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Summary

Alzheimer’s disease (AD) is a growing clinical challenge that demands earlier and more

reliable computational biomarkers. Although recent deep learning systems have reported

promising results in AD analysis, their clinical translation remains constrained by three

recurring limitations: insu!cient interpretability, limited generalizability across cohorts,

and the scarcity of labelled medical data. This thesis investigates these issues across two

complementary diagnostic modalities, handwriting and neuroimaging, with the goal of

developing methods that are clinically aligned, methodologically rigorous, and transfer-

able.

The "rst modality considered is handwriting, explored as a preliminary and non-invasive

source of diagnostic information for AD. A uni"ed multi-task framework is developed

to learn shared patterns across 25 heterogeneous writing tasks acquired from scanned

paper sheets in a dataset speci"cally designed for diagnosis. The results show that a

singlemodel can support automatedAD discriminationwith promising accuracy and that

transfer learning from large-scale natural image datasets remains e#ective even in this

underexplored setting. At the same time, this contribution should be interpreted as a "rst

step: future studies will require richer datasets that better control relevant confounders,

such as arthritis and other age-related motor impairments, and longitudinal data that

enable investigation of disease onset and progression rather than diagnosis alone.

The second modality is structural MRI, where the thesis addresses the core challenges

more directly. First, the AXIAL framework tackles interpretability within a supervised

classi"cation setting throughmulti-plane attention fusion and both quantitative and qual-

itative explainability validation. Rather than relying on post-hoc visualisation methods,

AXIAL embeds attention into the diagnostic pipeline itself and produces fold-consistent

3D attention maps that align with established AD-related neuroanatomical markers, in-

cluding hippocampal atrophy, medial temporal lobe degeneration, and ventricular en-

largement. AXIAL shows that interpretability and diagnostic performance are not mutu-
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ally exclusive, and that parameter-e!cient 2D/2.5D designs can recover clinically mean-

ingful volumetric information under limited-data conditions.

However, AXIAL still depends on labelled cohorts and task-speci"c supervision. To ad-

dress the remaining limitations of annotation scarcity and cross-dataset transfer, the the-

sis then moves from supervised classi"cation to unsupervised representation learning.

This progression culminates in the Latent Di#usion Autoencoder (LDAE), a generative

foundation model that performs di#usion in a compressed latent space. By learning from

unlabeled MRI data, LDAE decouples representation learning from downstream supervi-

sion and enables zero-shot transfer to unseen datasets. A single pre-training stage yields

a reusable representation that supports multiple downstream tasks, including diagnosis,

age prediction, temporal interpolation, and counterfactual generation, while remaining

substantially more computationally e!cient than voxel-space di#usion autoencoders.

Taken together, these contributions support threemain claims. First, non-invasivemodal-

ities such as handwriting deserve further investigation as potentially useful sources of

AD-related information, but stronger evidence will require better-controlled and longi-

tudinal cohorts. Second, interpretability and methodological rigor are prerequisites for

clinical trust, often more important than marginal improvements in benchmark perfor-

mance. Third, di#usion-based unsupervised learning provides a practical route toward

richer and more transferable representations when labelled data are limited, while also

enabling generative capabilities beyond purely discriminative models. Overall, the the-

sis argues that AI systems for Alzheimer’s disease should prioritize clinical alignment,

transparency, and representation quality over isolated performance gains.
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Chapter 1

Introduction

Alzheimer’s Disease (AD) is the most common cause of dementia, accounting for approx-

imately 60–80% of dementia cases worldwide [4]. It represents one of the most pressing

public health challenges of the 21st century. In 2020, more than 55 million individuals

worldwide were living with dementia, a number projected to rise to over 139 million by

2050 due to population aging [113]. In the United States alone, an estimated 7.2 million

individuals aged 65 years or older currently live with Alzheimer’s dementia, with pro-

jections indicating a near doubling by 2060 in the absence of e!ective disease-modifying

therapies [4]. AD is also a leading cause ofmortality. In 2020 it was ranked as the seventh-

leading cause of death in the United States, however recent data indicate that Alzheimer’s

will likely resume its place as the sixth-leading cause of death [4]. Unlike cardiovascular

diseases and stroke, whose mortality rates have declined over recent decades, deaths at-

tributed to AD increased by more than 142% between 2000 and 2019 [4]. It is estimated

that one in three older adults dies with AD or another form of dementia, underscoring

the profound clinical and societal burden of neurodegenerative disorders.

