinical practice and research.’! Lesser-known biomarkers include brain-derived exosomes
in serum and CSF,%? plasma glial fibrillary acidic protein (GFAP),”* the axonal cytoskeleton
protein neurofilament light chain (NfL),%* inflammatory proteins,”® the biomarker of blood—brain
barrier integrity, shedded form of platelet-derived growth factor receptor-p (sPDGFRpB)**°7 and
mitochondrial markers such as CoQ10.%8

Although many AD fluid biomarkers are CSF-based, the field of studying plasma or blood-based
biomarkers has increased dramatically.”® This is because AP is tenfold more concentrated in CSF
than in the blood.!? It is important to also note that levels of fluid biomarkers vary greatly and
progress at different rates over the course of the disease.?**1:101 For example, most charts depicting
biomarker timelines show AP appearing first, tau second and neuronal loss much later. Some
investigators would argue that abnormal AP and tau in the brain, as measured with PET, and Ap42
and tau phosphorylated at threonine 181 (p-taul81) levels in the CSF are the current core
biomarkers of AD. However, a direct comparison of these and various plasma biomarkers at
different stages of AD (longitudinal studies) and across AD studies must be delineated to enable
accurate estimation and staging of AD in clinical practice.!®> In a recent cross-sectional and
longitudinal study®® using the AIBL cohort, it was found that plasma p-taul81 biomarkers
performed equivalent to or better than some other plasma biomarkers in predicting an Ap—/+ status
from amyloid-PET. However, a panel of biomarkers including the ratio of plasma AB1-42 to AB1-
40, p-taul81 and GFAP had a superior predictive capability for Ap—/+ status across AD. Plasma
p-taul81 has been shown to correlate with CSF p-tau and to increase in preclinical AD and further
increase in MCI and dementia AD.'% It must be noted, however, that the prediction of Ap—/+
status serves only as a surrogate for the more sought-after clinical AD phenotype (i.e., the cognitive
decline).

Biomarkers can be assessed in terms of how they correlate with neurodegeneration. Several
neurodegeneration biomarkers (e.g., NfL and total tau) are common across several diseases and
lack specificity to AD. Interestingly, a recent study!% showed that brain-derived tau (BD-tau) in
blood is an AD-specific neurodegeneration biomarker; it can differentiate AD from non-AD
dementia, and its levels correlate with longitudinal loss of cognition and atrophy rates across
preclinical, MCI and dementia stages of AD. BD-tau levels increase according to concomitant A3
and neurodegeneration abnormalities. In other words, plasma brain-derived tau was shown to be
an amyloid-associated neurodegenerative biomarker capable of identifying AR+ individuals at risk
of short-term cognitive decline in AD.

Still, other markers associated with synaptic pathology have recently been studied in AD. Some
investigators would in fact propose that synaptic loss might develop before tau alterations and in
response to elevations in soluble oligomeric forms of AP associated with early AD. To this end, a
range of fluid biomarkers such as neurogranin, a- and B-synuclein, visinin-like protein 1 (VILIP-
1) and neuronal pentraxin 2 have been developed.’’ Most of these fluid biomarkers of
neurodegeneration are CSF measures and their time courses have been suggested to lapse behind
AP and tau biomarkers.’! In terms of the blood biomarkers, the combined use of the axonal injury
biomarker (NfL) and neuroinflammation biomarker (GFAP) has been suggested to enhance the
accuracy of AD diagnosis and prediction of AD onset.!0>



ML for the classification of AD-related data

ML algorithms have been extensively used to investigate AD and explore associations between
various clinical and physical measures of AD. These methods can identify patterns in data that
could be associated with AD diagnosis cross-sectionally or predict future diagnosis and
progression rates. These methods can therefore achieve two main outcomes: (i) prediction of an
AD outcome (e.g., AD diagnosis, stratification of AD patients, prediction of progression from
healthy to AD, prediction of A status or the rate of neurodegeneration); (ii) identification of main
predictors of AD from the pool of all the collected data (e.g., biomarkers, clinical manifestations,
possible risk factors). From a drug discovery perspective, these so-called AD predictors that are
measurable indicators of AD can be used to identify potential drug targets, assign patients to the
correct AD class, select patient populations for clinical trials, monitor treatment response during
clinical studies, predict potential side effects and guide the development of new drugs by providing
insights into disease mechanisms. With the application of advanced ML methods and the larger
sets of available data, it is expected that more can be learned from the available databases than
from single hypothesis-driven clinical trials within the field.

From an ML perspective, AD outcomes that we aim to predict are either a category (e.g., patients
categorized as AD or MCI) or a continuous quantity (e.g., levels of neurodegeneration on a
continuous scale). ML methods for the prediction of categorized data — known as ‘class label’ in
ML terminology — are called classification techniques, whereas ML methods for the prediction of
continuous quantities are regression techniques. From our experience, classification techniques
seem to be more common in published AD-related ML literature. For example, classification
algorithms can identify the best set of biomarkers to accurately classify individuals into healthy,
clinical AD or MCI classes.!?1% [n this example classification task, the clinical status of the
individuals is the ‘class label’ and each individual’s attributes (including some potential
biomarkers) are known as the ‘features’.

This section focuses on the classification task, an ML task where each subject is described by a set
of predictive features and is associated with a class label. The goal of a classification algorithm is
to learn a model that predicts the class label (e.g., whether or not a subject has AD or whether the
subject’s condition will progress from MCI to AD), based on the values of the features (e.g.,
biomarker results of each individual). Studies applying classification algorithms to AD data can
be characterized by the type of data being analyzed and the type of ML algorithm applied to the
data. Hence, the remainder of this section is divided into two parts. The first part discusses the
main types of data that have been used for AD-related classification, including different types of
predictive features and different types of class labels (to be predicted). The second part discusses
the main types of classification (supervised ML) algorithms that have been used for AD-related
classification, as well as two important related issues: the need for adjusting the hyperparameter
settings of those algorithms, to maximize predictive performance; and the need for interpreting the
‘black box’ models usually produced by supervised ML algorithms, which can be used for
biomarker discovery by identifying the most important features in very accurate predictive models.



Types of AD data available for ML

When using classification algorithms to analyze AD-related data, the choice of the data to be
analyzed is more fundamental than the choice of the algorithm because, in practice, we need to
first define the data and then choose a good algorithm suitable for that kind of data. It is particularly
important to consider the cross-sectional or longitudinal nature of datasets.!%-!10 Longitudinal
datasets contain repeated measures of variables across time (e.g., blood cholesterol levels or
cognitive test results across different time points). Longitudinal datasets have become more widely
available in recent years, with national-level initiatives and investments worldwide for the creation
of standardized clinical databases. These include data from AD-focused research initiatives such
as ADNI and data from versatile national and international longitudinal databases such as the All
of Us database in the USA and the UK Biobank. It must be noted that a comprehensive list of the
available databases is outside the focus of this current paper, hence we just briefly mention some
major databases. In the USA, the NIH-funded National Alzheimer’s Coordinating Center (NACC)
has coordinated the development and maintenance of the Uniform Data Set (UDS) with clinical
and neuropathological data collected from various AD Research Centers (ADRCs) using a
standardized protocol. Other data-focused research initiatives in the USA include the database
generated by the ADNI and that developed by the Knight ADRC (OASIS), which are both
longitudinal, multicenter, observational, prospective studies of normal cognitive aging, MCI and
early AD. Similar initiatives and many databases can be found in Europe and the UK. For example,
the European Medical Information Framework for AD Multimodal Biomarker Discovery (EMIF-
AD) collated data from 11 European cohorts.'!! Another example is the Australian Imaging,
Biomarkers and Lifestyle (AIBL) study, which has preclinical, prodromal and clinical stages of
AD defined from biological and cognitive perspectives.!!?

Regarding sources of data, reviews of the literature have noted that the most used dataset has been
ADNI#»107.113,114 fo]lowed by the OASIS dataset'!3; with other sources of data being used less
often (e.g., Kaggle datasets). The temporal nature of longitudinal data provides the opportunity for
analyzing disease progression across time, as well as the opportunity for detecting the influence of
early pathological changes and earlier lifestyle choices on later diagnoses of AD-related
conditions.!%%:199 Tn addition, longitudinal research can allude to causal mechanisms that cannot be
captured by cross-sectional studies. However, a proper sophisticated analysis of longitudinal data
should in principle involve classification algorithms designed specifically to cope with the
temporal nature of longitudinal data!'® — some examples of such algorithms will be briefly
discussed later. Applications of ML to AD have mostly utilized neuroimaging data, particularly
MRI, as predictive features for models,!%%19 with fluid biomarkers,'? cognitive scores'?!13 and
genetic data being less frequent. The latter was found to be the least used type of feature in a
specific review,!% possibly owing to the larger cost and ethical issues associated with their data
collection and use. In any case, genetic data are analyzed, for example focusing on ML applied to
single nucleotide polymorphism (SNP) data.!'* Sometimes the predictive performances obtained
by classification algorithms trained with less expensive features (e.g., certain fluid biomarkers) are
competitive with the results obtained by more-expensive features (e.g., functional MRI/PET
imaging).'’> Furthermore, the relevance (predictive power) of a feature for AD-related
classification also tends to be dependent on the current stage of the disease or medical condition.
For example, it was noted that plasma analytes have more predictive power around the inception
of the disease, whereas MRI tends to have more predictive power in a later stage of the disease.!'