Neuroimaging plays a pivotal role in the diagnosis and study of AD. The disease is charac-

terized by progressive structural and functional brain alterations, including cortical thin-

ning, hippocampal atrophy, ventricular enlargement, and metabolic changes detectable

through imaging modalities such as Magnetic Resonance Imaging (MRI) and Positron

Emission Tomography (PET) [72, 79]. StructuralMRI, in particular, provides non-invasive

access to morphological biomarkers associated with disease progression and is widely

used in both clinical and research settings. However, identifying imaging signs of early-

stage AD remains challenging for human experts, motivating the growing interest in

Arti"cial Intelligence (AI)–based approaches.
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CHAPTER 1. Introduction

Over the past decade, deep learning has emerged as a dominant paradigm in medical

image analysis and has been extensively applied to AD detection and prognosis using

neuroimaging data [38]. Before its widespread adoption, most neuroimaging studies on

AD relied on more conventional machine learning pipelines, in which morphometric,

voxel-wise, or region-based measurements were extracted from MRI scans and then an-

alyzed with standard classi!cation algorithms [42, 54]. Convolutional Neural Network

(CNN)s are well suited to this task because they can learn hierarchical spatial representa-

tions directly from raw imaging data. Compared with these standard feature-engineering

approaches, deep learning models have often shown stronger performance in capturing

subtle and spatially extended patterns of neurodegeneration. Numerous studies have

shown that CNN-based models can achieve high accuracy in distinguishing AD patients

from cognitively normal controls using structural MRI, with reported accuracies often

exceeding 90% under controlled experimental conditions [79, 38]. In prognostic settings,

deep learning models have also been applied to predict the conversion from Mild Cogni-

tive Impairment (MCI) to Alzheimer’s dementia, achieving accuracies in the range of 80–

85% [79]. These results suggest that AI-based systems can approach, and in some cases

surpass, expert-level performance in speci!c diagnostic tasks. In most cases, these results

have been reported on large, well-curated research cohorts, most notably the Alzheimer’s

Disease Neuroimaging Initiative (ADNI). ADNI provides longitudinal MRI, PET, and clin-

ical data for thousands of subjects across the cognitive aging spectrum and has become

the de facto benchmark for AI-based AD research [106]. Other commonly used datasets

include the Open Access Series of Imaging Studies (OASIS), which o"ers cross-sectional

and longitudinal MRI data covering normal aging and dementia [101]. Models trained on

these datasets frequently report high classi!cation metrics, particularly for binary AD

versus control tasks. Recent trends include the use of transfer learning, whereby deep

neural networks pretrained on large-scale natural image datasets or related neuroimaging

tasks are !ne-tuned for AD classi!cation [155]. Additionally, transformer-based archi-

tectures and hybrid CNN–transformer models are increasingly explored to capture long-

range spatial dependencies in three-dimensional brain images. While these approaches

often yield incremental performance gains, they also introduce increased model com-

plexity and data requirements.

Despite positive results in research environments, the translation of AI-based AD imag-

ing systems into routine clinical practice remains limited. To date, no deep learning sys-

tem has been widely adopted as a standalone diagnostic tool for Alzheimer’s disease in

clinical neurology or radiology work#ows [103]. One major concern is the discrepancy

between reported research performance and real-world generalizability. Several recent

reviews have highlighted that many AI models for AD imaging su"er from methodolog-

ical limitations, including data leakage, improper cross-validation strategies, and lack of

independent external validation [171, 183]. In some cases, models initially reported to
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achieve accuracies above 90% experienced dramatic performance drops when evaluated

under stricter experimental protocols or on independent cohorts. This suggests that a

substantial portion of reported gains may re!ect over"tting to speci"c datasets rather

than genuine disease-related signal extraction. Moreover, fewer than 20% of published

deep learning models for AD imaging have been validated on external datasets, and vir-

tually none have undergone prospective clinical testing [183]. Di#erences in scanner

hardware, acquisition protocols, population demographics, and diagnostic criteria across

clinical centers further complicate generalization. As a result, clinicians remain cautious

about integrating AI predictions into diagnostic decision-making, particularly for early-

stage or borderline cases.

Another major barrier to clinical adoption of AI systems in Alzheimer’s disease is the lack

of interpretability. Most deep learning models operate as black boxes, providing predic-

tions without transparent reasoning. In medical contexts, particularly for neurodegener-

ative diseases with complex and heterogeneous presentations, clinicians require explana-

tions that align with established neurobiological knowledge [103]. Post-hoc explainabil-

ity techniques, such as gradient-based saliency maps and class activation mapping, have

been widely applied to visualize regions of interest contributing to model predictions

[141]. While these methods often highlight anatomically relevant areas, including the

hippocampus and medial temporal lobe, their clinical reliability and consistency remain

debated [145, 161]. Importantly, most explainability studies rely on qualitative visual

inspection rather than quantitative validation or expert consensus, limiting their trans-

lational value. In addition to interpretability, data-related challenges pose signi"cant ob-

stacles. Neuroimaging datasets for AD are relatively small compared to those typically

required to train deep neural networks, increasing susceptibility to over"tting. Class im-

balance, site-speci"c biases, and heterogeneous disease trajectories further complicate

model development. Although recent studies show improved methodological rigor com-

pared to earlier work, reproducibility and robustness remain central concerns [171].

As performance on standard AD classi"cation benchmarks approaches saturation, re-

search focus is shifting toward more clinically meaningful tasks, such as multi-class

classi"cation, di#erential diagnosis among dementia subtypes, and longitudinal disease

modeling. These tasks present greater challenges and more closely re!ect real clinical

decision-making. Generative models, including Generative Adversarial Network (GAN),

Variational Autoencoder (VAE), and Denoising Di#usion Probabilistic Model (DDPM),

have gained increasing attention in AD research. These models have been employed for

data augmentation, modality synthesis, and disease progression modeling [1]. Synthetic

MRI or PET images improve classi"er performance and mitigate class imbalance. Fur-

thermore, generative frameworks enable the simulation of future brain states, o#ering

an additional option for personalized prognosis. Unsupervised and self-supervised gen-
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CHAPTER 1. Introduction

erative approaches have also been explored for anomaly detection, where models learn

the distribution of healthy brain images and identify pathological deviations without ex-

plicit diagnostic labels [60]. These approaches are particularly appealing for early-stage

detection, where labeled data are scarce and disease manifestations are subtle.

Generative models o!er useful approaches to data scarcity, representation learning, and

disease modeling, while explainable AI methods aim to bridge the gap between algo-

rithmic predictions and clinical reasoning. Integrating these two paradigms, generative

modeling and explainable deep learning, represents an important research direction to-

ward trustworthy, clinically meaningful AI systems for AD analysis.

1.1 Clinical Overview of Alzheimer’s Disease

AD is marked by the gradual and unrelenting degeneration of neurons throughout the

brain. Clinically, it is de"ned by a steadily worsening cognitive impairment that eventu-

ally compromises independence in daily life [91]. The disease process typically unfolds

over years: early in the course, changes are subtle and may not impair daily activities,

but AD inexorably advances from mild forgetfulness to severe dementia. The underlying

pathology, including neuron loss, synaptic dysfunction, and the accumulation of toxic

proteins, relentlessly progresses, meaning that once neuronal damage occurs it cannot

be reversed with current therapies. This biological irreversibility translates to the clinical

reality that lost cognitive functions (memory, reasoning, etc.) cannot be fully regained

[94, 4]. The clinical trajectory of AD is often conceptualized as a continuum: it begins

with a long silent phase of brain changes (preclinical AD), then a symptomatic but mild

stage (mild cognitive impairment), and ultimately culminates in dementia due to AD.