10



Several reviews of the literature have noted that combining different types of features (multiple
modalities of data e.g., neuroimages and fluid markers) usually increases the predictive
performance, compared with using a single data modality.!!3:!1¢-118 However, as more modalities
are considered, it becomes more difficult to find sizable numbers of subjects (AD patients or
controls) with data for all considered modalities. Despite this, subjects with missing data for a
subset of the modalities can still be used for ML, as long as the ML algorithm or some data pre-
processing method effectively copes with missing values.!!%-120

In general, classifying subjects into ‘normal vs AD’ is relatively easier (tending to obtain higher
predictive accuracies) than classifying subjects into ‘normal vs MCI” or ‘MCI vs AD’ 118121 Thig
is expected, because intuitively the clinical differences in the two groups of subjects in the former
case tend to be significantly greater than the differences in the two groups of subjects in the latter
two cases. Although binary classification is more common, there are also many studies classifying
subjects into three or four classes representing different levels of AD severity or AD stages.!0%113

TBypes of ML algorithms for AD-related classification

Many studies have used deep learning, more precisely various types of deep neural networks
(DNNG), for analyzing AD-related data.!06:113.116,118 Thjg is partly due to the fact that neuroimages
are overall the most used type of data in this area and that DNNs are, in general, the state-of-the-
art type of method for image classification.!?>123

Convolutional neural networks (CNNs)!?* have been one of the most popular and most successful
types of DNN for AD-related classification,!0¢-113:116 particularly when analyzing neuroimages.
This is not surprising, considering that CNNs were designed to work with grid-structured inputs
where there are strong spatial dependencies between neighboring local regions of the grid!?4; and
this is naturally the case in images, where neighboring locations in an image tend to have the same
color. CNNs exploit the similarities between neighboring local regions of images to create features
representing local patterns that help to improve predictive performance. In addition, the CNN
algorithm learns increasingly more complex and more abstract representations of the input data
along the sequence of hidden layers of the network, automatically performing ‘feature
construction’ in a way optimized for the classification task, which is a major characteristic of deep
learning.

The longitudinal nature of a time series of neuroimages can be explored by recursive neural
networks (RNNs) and long-short-term-memory (LSTM) neural networks,'?* which are DNNs
tailored to process temporal (or sequential) data. However, although RNNs and LSTMs have been
used for AD classification,!%6:113.116 their use in this field has not been as popular as their wider use
in other fields.!%%1%8 In any case, the application of DNNs to AD-related data faces the problem
that the datasets in this field are usually relatively small by comparison with datasets in other fields,
and DNN algorithms usually require large datasets to achieve high predictive accuracy. For
example, a recent review of ML for AD-related classification!?® noted that, in 62% (18/29) of the
analyzed studies, the sample size was <100 instances (cases).

In addition to classification using neuroimaging data, many studies use ‘tabular data’ (where each
row represents a subject and each column represents a predictive feature, plus a final column
representing the class label of each subject). The state-of-the-art for tabular data can be considered
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in general ensembles of decision trees, rather than DNNs. 23126 Support vector machines (SVMs)
also tend to achieve very competitive predictive performance in tabular data.3%!2” Hence, SVMs
and decision-tree-based ensembles have also been frequently used in AD-related classification
studies. In fact, SVMs have been the most popular classification algorithm for AD-related data
according to several literature reviews!07108:114.128. and decision-tree-based ensembles (e.g.,
random forest) have also been reasonably popular.!% Note that, although standard SVMs and
decision-tree-based ensembles are not designed for longitudinal data, there are specialized versions
of these algorithms developed for coping with the temporal nature of longitudinal data (e.g., a
longitudinal version of SVM'?° and longitudinal versions of random forests!'30:131).

Adjusting the hyperparameter settings of classification algorithms

Most ML algorithms for classification have many hyperparameters that need to be set before they
are trained on the input data, and usually the predictive performance of the learned models is
sensitive to variations in the settings of those hyperparameters. This is the case particularly for
DNNs and SVMs. In principle, hyperparameter settings can be optimized in a ‘semi-automated’
way, with users trying a few combinations of hyperparameter settings and selecting the one with
the best predictive performance in a validation set — separated from the test set to be used later for
measuring generalization performance of the optimized model. However, this usually requires
good knowledge of the ML algorithm. For example, experiments have shown a strong positive
correlation between a user’s experience with deep learning and the predictive performance of the
trained DNNs. 132

In principle, more-effective optimization of the hyperparameter settings can be achieved with more
systematic and automated approaches, developed in the area of automated ML (Auto-ML)!33:134 —
or, more specifically, the neural architecture search (NAS) in the case of DNNs.!3° However,
advanced Auto-ML methods tend to be computationally expensive, because they must iteratively
generate and evaluate many hyperparameter settings of classification algorithms across many
iterations.

The Auto-ML methods used in AD-related DNNs have been mainly relatively simple and fast, like
cross-validation or grid search!'* or a combination of random and grid search,!3¢ rather than the
more sophisticated Bayesian optimization or evolutionary algorithms.!3* Hence, the use of
Bayesian optimization or evolutionary algorithms could lead to some improvements in predictive
performance in future AD-related classification studies using DNNs or other types of classification
algorithms whose performance is sensitive to the algorithm’s hyperparameter settings.

Risk of overfitting and information leakage

When applying classification algorithms to AD-related data (or any other type of data) one should
be careful to mitigate the risk of overfitting and to avoid data leakage. Overfitting occurs when a
classification model is too adapted to specific details of the training data and, as a result, the model
does not generalize well to the test data (which is independent from the training data and is used
for measuring generalization performance). For example, overfitting can occur when the data are
very noisy, so that a complex model can be fitted to noisy patterns in the data, rather than true
patterns in the data, or when the number of predictive features is much larger than the number of
instances.!'* The risk of overfitting can be mitigated, for example, by using some regularization
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technique that reduces the number of parameters being learned during a model’s construction (e.g.,
using dropout in DNNs!37 or by ensemble learning, which averages the predictions of many base
models in the ensemble!??).

Data leakage occurs when information in the test set is used in any part of the training process of
a classification model.’® The test set must be used only to evaluate the generalization ability
(predictive accuracy) of the final classification model, after all the training process has been
completed, to avoid data leakage, because data leakage leads to overoptimistic and misleading
measures of predictive accuracy. Note that procedures such as feature selection, feature
construction and tuning of classification algorithm hyperparameters to maximize their predictive
performance are all part of the training process and must be carried out using the training set only,
with no access to the test set. Unfortunately, this crucial principle in the evaluation of classification
algorithms is often not followed. In particular, in a review of 32 studies using the CNN algorithm
and anatomical MRI data for AD classification,?® it was noted that in six cases there was a clear
data leakage and in another ten studies it was unclear whether or not there was data leakage, based
on the incomplete description of the experiments in the study. In other words, between 19% and
50% of those 32 reviewed studies have reported overoptimistic values of predictive accuracy
owing to data leakage.

Interpreting ‘black box’ models for AD-related classification and biomarker discovery

Algorithms such as DNNs, SVMs and ensembles of decision trees learn black box models that
provide predictions that cannot be directly understood or interpreted by users!%!17:118 owing to the
complexity of those models (usually with a large number of features). For example,'3® when
predicting the probability of death for patients with pneumonia, a substantially more accurate
neural network model was dismissed in favor of an interpretable but less accurate logistic
regression model, because the black box neural network model was ‘too risky’; it could make
predictions based on misleading patterns in the original data (which might not apply to new
patients). Here, a misleading pattern learned by a rule-discovery algorithm was: ‘IF (patient has
asthma) THEN (patient has a lower risk of death)’.!3® This pattern was true in the original data
because the asthmatic patients with pneumonia were usually directly admitted to the intensive care
unit (ICU) and received more-thorough treatment in the ICU, which decreased their risk of death.
In this example, the neural network could have potentially learned several other misleading
patterns in the data that were not explicitly identifiable; hence, the neural network model was
considered too risky for real patients.!33

A number of techniques have been developed by the ML community for improving the
interpretation of black box models or explaining their predictions,!3® including techniques
specifically for neural networks.!4? These techniques are often referred to as explainable AT (XAI)
techniques. A common type of XAl technique for providing at least some interpretation of a black
box model consists of using a feature importance measure to identify the most important features
in the model; and, then, if the model at hand is very accurate, such top features could be considered
as candidate biomarkers, to be validated by clinical tests later. For example, a feature importance
measure was used to identify the most important features in a random forest model'!S (a type of
decision tree ensemble), which involved the results of some cognitive tests, followed by several
lipoprotein levels in the plasma and other features like BMI and testosterone level. Likewise,
Ludwig et al.'*! used a feature importance measure to identify the most important miRNAs
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involved in AD used in a gradient-boosted trees model (another type of decision-tree-based
ensemble). Note that feature importance provides a ‘global’ measure of the importance of a feature
(considering the entire model), which does not tell us the importance of a specific feature value in
the classification of a specific patient. There are also ‘local’ interpretability methods that provide
a fine-grained explanation for the classification of each specific patient in the test dataset. A
comprehensive review of global and local interpretability methods is available.!3

In the past few years, there has been increasing interest in applying XAl techniques in AD
research.!#-1%5 In a recent review of XAI techniques for AD classifications,!*> a feature-
importance technique called SHAP was found to be the most prevalent XAl technique used in 33
out of 77 reviewed papers. It should be noted, although SHAP and other XAI techniques are
designed to explain the predictions of a black box classification model, ironically, in cases where
users do not have expertise on XAI’s technical details, it becomes a type of ‘black box XAI
technique’. In this case, users would not understand how an XAI technique computed the
importance of the features, a situation analogous to a user not understanding how a black box
model computed its predictions.

The need for expertise in the interpretation of SHAP’s results has been discussed,!*® where it was
noted that “SHAP may require additional expertise to interpret”. It has also been noted that SHAP
and related techniques might not provide a good explanation for the complex interactions between
features in complex black box models.!® It is also important to note that, regardless of the XAI
technique being used, model interpretability requires that the features used in modeling are also
interpretable. For example, when using neuroimages as model features, the voxel-level features
are inherently noninterpretable, whereas mapping these into ROI will result in more meaningful
models. In addition, the evaluation of XAI techniques faces the challenge that there is no ‘ground
truth’ for what a correct explanation for a classification is; and so the evaluation of a XAl technique
is often based on ad hoc intuitions of XAI researchers.!4>145 Therefore, it seems particularly
important to have the results of XAI methods evaluated by medical experts. However, several
recent reviews of XAl techniques noted that, among their reviewed papers, they did not find any
paper where a medical expert interpreted the results produced by an XAI method.!4%143:145 Hence,
this is an important research direction for the field of AD-related classification with ML methods.