Throughout this continuum, AD pathology advances from region to region in the brain,

and symptoms worsen accordingly (as detailed in later sections). From a patient and

caregiver perspective, AD’s progressive nature means increasing assistance is required

over time, from help with complex tasks like "nances or medication, to eventually basic

self-care, and the condition is uniformly fatal in the long run (typically 8-12 years after

diagnosis, though with wide individual variability) [157]. AD’s progressive, irreversible

course is what makes it so devastating, but also what motivates intense research into

early diagnostic markers and disease-slowing treatments.

For convenience, Table 1.1 summarizes the main stages of the AD continuum by linking

their typical clinical manifestations with the brain regions and imaging "ndings most

commonly involved. The temporal progression should be interpreted qualitatively, as the

duration of each stage varies substantially across individuals. The table also highlights
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1.1 Clinical Overview of Alzheimer’s Disease

Table 1.1: Schematic overview of the AD continuum, linking the main clinical stages

with representative symptoms, functional impact, and the neuroanatomical regions or

imaging correlates most commonly involved.

Stage Dominant clinical features Main regions / imaging correlates

Preclinical AD

Silent phase before overt

symptoms

No clear functional impairment; individuals

may be clinically normal despite underlying

pathology. Biomarker abnormalities may pre-

cede overt symptoms by years [152, 73].

Molecular biomarkers may become ab-

normal before overt structural damage,

whereas MRI abnormalities may still be

minimal or absent in this phase [70, 72].

MCI due to AD

Earliest clearly symp-

tomatic phase

Mild but measurable cognitive decline, typ-

ically with prominent episodic memory im-

pairment, while basic daily functioning is

largely preserved. Subtle !ne-motor changes,

including reduced "uency in drawing and

handwriting tasks, may already emerge in this

phase [2, 75, 120, 29, 179].

Earlymedial temporal involvement, espe-

cially hippocampal atrophy on structural

MRI, with prognostic value for progres-

sion to dementia [139, 129, 28].

AD dementia

Clinically established dis-

ease

Multidomain cognitive impairment involving

memory, language, executive and visuospa-

tial functions; neuropsychiatric symptoms be-

comemore common, and loss of independence

becomes clinically evident. Fine-motor and

handwriting impairments may also become

more apparent as cognitive and motor plan-

ning de!cits progress [73, 136, 22, 100, 27, 29].

More widespread medial temporal and

temporoparietal atrophy, often accompa-

nied by ventricular enlargement and pro-

gressive structural decline on MRI [139,

72, 46].

that subtle !ne-motor and handwriting-related alterations can emerge during symp-

tomatic stages, providing part of the clinical rationale for the handwriting-based biomark-

ers investigated in Chapter 2.

1.1.1 Clinical Continuum: From Cognitively Normal to MCI to
AD Dementia

One of the crucial concepts in understanding AD is its clinical continuum, which spans

from normal cognition through mild impairment to severe dementia. The clinical mani-

festation of AD typically follows a gradual progression through identi!able transitional

stages rather than presenting as an acute onset condition. A typical pathway begins with

a Cognitive Normal (CN) state in late life, followed by the development of Mild Cogni-

tive Impairment (MCI), and !nally Alzheimer’s-type dementia [54]. MCI is de!ned by

measurable cognitive decline (for example, noticeable memory loss) that is greater than

expected for age, but not severe enough to signi!cantly interfere with daily function-

ing. It is often considered the prodromal phase of AD when due to AD pathology. In fact,
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MCI is often described as the earliest clinical manifestation of AD in individuals who later

progress to dementia [118, 2]. In research settings, particularly in ADNI-based studies,

amnestic MCI has also been subdivided into Early Mild Cognitive Impairment (EMCI)

and Late Mild Cognitive Impairment (LMCI) to capture di!erences in memory impair-

ment severity and progression risk [95]. EMCI denotes a milder level of objective mem-

ory impairment, whereas LMCI re"ects more pronounced impairment and is associated

with a less favorable clinical course [95]. Patients with amnestic MCI (where memory is

chie"y a!ected) are at elevated risk of progressing to AD dementia, and this stage can be

viewed as an early symptomatic phase of AD [118, 2]. Importantly, however, not every-

one with MCI will progress to dementia. Some remain stable for years or even revert to

normal, especially when the underlying cause is not AD [118]. Nevertheless, in clinical

settings about 10-15% of MCI patients convert to dementia each year [43]. Over a 5-year

period, roughly half of individuals diagnosed with MCI due to AD may worsen to an AD

dementia, whereas others may decline more slowly or not at all. This variability makes it

critical to determine which MCI patients have underlying AD pathology and are likely to

progress (progressive MCI vs. stable MCI). Clinicians and researchers stratify MCI cases

accordingly, since prognostic outlook and management di!er: an MCI patient who is

progressive (showing early AD changes on imaging or biomarkers) might be a candidate

for trials or aggressive intervention, whereas a stable MCI patient might be monitored

with conservative management. Identifying prognostic factors for progression is a ma-

jor goal, for instance, the presence of AD biomarkers or faster hippocampal atrophy on

MRI strongly predicts conversion from MCI to Alzheimer’s dementia. In summary, AD

can be viewed as a continuum where initially a person is cognitively normal (but possi-

bly accumulating silent pathology), then develops mild cognitive symptoms (MCI), and

#nally meets criteria for dementia. Figure 1.1 schematically illustrates this continuum

across four progressive stages: CN, EMCI, LMCI, and AD dementia. Notable structural

changes include progressive hippocampal atrophy and ventricular enlargement. Clini-

cally, this staging aligns with how symptoms and functional impairments progressively

worsen over time.

1.1.2 Clinical Symptoms and Manifestations

The hallmark symptom of AD is memory loss, especially di$culty forming new memo-

ries and recalling recent information (episodic memory impairment) [75]. Often an early

complaint is forgetting conversations or repeating questions. This memory de#cit typi-

cally re"ects damage in the medial temporal lobe (e.g. hippocampus), which is crucial for

new learning [58]. As AD advances, other cognitive domains become a!ected, including

executive functions (planning, problem-solving) [136, 142], language (word-#nding di$-
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1.1 Clinical Overview of Alzheimer’s Disease

Figure 1.1: Coronal T1-weighted MRI slices across the AD continuum: CN, EMCI, LMCI, and AD.

Yellow rectangles highlight hippocampal regions; red regions show lateral ventricles. Reprinted

from [54].

culty, reduced vocabulary) [136], visuospatial skills (getting disoriented in familiar places,

trouble copying !gures) [128], and attention. In early stages, the cognitive de!cits can be

subtle, for instance, mild word-!nding pauses or trouble multitasking, but in later stages

they culminate in global impairment (in severe AD, patients may recognize neither close

family nor their own surroundings) [136]. It is important to note that the pattern of

cognitive decline in AD usually involves memory and orientation !rst (patients may be-

come disoriented to date or place as the disease progresses) [136]. Over time, executive

dysfunction (poor judgment, inability to plan or manage complex tasks) and language

impairments (anomic aphasia, wherein naming common objects becomes di"cult) also

emerge as common features [136]. Each individual’s symptom pro!le can vary, e.g. some

patients present with prominent language problems (logopenic aphasia) or visuospatial

disorientation (getting lost), but nearly all experience signi!cant memory loss at some

point. These cognitive symptoms correspond to the underlying neurodegeneration pat-

tern, e.g. memory problems correlate with hippocampal damage [58].

1.1.3 Behavioral and Neuropsychiatric Symptoms

In addition to cognitive de!cits, AD produces a range of behavioral and psychological

changes, often referred to as neuropsychiatric symptoms. One of the most frequent is

apathy, a loss of motivation and initiative. In fact, apathy is observed in roughly 60-70%
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CHAPTER 1. Introduction

of AD patients and often appears early in the disease [33]. A person with AD may be-

come indi!erent to hobbies, require prompting to engage in activities, or sit idle for long

periods. Notably, apathy can hide functional decline, as the individual may not initiate

even simple tasks without cueing. Depression is another common symptom and can be

di"cult to disentangle from apathy; many patients with AD have apathy without clas-

sic depressive sadness [100]. Other behavioral changes include irritability, mood swings,

anxiety, and in some cases disinhibition or agitation (especially in moderate stages) [22].