Finally, it should be noted that interpreting black box models is not the only approach to achieving
interpretable models or discovering biomarkers. Despite the current popularity of black box
models like DNNs, SVMs and decision-tree-based ensembles, traditional classification algorithms
that directly produce ‘white box’ (interpretable) models can also be effective, and sometimes they
are competitive with more complex black box classifiers. For example, decision tree models
(consisting of a single tree, not an ensemble) are usually considered interpretable,'4” as long as the
tree is not too large; and a traditional decision tree algorithm, J48, achieved the best predictive
performance among six classification algorithms (including SVM).!*® When using white box
models, candidate biomarkers can, in principle, be identified by directly examining the effect of
each feature in the model,'#’ without necessarily using a separate feature importance measure as
in the case of black box models.
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ML-driven discoveries and the applications in the AD field

Data-driven research on AD has contributed enormously to the knowledge about pathology,
genetic etiology, biomarkers and target discovery for future drugs, depending on the type of the
data features investigated. For example, a study published in 2021 reviewed 1442 research
publications that used ADNI data'4’ to obtain data-driven models of disease progression,
progression of AP and tau, biological classification, prediction of an individual’s risk of
progression and automated diagnosis and prognosis, among others. The overall assessment of
findings from these data-driven investigations!'*® not only supported the AB and tau biomarker
profiles and validated the previously proposed hypothetical temporal model of the AD
biomarkers'* but also offered evidence for heterogeneity of the disease.!>! The temporal model of
biomarkers proposes a sigmoidal increase in abnormality of each biomarker, where different
biomarker abnormalities start at different times during the disease progression, starting with CSF
AP42, followed by the PET amyloid imaging, the CSF tau and neurodegeneration measured by
FDG PET or structural MRI, all occurring before clinical symptom manifestations.'>* Beyond A3
and tau models, ML applied to various sources of AD data has helped characterize the impacts of
cardiovascular disease,'>> metabolic syndrome,!3* immune response, 3153 cognitive reserve'>° and
sex effects.!>” For example, it has been shown through the analysis of fluid biomarkers and genetics

that a microglial transmembrane receptor TREM2 can attenuate the detrimental impact of APOE
4,149,154

Additionally, data-driven investigations using various neuroimaging have been used to identify
brain regions of early metabolic,'*® structural*’-13%15% and functional change in AD,”%'%0 and
regions of tau and A depositions.!6!-162 ML algorithms using these neuroimaging data have been
developed for a noninvasive AD diagnosis and prognosis,!!16:118,144,163.164 conyersion from MCI to
AD,S6119.165 clagsification of stages of AD!Y7 and patient stratification.'® One promising
application is brain age estimation, which uses structural MRI to predict biological brain age,
where the discrepancy between predicted and chronological age could serve as a biomarker for
neurodegeneration.'7167 This biomarker shows strong correlations with established AD pathology
markers such as AP and tau.!>” Another key advancement lies in ML-based detection of WMHs,
which are associated with accelerated brain aging and structural abnormalities in AD.!6816 Omics
studies have been particularly useful in providing large amounts of data for patient cohorts. For
example, ML applied to proteomic studies validated the temporal profiles of the amyloid and tau
pathways.!’" A recent meta-analysis of seven datasets of AD brain proteome identified 2698
differentially expressed proteins out of 12 017 proteins and genes, including 35 previously reported
AD genes and risk loci. The identified proteins are those enriched in multiple cell types, indicating
the involvement of neurons, microglia, astrocytes, oligodendrocytes and epithelial cells in AD
pathology.!?

In one recent study,'”! specific genetic variants and A parameters were identified for two different
subtypes of late-onset AD (i.e., the inflammatory and noninflammatory subtypes). The study was
aimed at developing improved mouse models of late-onset AD by using the AMP-AD database
(the NIH Accelerating Medicines Partnership Program for Alzheimer’s Disease study) along with
transcriptome data from existing mouse strains. By applying several linear and nonlinear ML
methods, including SVM, random forest and neural network, followed by an analysis of variable
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importance, the polygenic combinations that were most influential in modeling the disease were
identified and prioritized.

An example contribution of ML to the discovery of novel drug targets for AD is an ML framework
that identified candidates for drug repurposing for AD using the AMD-AD cohort data.'’> The ML
framework identified associations between the stage of AD (mRNA profiles occurring in early,
mid or late AD) and differential gene expression in neuronal cells perturbed by these drugs. Drugs
whose gene expression profiles correlated best with the AD stage were found to target proteins
involved in regulating innate immunity, autophagy and microtubule dynamics.

Concluding remarks and future perspectives

AD is a debilitating long-term disease and a major unmet medical need from a drug discovery
standpoint. The past couple of decades have seen a surge in research investments resulting in AD-
related scientific discoveries and unprecedented accumulation of biomedical and clinical data.
Expert use of ML algorithms is indispensable to realize the full potential of the data. In particular,
the landscape of longitudinal patient data offers new opportunities for data-driven research
approaches for knowledge discovery around AD pathophysiology, as well as the identification and
validation of disease biomarkers for prediction and early diagnosis of AD, and patient
stratification. With the help of ML, the longitudinal clinical, biomedical and lifestyle attributes of
patients and controls can be analyzed more efficiently to develop all-encompassing models of the
AD time course that incorporate emerging pathophysiological aspects such as neuroinflammation
pathways and the complement system,!73-174 roles of glial cells!®!7> and astrocytes, gene regulation
pathways,!’® mitochondrial dysfunction,!”’ gut microbiome,'”® and co-morbidities such as
infections!”® and diabetes.!®" Despite the abundance of research on ML applied to AD (as evident
from numerous research publications), in general these models have not been translated into real-
life clinical applications. The real-life implementation of these AD models requires further
developments in the interpretation and validation of ML models to ascertain their reliability.

In view of the points discussed within this manuscript and the examples provided above, more
effort should be focused on analyzing and interpreting the workings of the ML models and
deciphering the impact of different features in the model, to identify the most important features
in the model. Model interpretability not only serves as a reliability test but also leads to better
accessibility of models to scientists and clinicians outside the ML community. During model
interpretation, comparisons are made between the model’s use of features (e.g., biomarkers) and
the existing scientific knowledge or working hypothesis, and the plausibility of the model’s
findings (i.e., its scientific validity) is assessed. This requires biomedical and clinical knowledge
of AD and an understanding of the predictive features used by the model. AD models should be
comprehensible by humans and provide useful information about associations and patterns in data.
Also, local interpretability methods, which explain a model’s specific prediction for each
individual patient (as opposed to a global interpretation of the model as a whole) are important to
provide explanations that take into account the particular characteristics (feature values) of each
patient. In addition, other forms of model interpretation include providing information regarding
the uncertainty of each prediction (e.g., the AD status prediction) and interpretation of the model’s
predictions by examples. '8!
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As discussed in the previous section, in the past few years, there has been an increasing interest on
using XAl techniques to interpret black box models (like DNNs and ensembles) for AD-related
classification, and the results of applying these techniques are now discussed in many papers, as
summarized in recent reviews of this area.!4%143.145 Despite the progress in this area, the use of
XAI techniques for analyzing AD-related black box models still has some important limitations,
and requires more research. In particular, there is a lack of ‘ground truth’ for evaluating the results
of an XAI technique (i.e., there is no completely objective, formal way to show that the result of
an XAl technique is better than the result of another, because model interpretability has a strongly
subjective nature).

One approach to cope with the subjective nature of model interpretability consists of asking
medical experts to evaluate the results of XAl techniques,'8%133 preferably a number of experts
(not just one), to get a more robust evaluation. This approach is particularly important in AD-
related classification (and other biomedical problems), where human lives are at stake. However,
the three aforementioned recent reviews of XAl techniques applied to AD-related classification
have consistently identified a lack of studies where a medical expert interpreted the results
produced by an XAI method.

Moreover, it is recommended to test the validity of ML models using data from multiple sources
(different clinics, neuroimaging settings and biomedical laboratories). This is in addition to the
usual model validation methods, such as internal and external validation tests, and is especially
important with the less interpretable black box models. A real estimate of the model’s
performance, when applied to new patients, can only be achieved by evaluating its prediction
accuracy using a test dataset from an independent database. There are few AD models in the
literature that have used multiple sources of patient data for in-depth analysis of model accuracy.

A further challenge for clinical applications of ML models is their generalizability issue.!84 It could
be envisaged that generalizability requires that the training dataset (i.e., the population of patients
and controls used for model development) is a good representative sample of the clinical
populations for which the models are intended. This potentially includes the similarity of
distribution of ethnicities, genetic variability, age range and environmental and/or lifestyle factors
between the dataset and the future patient populations. Notably, the designed AD datasets from
clinical trials usually incorporate a similar number of AD and control subjects (i.e., a dataset with
a balanced class distribution that helps ML algorithms to achieve a high predictive accuracy).
However, the situation is very different in real-life screening scenarios where the large majority of
patients or clients are expected to be non-AD, leading to a dataset with a very imbalanced class
distribution. This highlights the necessity of implementing rigorous model validation strategies
such as methods to estimate the posterior distribution of the accuracy,!®® providing a reliability
measure for each prediction based on the similarity of the individual’s features (clinical, genetics,
environmental) to the model’s training set population.

The above scenario involves the concept of ‘dataset shift’ in the ML literature. That scenario
involves a shift of the class distribution between the training dataset and the real-world application
dataset; but dataset shift can also involve a shift in the distribution of the features’ values. There
are ML methods to detect dataset shift and try to correct the model to cope with the detected
shift!86:187: but such dataset shift methods are understudied in the context of AD classification.
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Besides providing a prediction for AD, ML algorithms can help with knowledge discovery by
detecting associations and patterns within the data that are otherwise unidentifiable without these
ML algorithms. These patterns and associations can direct researchers to new disease hypotheses
or biomarkers. However, the credibility of such extrapolations is heavily reliant on the validity of
these computer models as explained above. This necessitates a comprehensive critical analysis of
these findings and triangulation strategies (e.g., multiple data sources and multiple ML
techniques).