As AD reaches more advanced stages, psychotic symptoms such as delusions or halluci-

nations can occur (e.g. paranoid beliefs that someone is stealing items, or seeing people

who aren’t there) [22]. Personality often changes as well, a previously meticulous per-

son might become careless or a gregarious person might withdraw socially [100]. These

behavioral symptoms add to caregiver burden and are important clinical considerations.

They also provide clues to clinicians; for example, early prominent personality change

might suggest frontotemporal dementia rather than typical AD, whereas AD’s behavioral

changes tend to occur a bit later and be accompanied by the hallmark memory loss.

1.1.4 Motor and Fine-Motor Changes (Including Handwriting)

AD has traditionally been viewed primarily as a cognitive disorder, unlike Parkinson’s

Disease (PD) which is known for motor symptoms. Indeed, gross motor functions (walk-

ing, basic strength) tend to be preserved until relatively late in AD. However, research

has shown that subtle motor de#cits can occur earlier in the AD process than once be-

lieved [120]. Older clinical criteria expected motor signs only in advanced dementia, but

it is known that certain motor changes, for example, reduced gait speed, decreased grip

strength, or slight coordination di"culties, may be detectable in the MCI or early de-

mentia stages and are even associated with higher risk of progression to dementia [120,

23]. In particular, #ne-motor control (which requires complex coordination of cognitive

planning with motor execution) can be impaired. Handwriting is an excellent example

of a #ne-motor skill that often deteriorates in AD and related disorders [29, 179]. In

fact, handwriting and drawing tests have gained attention as sensitive markers of early

cognitive impairment.

An example of a widely used clinical assessment is the Clock Drawing Test, which re-

quires patients to draw a clock face with all numbers and set the hands to a speci#c time

(typically 10 minutes past 11). This simple task engages multiple cognitive domains si-

multaneously: visuospatial organization, executive planning, semantic memory (knowl-

edge of clock conventions), and #ne-motor control [52]. Figure 1.2 illustrates typical

clock drawings from cognitively normal individuals compared to those with AD or fron-
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that people with AD had signi!cantly lower frequency and velocity of pen strokes when

performing simple repetitive drawing movements, compared to cognitively normal con-

trols. Other experiments have documented de!cits in AD patients during various writing

tasks: writing sequences of letters, writing single words and sentences, and even func-

tional tasks like copying a check or writing a paragraph are performed with reduced "u-

ency and more errors in AD [27]. These !ne-motor impairments in writing are thought

to arise from a combination of motor slowing and the cognitive strain of written lan-

guage production. Clinically, one might notice an AD patient’s handwriting becomes

less legible, with letter omissions, tremulous lines, or spatial misalignments (e.g., drifting

o# a line). Such changes, while subtle, correlate with disease and have become the ba-

sis for newer diagnostic approaches, for instance using digitizing tablets or AI analysis

of written scripts to detect AD-speci!c patterns [107]. It’s important to highlight that

handwriting is often among the !rst skills a#ected by neurodegenerative cognitive de-

cline. This is because writing a sentence engages multiple domains (memory, language,

visuospatial processing, and !nemotor control), all of which can be compromised even in

prodromal AD. In summary, while AD does not typically cause early tremors or sti#ness

(as PD does), it does subtly a#ect motor-function, especially !ne movements, early on.

Clinicians may not rely on motor signs for diagnosis in the way they do cognitive signs,

but these motor changes (like shu$ing gait or changes in handwriting) can reinforce

suspicion of neurodegeneration and even serve as additional quantitative biomarkers for

early detection.