The heterogeneity of AD is an additional complication in the ML modeling of this disease,
compromising the model accuracy and the effectiveness of biomarker discovery. The
heterogeneity of AD means that there could be some rarer variants of the disease within the patient
populations in the training or test datasets with a potentially different pathological and/or clinical
disease course. This necessitates patient stratification studies, which is another understudied
subject within this disease area. The heterogeneity of AD also complicates the statistical
identification of specific biomarkers for potential AD variants, especially in the case of low
frequency of these within patient populations. Using the analogy from GWAS studies, which
detect phenotype (e.g., disease) associations with common genetic variants, specific algorithms
might need to be designed to cope with phenotype associations with low-frequency variants.!88

References

M Tahami Monfared AA, Byrnes MJ, White LA, Zhang Q. The Humanistic and Economic
Burden of Alzheimer’s Disease. Neurol Ther 2022;11:525-51.
https://doi.org/10.1007/s40120-022-00335-x.

@ Fitzpatrick D, Blanco-Campal A, Kyne L. A Case of Overlap Posterior Cortical Atrophy
and Logopenic Variant Primary Progressive Aphasia. Neurologist 2019;24:62-5.
https://doi.org/10.1097/NRL.0000000000000225.

& Cullinane PW et al. Pathology of neurodegenerative disease for the general neurologist.
Pract Neurol 2023:1-13. https://doi.org/10.1136/pn-2023-003988.

) Boon BDC et al. The coarse-grained plaque: a divergent AP plaque-type in early-onset
Alzheimer’s disease. Acta Neuropathol 2020;140:811-30. https://doi.org/10.1007/s00401-
020-02198-8.

) Hampel H et al. The Amyloid-f Pathway in Alzheimer’s Disease. Mol Psychiatry
2021;26:5481-503. https://doi.org/10.1038/s41380-021-01249-0.

© Tsering W et al. Transformation of non-neuritic into neuritic plaques during AD progression
drives cortical spread of tau pathology via regenerative failure. Acta Neuropathol Commun
2023;11:1-20. https://doi.org/10.1186/s40478-023-01688-6.

O Sharoar MG, Hu X, Ma X-M, Zhu X, Yan R. Sequential formation of different layers of
dystrophic neurites in Alzheimer’s brains. Mol Psychiatry 2019;24:1369-82.
https://doi.org/10.1038/s41380-019-0396-2.

18



®)

©

(10)

an

(12)

13)

(14

(15)

(16)

an

(18)

19)

(20)

Frisoni GB et al. The probabilistic model of Alzheimer disease: the amyloid hypothesis
revised. Nat Rev Neurosci 2022;23:53—-66. https://doi.org/10.1038/s41583-021-00533-w.

Dubois B et al. Clinical diagnosis of Alzheimer’s disease: recommendations of the
International Working Group. Lancet Neurol 2021;20:484-96.
https://doi.org/10.1016/S1474-4422(21)00066-1.

Kurkinen M, Futek M, Fulek K, Besztej JA, Kurpas D, Leszek J. The Amyloid Cascade
Hypothesis in Alzheimer’s Disease: Should We Change Our Thinking? Biomolecules
2023;13:1-13. https://doi.org/10.3390/biom13030453.

Serrano-Pozo A et al. Thal Amyloid Stages Do Not Significantly Impact the Correlation
Between Neuropathological Change and Cognition in the Alzheimer Disease Continuum. J
Neuropathol Exp Neurol 2016;75:516-26. https://doi.org/10.1093/jnen/nlw026.

VandeVrede L et al. Co-pathology may impact outcomes of amyloid-targeting treatments:
clinicopathological results from two patients treated with aducanumab. Acta Neuropathol
2023;146:777-81. https://doi.org/10.1007/s00401-023-02631-8.

Karran E, De Strooper B. The amyloid hypothesis in Alzheimer disease: new insights from
new therapeutics. Nat Rev Drug Discov 2022;21:306—18. https://doi.org/10.1038/s41573-
022-00391-w.

Jansen W1J et al. Prevalence of cerebral amyloid pathology in persons without dementia: A
meta-analysis. JAMA 2015;313:1924-38. https://doi.org/10.1001/jama.2015.4668.

Duara R, Barker W. Heterogeneity in Alzheimer’s Disease Diagnosis and Progression
Rates: Implications  for  Therapeutic = Trials.  Neurother — 2022;19:8-25.
https://doi.org/10.1007/s13311-022-01185-z.

Abdelnour C et al. Perspectives and challenges in patient stratification in Alzheimer’s
disease. Alzheimers Res Ther 2022;14:1-12. https://doi.org/10.1186/s13195-022-01055-y.

Kovacs GG. Clinical stratification of subtypes of Alzheimer’s disease. Lancet Neurol
2012;11:839-41. https://doi.org/10.1016/S1474-4422(12)70209-0.

Hansen D V, Hanson JE, Sheng M. 311. Microglia in Alzheimer’s disease. J Cell Biol
2014;2014:1-14.

Leng F, Edison P. Neuroinflammation and microglial activation in Alzheimer disease:
where do we go from here? Nat Rev  Neurol  2021;17:157-72.
https://doi.org/10.1038/s41582-020-00435-y.

Kinney JW, Bemiller SM, Murtishaw AS, Leisgang AM, Salazar AM, Lamb BT.
Inflammation as a central mechanism in Alzheimer’s disease. Alzheimer’s & Dementia:
Transl Res Clin Interv 2018;4:575-90. https://doi.org/10.1016/].trci.2018.06.014.

19



2y

(22)

(23)

@4

(25)

(26)

@n

(28)

(29)

(30)

(€D

(32)

(33)

Andrews SJ, Fulton-Howard B, Goate A. Interpretation of risk loci from genome-wide
association studies of Alzheimer’s disease. Lancet Neurol 2020;19:326-35.
https://doi.org/10.1016/S1474-4422(19)30435-1.

Djordjevic J et al. Brain region- and sex-specific alterations in mitochondrial function and
NF-«xB signaling in the TgCRND8 mouse model of Alzheimer’s disease. Neurosci
2017;361:81-92. https://doi.org/10.1016/j.neuroscience.2017.08.006.

Panes J et al. Partial Inhibition of Complex I Restores Mitochondrial Morphology and
Mitochondria-ER Communication in Hippocampus of APP/PS1 Mice. Cells 2023;12:1-24.
https://doi.org/10.3390/cells12081111.

Bonifazi G et al. A nonlinear meccano for Alzheimer’s emergence by amyloid B-mediated
glutamatergic hyperactivity. Neurobiol Dis 2024;194.
https://doi.org/10.1016/j.nbd.2024.106473.

Zott B, Konnerth A. Impairments of glutamatergic synaptic transmission in Alzheimer’s
disease. Semin Cell Dev Biol 2023;139:24-34.
https://doi.org/10.1016/j.semcdb.2022.03.013.

Colombo AV et al. Microbiota-derived short chain fatty acids modulate microglia and
promote af} plaque deposition. Elife 2021;10:1-23. https://doi.org/10.7554/ELIFE.59826.

McKhann G, Drachman D, Folstein M, Katzman R. Price D, Stadlan EM. Clinical diagnosis
of Alzheimer’s disease. Neurol 1984;34:939.

Jack CR et al. NIA-AA Research Framework: Toward a biological definition of
Alzheimer’s disease. Alzheimer’s Dement 2018;14:535-62.
https://doi.org/10.1016/j.jalz.2018.02.018.

Galasko D et al. Synaptic biomarkers in CSF aid in diagnosis, correlate with cognition and
predict progression in MCI and Alzheimer’s disease. Alzheimers Dement Transl Res Clin
Interv 2019;5:871-82. https://doi.org/10.1016/j.trci.2019.11.002.

Korolev 10, Symonds LL, Bozoki AC. Predicting progression from mild cognitive
impairment to Alzheimer’s dementia using clinical, MRI, and plasma biomarkers via
probabilistic pattern classification. PLoS One 2016;11:1-25.
https://doi.org/10.1371/journal.pone.0138866.

Ferreira PCL et al. Plasma biomarkers identify older adults at risk of Alzheimer’s disease
and related dementias in a real-world population-based cohort. Alzheimers Dement
2023;19:4507-19. https://doi.org/10.1002/alz.12986.

Antigoni A. Alzheimer’s Disease Neuroimaging Initiative (ADNI ) 2017:1-43.
LaMontagne PJ et al. OASIS-3: Longitudinal Neuroimaging, Clinical, and Cognitive

Dataset for Normal Aging and Alzheimer Disease. Medrxiv  2019.
https://doi.org/10.1101/2019.12.13.19014902.

20



(34)

(335)

(36)

(37

(3%

(39)

(40)

(41)

42)

(43)

(44)

(45)

(46)

de la Fuente Garcia S, Ritchie CW, Luz S. Artificial Intelligence, Speech, and Language
Processing Approaches to Monitoring Alzheimer’s Disease: A Systematic Review. J
Alzheimer’s Dis 2020;78:1547—74. https://doi.org/10.3233/JAD-200888.

El-Sappagh S, Alonso-Moral JM, Abuhmed T, Ali F, Bugarin-Diz A. Trustworthy artificial
intelligence in Alzheimer’s disease: state of the art, opportunities, and challenges. Artif
Intell Rev 2023;56:11149-296. https://doi.org/10.1007/s10462-023-10415-5.

Wen J et al. Convolutional neural networks for classification of Alzheimer’s disease:
Overview and reproducible evaluation. Med Image Anal 2020;63:101694.
https://doi.org/10.1016/;.media.2020.101694.

Tanveer M et al. Ensemble deep learning for Alzheimer’s disease characterization and
estimation. Nat Ment Health 2024;2:655—67. https://doi.org/10.1038/s44220-024-00237-x.