1.1.5 Diagnostic Criteria and biomarkers in AD

Diagnosing AD is a multifactorial clinical process that combines cognitive assessment,

medical evaluation, and increasingly, biomarker evidence. Traditionally, AD has been a

diagnosis of exclusion, clinicians rule out other potential causes of dementia and look

for a characteristic pattern of cognitive impairment [104, 2]. In a routine clinical setting,

the workup for suspected AD includes: a thorough patient history (and collateral his-

tory from family), a physical and neurological exam, cognitive testing, laboratory tests

to exclude metabolic or other reversible causes, and brain imaging. Standard cognitive

screening tools such as the Mini-Mental State Examination (MMSE) or Montreal Cogni-

tive Assessment (MoCA) are often used to document the degree of impairment [48, 104].

The current Diagnostic and Statistical Manual of Mental Disorders, 5th ed. (DSM-5) uses

the term “Major Neurocognitive Disorder due to Alzheimer’s Disease” for dementia due

to AD, which requires evidence of signi!cant cognitive decline in one or more domains

(with memory often a#ected) that interferes with independence, a gradual onset and

progressive course, and no alternate explanation (such as stroke, brain tumor, etc.) [39].
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Likewise, the National Institute on Aging-Alzheimer’s Association (NIA-AA) guidelines

have outlined criteria for probable AD dementia, emphasizing insidious onset and doc-

umented progressive cognitive decline, either by history or serial cognitive testing [104,

2, 73]. These criteria also acknowledge the use of biomarkers (e.g. MRI scans) to increase

diagnostic certainty. For the intermediate stage of MCI due to AD, the NIA-AA 2011 re-

search criteria [2] proposed a framework requiring cognitive concern and impairment

on tests, but with essentially normal daily function. The criteria strati!ed the likelihood

that AD pathology is the cause based on biomarker evidence of amyloid and neurode-

generation. This resulted in categories such as "MCI due to AD, high likelihood" versus

"intermediate" or "unlikely". In practice, for a general clinician, a case of MCI can be la-

beled “prodromal AD” if, an amyloid PET scan is positive or CSF markers show the AD

pattern. If no biomarker testing is done, the clinician might simply diagnose “MCI” and

note AD is another possible diagnosis.

Role of Neuroimaging and Structural Magnetic Resonance Imaging: Neuroimag-

ing, particularly structural MRI, is a vital component of the diagnostic process for AD

[73]. It is routinely performed in clinical dementia evaluations, serving both to exclude

other potential causes of cognitive impairment (such as brain tumors, stroke, or normal-

pressure hydrocephalus) and to identify patterns of brain atrophy consistent with AD

[53]. The classic !nding on MRI is hippocampal and medial temporal lobe atrophy, often

disproportionate to normal aging [139]. Visual rating scales such as the Medial Temporal

Atrophy (MTA) allow clinicians to grade hippocampal atrophy; high scores in amnes-

tic patients strongly suggest underlying AD. Beyond its diagnostic utility, MRI-derived

measures of atrophy have prognostic value: patients with MCI showing signi!cant hip-

pocampal or temporoparietal cortical atrophy are more likely to progress to AD dementia

[28]. The central role of structural MRI as an AD biomarker is discussed in detail in Sec-

tion 1.2.

1.2 Structural MRI as a Biomarker of AD

1.2.1 Why MRI is central among Alzheimer’s Biomarkers

Structural MRI has become a primary AD biomarker in research and diagnosis due to

several key advantages. First, MRI is entirely non-invasive and does not require ionizing

radiation or tracer injections, unlike PET imaging or lumbar puncture for Cerebrospinal

Fluid (CSF) biomarkers [187]. This makes MRI safe for repeat longitudinal scans, en-
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abling the tracking of disease progression over time. Second, MRI scanners are widely

available in clinical settings, making this modality accessible for routine dementia eval-

uations globally. MRI provides high-resolution, multi-planar images of brain anatomy

with excellent soft-tissue contrast [187], allowing clinicians to directly visualize struc-

tural brain changes associated with neurodegeneration. Indeed, MRI can reveal charac-

teristic atrophy patterns in the brain even at early stages of AD, before severe clinical

symptoms emerge [90].