Frizzell TO et al. Artificial intelligence in brain MRI analysis of Alzheimer’s disease over
the past 12 years: A systematic review. Ageing Res Rev 2022;77:101614.
https://doi.org/10.1016/j.arr.2022.101614.

Liu X, Chen K, Wu T, Weidman D, Lure F, LiJ. Use of multimodality imaging and artificial
intelligence for diagnosis and prognosis of early stages of Alzheimer’s disease. Trans! Res
2018;194:56—67. https://doi.org/10.1016/5.trs1.2018.01.001.

Bazarbekov I, Razaque A, Ipalakova M, Yoo J, Assipova Z, Almisreb A. A review of
artificial intelligence methods for Alzheimer’s disease diagnosis: Insights from
neuroimaging to sensor data analysis. Biomed Signal Process Control 2024;92:106023.
https://doi.org/10.1016/j.bspc.2024.106023.

Mishra R, Li B. The Application of Artificial Intelligence in the Genetic Study of
Alzheimer’s Disease. Aging Dis 2020;11:1567. https://doi.org/10.14336/AD.2020.0312.

Winchester LM et al. Artificial intelligence for biomarker discovery in Alzheimer’s disease
and dementia. Alzheimer’s Dement 2023;19:5860—71. https://doi.org/10.1002/alz.13390.

Fabrizio C, Termine A, Caltagirone C, Sancesario G. Artificial Intelligence for Alzheimer’s
Disease: Promise or Challenge? Diagnostics 2021;11:1473.
https://doi.org/10.3390/diagnostics11081473.

Kale M et al. Al-driven innovations in Alzheimer’s disease: Integrating early diagnosis,
personalized treatment, and prognostic modelling. Ageing Res Rev 2024;101:102497.
https://doi.org/10.1016/j.arr.2024.102497.

Chouliaras L, O’Brien JT. The use of neuroimaging techniques in the early and differential
diagnosis of dementia. Mol Psychiatry 2023;28:4084-97.

Self WK, Holtzman DM. Emerging diagnostics and therapeutics for Alzheimer disease. Nat
Med 2023;29:2187-99.

21



47

(48)

(49)

(50)

(51

(52)

(53)

(54

(55)

(56)

(57)

(58)

(59)

(60)

Pettigrew C et al. Cortical thickness in relation to clinical symptom onset in preclinical AD.
Neuroimage Clin 2016;12:116-22. https://doi.org/10.1016/j.nicl.2016.06.010.

Vemuri P, Jack CR. Role of structural MRI in Alzheimer’s disease. Alzheimers Res Ther
2010;2:1-10.

Bethlehem RALI et al. Brain charts for the human lifespan. Nature 2022;604:525-33.

Muetzel RL et al. Tracking Brain Development and Dimensional Psychiatric Symptoms in
Children: A Longitudinal Population-Based Neuroimaging Study. Am J Psychiatry
2018;175:54-62. https://doi.org/10.1176/appi.ajp.2017.16070813.

Ledig C, Schuh A, Guerrero R, Heckemann RA, Rueckert D. Structural brain imaging in
Alzheimer’s disease and mild cognitive impairment: biomarker analysis and shared
morphometry database. Sci Rep 2018;8:11258.

Chesebro AG, Amarante E, Lao PJ, Meier IB, Mayeux R, Brickman AM. Automated
detection of cerebral microbleeds on T2*-weighted MRI. Sci Rep 2021;11:4004.

Malkki H. Cerebral microbleeds linked to increased risk of cognitive decline. Nat Rev
Neurol 2016;12:432-3,

Gaubert M et al. Topographic patterns of white matter hyperintensities are associated with
multimodal neuroimaging biomarkers of Alzheimer’s disease. Alzheimers Res Ther
2021;13:1-11.

Nasrabady SE, Rizvi B, Goldman JE, Brickman AM. White matter changes in Alzheimer’s
disease: a focus on myelin and oligodendrocytes. Acta Neuropathol Commun 2018;6:1-10.

Silbert LC, Howieson DB, Dodge H, Kaye JA. Cognitive impairment risk: white matter
hyperintensity progression matters. Neurol 2009;73:120-5.

Vernooij MW et al. Dementia imaging in clinical practice: a European-wide survey of 193
centres and conclusions by the ESNR working group. Neuroradiol 2019;61:633—-42.
https://doi.org/10.1007/s00234-019-02188-y.

Klein A et al. Mindboggling morphometry of human brains. PLoS Comput Biol
2017;13:€1005350. https://doi.org/10.1371/journal.pcbi.1005350.

Yaakub SN, Heckemann RA, Keller SS, McGinnity CJ, Weber B, Hammers A. On brain
atlas choice and automatic segmentation methods: a comparison of MAPER & FreeSurfer
using three atlas databases. Sci Rep 2020;10:1-15. https://doi.org/10.1038/s41598-020-
57951-6.

Rathore S, Habes M, Iftikhar MA, Shacklett A, Davatzikos C. A review on neuroimaging-

based classification studies and associated feature extraction methods for Alzheimer’s
disease and its prodromal stages. Neuroimage 2017;155:530-48.

22



(61)

(62)

(63)

(64

(65)

(66)

(67)

(63)

(69)

(70)

()

(72)

(73)

(74)

Klein A, Tourville J. 101 Labeled Brain Images and a Consistent Human Cortical Labeling
Protocol. Front Neurosci 2012;6. https://doi.org/10.3389/tnins.2012.00171.

Matsuda H. Voxel-based morphometry of brain MRI in normal aging and Alzheimer’s
disease. Aging Dis 2013;4:29.

Hua X et al. Tensor-based morphometry as a neuroimaging biomarker for Alzheimer’s
disease: An MRI study of 676 AD, MCI, and normal subjects. Neuroimage 2008;43:458—
69. https://doi.org/10.1016/j.neuroimage.2008.07.013.

Farokhian F, Yang C, Beheshti I, Matsuda H, Wu S. Age-related gray and white matter
changes in normal adult brains. Aging Dis 2017;8:899.

Beheshti I, Maikusa N, Matsuda H. Effects of aging on brain volumes in healthy individuals
across adulthood. Neurological Sci 2019;40:1191-8.

Toshkhujaev S et al. Classification of Alzheimer’s Disease and Mild Cognitive Impairment
Based on Cortical and Subcortical Features from MRI T1 Brain Images Utilizing Four
Different Types of Datasets. J  Healthc Eng 2020;2020:1-14.
https://doi.org/10.1155/2020/3743171.

Schwarz CG et al. Identification of Anonymous MRI Research Participants with Face-
Recognition Software. N Engl J Med 2019;381:1684—6.
https://doi.org/10.1056/NEJMc1908881.

Bergamino M, Keeling EG, Walsh RR, Stokes AM. Systematic assessment of the impact of
DTI methodology on fractional anisotropy measures in Alzheimer’s disease. Tomography
2021;7:20-38.

Lin S-H et al. Increased water diffusion in the parcellated cortical regions from the patients
with amnestic mild cognitive impairment and Alzheimer’s disease. Front Aging Neurosci
2017;8:325.

Stone DB, Ryman SG, Hartman AP, Wertz CJ, Vakhtin AA, Initiative ADN. Specific white
matter tracts and diffusion properties predict conversion from mild cognitive impairment to
Alzheimer’s disease. Front Aging Neurosci 2021;13:711579.

Kantarci K et al. White-matter integrity on DTI and the pathologic staging of Alzheimer’s
disease. Neurobiol Aging 2017;56:172-9.

Tuovinen T et al. The variability of functional MRI brain signal increases in Alzheimer’s
disease at cardiorespiratory frequencies. Sci Rep 2020;10:21559.

Lv H et al. Resting-state functional MRI: everything that nonexperts have always wanted
to know. Am J Neuroradiol 2018;39:1390-9.

Gonneaud J et al. Accelerated functional brain aging in pre-clinical familial Alzheimer’s
disease. Nat Commun 2021;12:5346.

23



(75)

(76)

an

(78)

(79

(80)

(81

(82)

(83)

(84

(85)

(86)

87)

(88)

Wang L et al. An effective brain imaging biomarker for AD and aMCI: ALFF in slow-5
frequency band. Curr Alzheimer Res 2021;18:45-55.

Yang L et al. Gradual disturbances of the amplitude of low-frequency fluctuations (ALFF)
and fractional ALFF in Alzheimer spectrum. Front Neurosci 2018;12:423937.

Zheng D et al. Alterations of brain local functional connectivity in amnestic mild cognitive
impairment. Transl Neurodegener 2018;7:1-14.

Lyu D, Li T, Lyu X. Resting-state functional reorganisation in Alzheimer’s disease and
amnestic mild cognitive impairment: protocol for a systematic review and meta-analysis.
BMJ Open 2021;11:¢049798.

Nordberg A, Rinne JO, Kadir A, Langstrom B. The use of PET in Alzheimer disease. Nat
Rev Neurol 2010;6:78-87.

Bao W, Xie F, Zuo C, Guan Y, Huang YH. PET neuroimaging of Alzheimer’s disease:
radiotracers and their utility in clinical research. Front Aging Neurosci 2021;13:624330.

Bloudek LM, Spackman DE, Blankenburg M, Sullivan SD. Review and meta-analysis of
biomarkers and diagnostic imaging in Alzheimer’s disease. J Alzheimer’s Dis 2011;26:627—
45.

Groot C, Villeneuve S, Smith R, Hansson O, Ossenkoppele R. Tau PET imaging in
neurodegenerative disorders. J Nucl Med 2022;63:20-26S.

Castellano G, Esposito A, Lella E, Montanaro G, Vessio G. Automated detection of
Alzheimer’s disease: a multi-modal approach with 3D MRI and amyloid PET. Sci Rep
2024;14:5210.

Chételat G et al. Amyloid-PET and 18F-FDG-PET in the diagnostic investigation of
Alzheimer’s disease and other dementias. Lancet Neurol 2020;19:951-62.
https://doi.org/10.1016/S1474-4422(20)30314-8.

Tiepolt S et al. PET Imaging of Cholinergic Neurotransmission in Neurodegenerative
Disorders. J Nucl Med 2022;63:33-44S. https://doi.org/10.2967/jnumed.121.263198.

Cai Z, Li S, Matuskey D, Nabulsi N, Huang Y. PET imaging of synaptic density: A new
tool for investigation of neuropsychiatric diseases. Neurosci Lett 2019;691:44-50.
https://doi.org/10.1016/j.neulet.2018.07.038.

Hanyu H et al. Longitudinal patterns of Alzheimer’s disease subtypes: A follow-up
magnetic resonance imaging and single-photon emission computed tomography study.
Geriatr Gerontol Int 2023;23:919-24. https://doi.org/10.1111/ggi.14712.

Valotassiou V et al. SPECT and PET imaging in Alzheimer’s disease. Ann Nucl Med
2018;32:583-93.

24



(89)

(90)

on

92)

93)

4

95)

(96)

(C)

(98)

99)

(100)

(101)

Turner RS, Stubbs T, Davies DA, Albensi BC. Potential New Approaches for Diagnosis of
Alzheimer’s Disease and Related Dementias. Front  Neurol  2020;11.
https://doi.org/10.3389/fneur.2020.00496.

Bhole RP, Chikhale R V, Rathi KM. Current biomarkers and treatment strategies in
Alzheimer disease: An overview and future perspectives. IBRO NeuroSci Rep 2024;16:8—
42. https://doi.org/10.1016/j.ibneur.2023.11.003.

Lista S et al. Monitoring synaptic pathology in Alzheimer’s disease through fluid and PET
imaging biomarkers: a comprehensive review and future perspectives. Mol Psychiatry 2024.
https://doi.org/10.1038/s41380-023-02376-6.

Bir A et al. Exosomal Dynamics and Brain Redox Imbalance: Implications in Alzheimer’s
Disease Pathology and Diagnosis. Antioxidants 2024;13:316.
https://doi.org/10.3390/antiox 130303 16.

Chatterjee P et al. Plasma AB42/40 ratio, p-taul 81, GFAP, and NfL across the Alzheimer’s
disease continuum: A cross-sectional and longitudinal study in the AIBL cohort.
Alzheimer’s Dement 2023;19:1117-34. https://doi.org/10.1002/alz.12724.

Preische O et al. Serum neurofilament dynamics predicts neurodegeneration and clinical
progression in presymptomatic Alzheimer’s disease. Nat Med 2019;25:277-83.
https://doi.org/10.1038/s41591-018-0304-3.

Capogna E et al. Associations of neuroinflammatory IL-6 and IL-8 with brain atrophy,
memory decline, and core AD biomarkers — in cognitively unimpaired older adults. Brain
Behav Immun 2023;113:56—65. https://doi.org/10.1016/7.bbi.2023.06.027.

Zetterberg H, Schott JM. Biomarkers for Alzheimer’s disease beyond amyloid and tau. Nat
Med 2019;25:201-3. https://doi.org/10.1038/s41591-019-0348-z.

Nation DA et al. Blood—brain barrier breakdown is an early biomarker of human cognitive
dysfunction. Nat Med 2019;25:270-6. https://doi.org/10.1038/s41591-018-0297-y.

Fisar Z, Hroudova J. CoQ10 and Mitochondrial Dysfunction in Alzheimer’s Disease.
Antioxidants 2024;13. https://doi.org/10.3390/antiox13020191.

Mantellatto Grigoli M, Pelegrini LNC, Whelan R, Cominetti MR. Present and Future of
Blood-Based Biomarkers of Alzheimer’s Disease: Beyond the Classics. Brain Res
2024;1830. https://doi.org/10.1016/j.brainres.2024.148812.

Lewczuk P et al. Electrophoretic separation of amyloid [ peptides in plasma.
Electrophoresis 2004;25. https://doi.org/10.1002/elps.200406068.

Avila J, Perry G. A Multilevel View of the Development of Alzheimer’s Disease. Neurosci
2021;457. https://doi.org/10.1016/j.neuroscience.2020.11.015.

25



(102)

(103)

(104)

(103)

(106)

(107)

(108)

(109)

(110)

(111)

(112)

(113)

Hansson O et al. The Alzheimer’s Association appropriate use recommendations for blood
biomarkers in Alzheimer’s disease. Alzheimer’s Dement 2022;18:2669-86.
https://doi.org/10.1002/alz.12756.

Janelidze S et al. Plasma P-taul81 in Alzheimer’s disease: relationship to other biomarkers,
differential diagnosis, neuropathology and longitudinal progression to Alzheimer’s
dementia. Nat Med 2020;26:379-86. https://doi.org/10.1038/s41591-020-0755-1.

Gonzalez-Ortiz F et al. Plasma brain-derived tau is an amyloid-associated
neurodegeneration biomarker in Alzheimer’s disease. Nat Commun 2024;15:2908.
https://doi.org/10.1038/s41467-024-47286-5.

Lista S et al. Monitoring synaptic pathology in Alzheimer’s disease through fluid and PET
imaging biomarkers: a comprehensive review and future perspectives. Mol Psychiatry
2024;29:847-57. https://doi.org/10.1038/s41380-023-02376-6.

Khojaste-Sarakhsi M, Haghighi SS, Ghomi SMTF, Marchiori E. Deep learning for
Alzheimer’s disease diagnosis: A survey. Artif Intell Med 2022;130:102332.
https://doi.org/10.1016/j.artmed.2022.102332.

Odusami M, Maskelitinas R, Damasevicius R, Misra S. Machine learning with multimodal
neuroimaging data to classify stages of Alzheimer’s disease: a systematic review and meta-
analysis. Cogn Neurodyn 2024;18:775-94. https://doi.org/10.1007/s11571-023-09993-5.

Marti-Juan G, Sanroma-Guell G, Piella G. A survey on machine and statistical learning for
longitudinal analysis of neuroimaging data in Alzheimer’s disease. Comput Methods
Programs Biomed 2020;189:105348. https://doi.org/10.1016/j.cmpb.2020.105348.

Blanco K et al. Systematic review: fluid biomarkers and machine learning methods to
improve the diagnosis from mild cognitive impairment to Alzheimer’s disease. Alzheimers
Res Ther 2023;15:1-16. https://doi.org/10.1186/s13195-023-01304-8.

Cascarano A et al. Machine and deep learning for longitudinal biomedical data: a review of
methods and  applications.  Artif Intell Rev  2023;56(suppl. 2):1711-71.
https://doi.org/10.1007/s10462-023-10561-w.

Bos I et al. The EMIF-AD Multimodal Biomarker Discovery study: design, methods and
cohort characteristics. Alzheimers Res Ther 2018;10:64. https://doi.org/10.1186/s13195-
018-0396-5.

Fowler C et al. Fifteen Years of the Australian Imaging, Biomarkers and Lifestyle (AIBL)
Study: Progress and Observations from 2,359 Older Adults Spanning the Spectrum from
Cognitive Normality to Alzheimer’s Disease. J Alzheimers Dis Rep 2021;5:443—68.
https://doi.org/10.3233/ADR-210005.

Arya AD et al. A systematic review on machine learning and deep learning techniques in
the effective diagnosis of Alzheimer’s disease. Brain Inform  2023;10.
https://doi.org/10.1186/s40708-023-00195-7.

26



(114)

(115)

(116)

(117)

(118)

(119)

(120)

(121)

(122)

(123)

(124)

(125)

Rowe TW, Katzourou IK, Stevenson-Hoare JO, Bracher-Smith MR, Ivanov DK, Escott-
Price V. Machine learning for the life-time risk prediction of Alzheimer’s disease: a
systematic review. Brain Commun 2021;3. https://doi.org/10.1093/braincomms/fcab246.

Beltran JF, Wahba BM, Hose N, Shasha D, Kline RP. Inexpensive, non-invasive biomarkers
predict Alzheimer transition using machine learning analysis of the Alzheimer’s Disease
Neuroimaging (ADNI) database. PLoS One 2020;15:1-26.
https://doi.org/10.1371/journal.pone.0235663.

Goenka N, Tiwari S. Deep learning for Alzheimer prediction using brain biomarkers. Artif’
Intell Rev 2021;54:4827-71. https://doi.org/10.1007/s10462-021-10016-0.

Shah J et al. Neuropsychiatric Symptoms and Commonly Used Biomarkers of Alzheimer’s
Disease: A Literature Review from a Machine Learning Perspective. J Alzheimer’s Dis
2023;92:1131-46. https://doi.org/10.3233/JAD-221261.

Jo T, Nho K, Saykin AJ. Deep Learning in Alzheimer’s Disease: Diagnostic Classification
and Prognostic Prediction Using Neuroimaging Data. Front Aging Neurosci 2019;11:220.
https://doi.org/10.3389/fnagi.2019.00220.

Minhas S, Khanum A, Riaz F, Alvi A, Khan SA. Early alzheimer’s disease prediction in
machine learning setup: Empirical analysis with missing value computation. In: Jackowski
K, Burduk R, Walkowiak K, Wozniak M, Yin H, eds. Intelligent Data Engineering and
Automated Learning — IDEAL 2015. Lecture Notes in Computer Science. Chambridge:
Springer, 2015;9375:424-32. https://doi.org/10.1007/978-3-319-24834-9 49.

Ribeiro C, Freitas AA. A data-driven missing value imputation approach for longitudinal
datasets. Artif Intell Rev 2021;54:6277-307. https://doi.org/10.1007/s10462-021-09963-5.

Li Z, Jiang X, Wang Y, Kim Y. Applied machine learning in Alzheimer’s disease research:
Omics, imaging, and clinical data. Emerg Top Life Sci 2021;5:765-77.
https://doi.org/10.1042/ETLS20210249.

Das S, Nayak SP, Sahoo B, Nayak SC. Machine Learning in Healthcare Analytics: A State-
of-the-Art Review. Arch Comput Methods Eng 2024. https://doi.org/10.1007/s11831-024-
10098-3.

Sistaninejhad B, Rasi H, Nayeri P. A Review Paper about Deep Learning for Medical Image
Analysis. Comput Math Methods Med 2023;2023:1-10.
https://doi.org/10.1155/2023/7091301.

Aggarwal CC. Neural networks and deep learning. Springer; 2018.
https://doi.org/10.1007/978-3-319-94463-0

Grinsztajn L, Oyallon E, Varoquaux G. Why do tree-based models still outperform deep

learning on typical tabular data? Adv Neural Inf Process Syst 2022;35:507-20.
https://doi.org/10.48550/arXiv.2207.08815

27



(126)

(127)

(128)

(129)

(130)

(131)

(132)

(133)

(134)

(135)

(136)

(137)

(138)

Shwartz-Ziv R, Armon A. Tabular data: Deep learning is not all you need. Inf Fusion
2022;81:84-90. https://doi.org/10.1016/j.inffus.2021.11.011.

Boateng EY, Otoo J, Abaye DA. Basic Tenets of Classification Algorithms K-Nearest-
Neighbor, Support Vector Machine, Random Forest and Neural Network: A Review. J Data
Anal Inf Process 2020;08:341-57. https://doi.org/10.4236/jdaip.2020.84020.

Tan MS, Cheah P-L, Chin A-V, Looi L-M, Chang S-W. A review on omics-based
biomarkers discovery for Alzheimer’s disease from the bioinformatics perspectives:
Statistical approach vs machine learning approach. Comput Biol Med 2021;139:104947.
https://doi.org/10.1016/j.compbiomed.2021.104947.

Chen S, Bowman FD. A novel support vector classifier for longitudinal high-dimensional
data and its application to neuroimaging data. Stat Anal Data Min 2011;4:604—11.
https://doi.org/10.1002/sam.10141.

Hu J, Szymczak S. A review on longitudinal data analysis with random forest. Brief
Bioinform 2023;24:1-11. https://doi.org/10.1093/bib/bbad002.

Ribeiro C, Freitas AA. A lexicographic optimisation approach to promote more recent
features on longitudinal decision-tree-based classifiers: applications to the English
Longitudinal Study of Ageing. Artif  Intell Rev 2024;57:1-29.
https://doi.org/10.1007/s10462-024-10718-1.

Anand K, Wang Z, Loog M, van Gemert J. Black Magic in Deep Learning: How Human
Skill Impacts Network Training. 31st British Machine Vision Conference, arXiv preprint
2020. https://doi.org/10.48550/arXiv.2008.05981

Feurer M, Hutter F. Hyperparameter Optimization. In: Hutter F, Kotthoff L, Vanschoren J,
editors. Automated Machine Learning, Cham: Springer International Publishing; 2019, p.
3-33. https://doi.org/10.1007/978-3-030-05318-5.

Waring J, Lindvall C, Umeton R. Automated machine learning: Review of the state-of-the-
art and opportunities for healthcare. Artif Intell Med 2020;104:101822.
https://doi.org/10.1016/j.artmed.2020.101822.

Baymurzina D, Golikov E, Burtsev M. A review of neural architecture search. Neurocomput
2022;474:82-93. https://doi.org/10.1016/j.neucom.2021.12.014.

Alamro H, Thafar MA, Albaradei S, Gojobori T, Essack M, Gao X. Exploiting machine
learning models to identify novel Alzheimer’s disease biomarkers and potential targets. Sci
Rep 2023;13:1-13. https://doi.org/10.1038/s41598-023-30904-5.

Srivastava N, Hinton G, Krizhevsky A, Sutskever I, Salakhutdinov R. Dropout: A simple
way to prevent neural networks from overfitting. J Mach Learn Res 2014;15.

Caruana R, Lou Y, Gehrke J, Koch P, Sturm M, Elhadad N. Intelligible models for
healthcare: Predicting pneumonia risk and hospital 30-day readmission. Proceedings of the

28



(139)

(140)

(141)

(142)

(143)

(144)

(145)

(146)

(147)

(148)

(149)

(150)

ACM SIGKDD International Conference on Knowledge Discovery and Data Mining
2015;2015-Augus:1721-30. https://doi.org/10.1145/2783258.2788613.

Burkart N, Huber MF. A survey on the explainability of supervised machine learning. J
Artif Intell Res 2021;70:245-317. https://doi.org/10.1613/JAIR.1.12228.

Zhang Y, Tino P, Leonardis A, Tang K. A Survey on Neural Network Interpretability. [EEE
Trans Emerg Top Comput Intell 2021;5:726-42.
https://doi.org/10.1109/TETCI.2021.3100641.

Ludwig N et al. Machine Learning to Detect Alzheimer’s Disease from Circulating Non-
coding RNAs. Genom Proteom Bioinform 2019;17:430-40.
https://doi.org/10.1016/j.gpb.2019.09.004.

Martin SA, Townend FJ, Barkhof F, Cole JH. Interpretable machine learning for dementia:
A systematic review. Alzheimer’s Dement 2023;19:2135-49.
https://doi.org/10.1002/alz.12948.

Vimbi V, Shaffi N, Mahmud M. Interpreting artificial intelligence models: a systematic
review on the application of LIME and SHAP in Alzheimer’s disease detection. Brain
Inform 2024;11:1-29. https://doi.org/10.1186/s40708-024-00222-1.

Vlontzou ME, Athanasiou M, Dalakleidi K, Skampardoni I, Davatzikos C, Nikita K. A
comprehensive interpretable machine learning framework for Mild Cognitive Impairment
and Alzheimer’s disease diagnosis. Sci Rep 2025;15:8410. https://doi.org/10.1038/s41598-
025-92577-6.

Viswan V, Shaffi N, Mahmud M, Subramanian K, Hajamohideen F. Explainable Artificial
Intelligence in Alzheimer’s Disease Classification: A Systematic Review. Cogn Comput
2024;16:1-44. https://doi.org/10.1007/s12559-023-10192-x.

Khater T et al. Explainable Machine Learning Model for Alzheimer Detection Using
Genetic Data: A Genome-Wide Association Study Approach. IEEE Access 2024;12:95091—
105. https://doi.org/10.1109/ACCESS.2024.3410135.

Freitas AA. Comprehensible Classification Models — a position paper. ACM SIGKDD
Explorations Newsletter 2013;15:1-10. https://doi.org/10.1145/2594473.2594475.

Madar IH et al. Identification of marker genes in Alzheimer’s disease using a machine-
learning model. Bioinform 2021;17:348-55. https://doi.org/10.6026/97320630017348.

Veitch DP et al. Using the Alzheimer’s Disease Neuroimaging Initiative to improve early
detection, diagnosis, and treatment of Alzheimer’s disease. Alzheimer’s Dement
2022;18:824-57. https://doi.org/10.1002/alz.12422.

Jack CR et al. Tracking pathophysiological processes in Alzheimer’s disease: an updated

hypothetical model of dynamic biomarkers. Lancet Neurol 2013;12:207-16.
https://doi.org/10.1016/S1474-4422(12)70291-0.

29



(151)

(152)

(153)

(154)

(155)

(156)

(157)

(158)

(159)

(160)

(161)

Selkoe DJ, Hardy J. The amyloid hypothesis of Alzheimer’s disease at 25 years. EMBO Mol
Med 2016;8:595-608. https://doi.org/10.15252/emmm.201606210.

Nasrallah IM et al. Association of Intensive vs Standard Blood Pressure Control with
Magnetic Resonance Imaging Biomarkers of Alzheimer Disease: Secondary Analysis of the
SPRINT  MIND Randomized — Trial. ~ JAMA  Neurol  2021;78:568-77.
https://doi.org/10.1001/jamaneurol.2021.0178.

Pillai JA et al. Metabolic syndrome biomarkers relate to rate of cognitive decline in MCI
and dementia stages of Alzheimer’s disease. Alzheimers Res Ther 2023;15:1-14.
https://doi.org/10.1186/s13195-023-01203-y.

Franzmeier N, Suarez-Calvet M, Frontzkowski L, Moore A, Hohman TJ, Morenas-
Rodriguez E, et al. Higher CSF sTREM?2 attenuates ApoE4-related risk for cognitive
decline and neurodegeneration. Mol Neurodegener 2020;15:57.
https://doi.org/10.1186/s13024-020-00407-2.

Tian Y et al. Identification of diagnostic signatures associated with immune infiltration in
Alzheimer’s disease by integrating bioinformatic analysis and machine-learning strategies.
Front Aging Neurosci 2022;14. https://doi.org/10.3389/fhagi.2022.919614.

Van Loenhoud AC et al. Cognitive reserve and clinical progression in Alzheimer disease:
A paradoxical relationship. Neurology 2019;93:E334-46.
https://doi.org/10.1212/WNL.0000000000007821.

Cumplido-Mayoral I et al. Biological brain age prediction using machine learning on
structural neuroimaging data: Multi-cohort validation against biomarkers of Alzheimer’s
disease and  neurodegeneration stratified by sex. Elife 2023;12.
https://doi.org/10.7554/eLife.81067.

Strom A et al. Cortical hypometabolism reflects local atrophy and tau pathology in
symptomatic Alzheimer’s disease. Brain 2022;145:713-28.
https://doi.org/10.1093/brain/awab294.

Popuri K, Ma D, Wang L, Beg MF. Using machine learning to quantify structural MRI
neurodegeneration patterns of Alzheimer’s disease into dementia score: Independent
validation on 8,834 images from ADNI, AIBL, OASIS, and MIRIAD databases. Hum Brain
Mapp 2020;41:4127-47. https://doi.org/10.1002/hbm.25115.

Maleki Balajoo S et al. Decoupling of regional neural activity and inter-regional functional
connectivity in Alzheimer’s disease: a simultaneous PET/MR study. Eur J Nucl Med Mol
Imaging 2022;49:3173-85. https://doi.org/10.1007/s00259-022-05692-1.

Abuwarda H et al. Whole-brain functional connectivity predicts regional tau PET in

preclinical Alzheimer’s disease. BioRxiv Preprint 2025.
https://doi.org/10.1101/2024.04.02.587791.

30



(162)

(163)

(164)

(165)

(166)

(167)

(168)

(169)

(170)

(171)

(172)

Katako A et al. Machine learning identified an Alzheimer’s disease-related FDG-PET
pattern which is also expressed in Lewy body dementia and Parkinson’s disease dementia.
Sci Rep 2018;8:13236. https://doi.org/10.1038/s41598-018-31653-6.

Borchert RJ et al. Artificial intelligence for diagnostic and prognostic neuroimaging in
dementia: A systematic review. Alzheimer’s Dementia  2023;19:5885-904.
https://doi.org/10.1002/alz.13412.

Beheshti I, Geddert N, Perron J, Gupta V, Albensi BC, Ko JH. Monitoring Alzheimer’s
Disease Progression in Mild Cognitive Impairment Stage Using Machine Learning-Based
FDG-PET Classification Methods. J  Alzheimer’s Dis  2022;89:1493-502.
https://doi.org/10.3233/JAD-220585.

Samtani MN et al. Disease progression model in subjects with mild cognitive impairment
from the Alzheimer’s disease neuroimaging initiative: CSF biomarkers predict population
subtypes. Br J Clin Pharmacol 2013;75:146—61. https://doi.org/10.1111/1.1365-
2125.2012.04308 x.

Ziegler S, Maier C, Reichenbach A. Stratification of patients with Alzheimer’s disease
based on longitudinal neuropsychological tests. IEEE International Conference on
Healthcare Informatics, 2020:1-7. https://doi.org/10.1109/ICHI48887.2020.9374343.

Mishra S, Beheshti I, Khanna P. A Review of Neuroimaging-Driven Brain Age Estimation
for Identification of Brain Disorders and Health Conditions. IEEE Rev Biomed Eng
2023;16:371-85. https://doi.org/10.1109/RBME.2021.3107372.

Beheshti I, Potvin O, Dadar M, Duchesne S. Cerebrovascular lesion loads and accelerated
brain aging: insights into the cognitive spectrum. Front Dement 2024;3.
https://doi.org/10.3389/frdem.2024.1380015.

Dadar M et al. Performance comparison of 10 different classification techniques in
segmenting white matter hyperintensities in aging. Neuroimage 2017;157:233-49.
https://doi.org/10.1016/j.neuroimage.2017.06.009.

Bai B et al. Proteomic landscape of Alzheimer’s Disease: novel insights into pathogenesis
and biomarker discovery. Mol Neurodegener 2021;16:55. https://doi.org/10.1186/s13024-
021-00474-z.

Cary GA, Pandey RS, Uyar A, Spruce C, Haber A, Carter GW. Prioritization of polygenic
combinations for LOAD mouse models from ensemble machine learning on cross-species

transcriptomic signatures. Alzheimer’s Dement 2024;20.
https://doi.org/10.1002/alz.091329.

Rodriguez S et al. Machine learning identifies candidates for drug repurposing in

Alzheimer’s disease. Nat Commun 2021;12:1033. https://doi.org/10.1038/s41467-021-
21330-0.

31



(173)

(174)

(175)

(176)

(177)

(178)

(179)

(180)

(181)

(182)

(183)

(184)

Kumar S et al. Role of the caspase-8/RIPK3 axis in Alzheimer’s disease pathogenesis and
Ap-induced ~ NLRP3 inflammasome activation. JCI  Insight  2023;8.
https://doi.org/10.1172/jci.insight.157433.

Batista AF, Khan KA, Papavergi M-T, Lemere CA. The Importance of Complement-
Mediated Immune Signaling in Alzheimer’s Disease Pathogenesis. Int J Mol Sci
2024;25:817. https://doi.org/10.3390/ijms25020817.

Leng F, Edison P. Neuroinflammation and microglial activation in Alzheimer disease:
where do we go from here? Nat Rev  Neurol 2021;17:157-72.
https://doi.org/10.1038/s41582-020-00435-y.

D’Alessandro A, Lukens JR, Zimring JC. The role of PIMT in Alzheimer’s disease
pathogenesis: A novel hypothesis. Alzheimer’s Dement 2023;19:5296-302.
https://doi.org/10.1002/alz.13115.

Ashleigh T, Swerdlow RH, Beal MF. The role of mitochondrial dysfunction in Alzheimer’s
disease pathogenesis. Alzheimer’s Dement 2023;19:333-42.
https://doi.org/10.1002/alz.12683.

Patil RS, Tupe RS. Communal interaction of glycation and gut microbes in diabetes
mellitus, Alzheimer’s disease, and Parkinson’s disease pathogenesis. Med Res Rev
2024;44:365-405. https://doi.org/10.1002/med.21987.

Xie J et al. Helicobacter pylori -derived outer membrane vesicles contribute to Alzheimer’s
disease pathogenesis via C3-C3aR signalling. J Extracell Vesicles 2023;12.
https://doi.org/10.1002/jev2.12306.

Ebrahimpour S, Zakeri M, Esmaeili A. Crosstalk between obesity, diabetes, and alzheimer’s
disease: Introducing quercetin as an effective triple herbal medicine. Ageing Res Rev
2020;62:101095. https://doi.org/10.1016/j.arr.2020.101095.

Feng S, Boyd-Graber J. What can Al do for me? Proceedings of the 24th International
Conference on Intelligent User Interfaces. ACM;2019:229-39.
https://doi.org/10.1145/3301275.3302265.

Kaur H, Nori H, Jenkins S, Caruana R, Wallach H, Wortman Vaughan J. Interpreting
Interpretability: Understanding Data Scientists’ Use of Interpretability Tools for Machine
Learning. Proceedings of the 2020 CHI Conference on Human Factors in Computing
Systems. ACM;2020:1-14. https://doi.org/10.1145/3313831.3376219.

Doshi-Velez F, Kim B. Towards A Rigorous Science of Interpretable Machine Learning
2017. https://doi.org/https://doi.org/10.48550/arXiv.1702.08608.

Chekroud AM et al. Illusory generalizability of clinical prediction models. Science
2024;383:164-7. https://doi.org/10.1126/science.adg8538.

32



(185 Brodersen KH, Ong CS, Stephan KE, Buhmann JM. The Balanced Accuracy and Its
Posterior Distribution. 20th International Conference on Pattern Recognition, IEEE; 2010:
3121-4. https://doi.org/10.1109/ICPR.2010.764.

(186)  Gardner J, Popovic Z, Schmidt L. Benchmarking Distribution Shift in Tabular Data with
TableShift. Proceedings of the 37th Conference on Advances in Neural Information
Processing Systems 2023;37.

(87 Dockés J, Varoquaux G, Poline J-B. Preventing dataset shift from breaking machine-
learning biomarkers. Gigascience 2021;10. https://doi.org/10.1093/gigascience/giab055.

(18%)  Bansal V, Libiger O, Torkamani A, Schork NJ. Statistical analysis strategies for association
studies involving  rare  variants. Nat  Rev  Genet  2010;11:773-85.
https://doi.org/10.1038/nrg2867.

Author contributions

The authors contributed equally to all aspects of the article.

Conflicts of interest

The authors have no conflicts of interest to disclose.

Applicable funding source

None.

Figure legends

Figure 1. Frontal cortex stained for amyloid plaque (green) and p-tau (red), depicting normal brain
(no-plaque), neuritic and non-neuritic plaques in the brain. Amyloid plaque with 7F2 positivity is
considered neuritic and without 7F2 positivity is considered non-neuritic. Adapted, with
permission, from Ref®.

Figure 2. Supervised and unsupervised machine learning methods applied to AD. Unlike
unsupervised methods, supervised methods incorporate the known AD status of patients (labels)
in the learning process.
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Figure 3. Cortical ROI depiction with labels based on the DKT cortical labeling protocol displayed
in the ROY GBIV interactive online brain image viewer used to label the Mindboggle-101 data are
displayed on a left cortical surface. Adapted, with permission, from Ref’%),
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Table 1. Summary of neuroimaging techniques used in AD

Modality Biomarker(s) Contribution to AD diagnosis

T1-w MRI GM and WM volumetric, cortical thickness, brain Measures brain volume or cortical
surface thickness; visualizes anatomical structural
changes and brain atrophy

T2-w MRI Tissue characteristics Detects cerebral microbleeds due to
increased fluid or water content in AD
progression; detects brain inflammation

FLAIR FLAIR signals Visualizes brain lesions, such as white
matter hyperintensities

DTI Fractional anisotropy, mean diffusivity, radial Visualizes white matter integrity and
diffusivity, axial diffusivity microstructural changes

fMRI Changes in blood oxygenation levels to infer Assesses functional connectivity, activity
neural activity and activation patterns associated with
specific tasks or stimuli

rs-fMRI Spontaneous fluctuations in the BOLD signal to  Assesses functional connectivity and
map functional networks and connectivity via activity patterns in the brain
ALFF, ReHo, functional connectivity



PET (FDG-PET A nuclear imaging technique that measures Visualizes and quantifies amyloid and tau

and amyloid functional activities, visualizes biological pathology, as well as changes in glucose
PET) processes such as protein aggregation and glucose metabolism
metabolism
SPECT A nuclear imaging technique that measures blood Provides information on  cerebral
flow in the brain to distinguish active regions perfusion and allows visualization and
from non-active ones quantification of amyloid and tau
pathology

Abbreviations: AD, Alzheimer’s disease; amyloid PET, amyloid positron emission tomography;
BOLD, blood-oxygen-level-dependent; DTI, diffusion tensor imaging; FDG-PET,
fluorodeoxyglucose positron emission tomography; FLAIR, fluid-attenuated inversion recovery;
fMRI, functional magnetic resonance imaging; GM, grey matter; rs-fMRI, resting-state functional
magnetic resonance imaging; SPECT, single photon emission computed tomography; T1-w MRI,
T1-weighted magnetic resonance imaging; T2-w MRI, T2-weighted magnetic resonance imaging;
WM, white matter.
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