Another major reason MRI remains central is that it measures the downstream neurode-

generative component of AD pathology, i.e. brain or hippocampal atrophy, which closely

correlates with clinical impairment. In the AT(N) biomarker framework, a scheme that

classi!es AD biomarkers into three groups, amyloid-β deposition (A), tau pathology (T),

and neurodegeneration or neuronal injury (N), MRI-based measures of atrophy serve as

the prototypical neurodegeneration marker, complementing amyloid and tau indicators

[72]. While amyloid and tau PET or CSF tests detect AD’s molecular hallmarks decades

before symptoms appear, MRI biomarkers re"ect the cumulative loss of neurons and

synapses that correlates strongly with cognitive decline and symptom severity [72, 70].

For example, an abnormal MRI showing atrophy combined with positive amyloid mark-

ers predicts future cognitive decline far better than amyloid positivity alone, since visible

neurodegeneration indicates that substantial neuronal damage has occurred, bridging the

gap between silent pathology and clinical dementia [72, 70].

MRI’s practical advantages also strengthen its central role. It is widely used in clinical

dementia workups to both exclude other pathologies (e.g. stroke, tumor) and to identify

AD-typical atrophy patterns [53, 73]. Updated diagnostic criteria now incorporate struc-

tural MRI !ndings: for instance, MRI evidence of disproportionate medial temporal lobe

atrophy is included as a supportive biomarker that increases the con!dence of an AD

diagnosis [139]. Visual rating scales such as the Medial Temporal Atrophy (MTA) allow

clinicians to grade hippocampal atrophy; highMTA scores in patients withmemory prob-

lems strongly suggest underlying AD. More advanced volumetric analyses can measure

hippocampal volume or cortical thickness precisely, correlating with disease progression

and memory decline [70, 87]. While emerging biomarkers (such as tau PET or plasma

tests) show promise, they remain expensive or less accessible. By contrast, structural

MRI is part of standard care in neurology and can be acquired in most hospitals. More-

over, the extent of atrophy on MRI has prognostic implications: patients with MCI who

exhibit signi!cant hippocampal or temporoparietal cortical atrophy are more likely to

progress to AD dementia in subsequent years [28]. In summary, MRI continues to be a

central AD biomarker because it is widely available, repeatable, and directly visualizes

the neurodegenerative changes that underlie cognitive symptoms, providing an essential

complement to molecular biomarkers. Other biomarkers (amyloid PET, CSF tests, etc.)
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are certainly valuable and provide speci!city for AD pathology, but they are generally

used alongside MRI rather than replacing it. MRI’s unique strength is in capturing the

end-result of the disease’s pathological cascade, neuronal loss and brain atrophy, in a

manner that is non-invasive and clinically interpretable. This central position of MRI in

the biomarker hierarchy is likely to persist, even as newer techniques are introduced,

because all patients ultimately manifest neurodegeneration that MRI can detect.

1.2.2 Structural MRI and T1-Weighted Imaging

Figure 1.3: T1-weighted MRI of the brain showing characteristic tissue contrast: dark

CSF, intermediate gray matter, and bright white matter. This contrast pattern enables

precise delineation of brain structures critical for AD assessment. Image source: www.

mrimaster.com.

Structural MRI can be acquired with di"erent sequences, where a sequence is the spe-

ci!c acquisition protocol that determines how the signal is sampled and therefore which

tissue characteristics are emphasized in the !nal image. The labels T1 and T2 refer to

two di"erent relaxation mechanisms of the MRI signal, and images are said to be T1-

weighted or T2-weighted depending on which of these contrasts is predominantly em-

phasized. In brain imaging, T1-weighted scans are mainly used for anatomical detail and

morphometric analysis, whereas T2-weighted and Fluid-Attenuated Inversion Recovery

(FLAIR) images are more useful for highlighting #uid-sensitive contrast and white matter
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lesions [187]. Acquisition also depends on scanner !eld strength, most commonly 1.5T or

3T; higher !eld strength generally provides higher signal-to-noise ratio and can support

!ner spatial resolution, although with technical trade-o"s [147]. In large neuroimaging

studies, structural scans are typically acquired as volumetric 3D datasets and can then be

reformatted in sagittal, coronal, and axial planes for inspection and analysis [74].

T1-weighted MRI is the primary modality for structural brain imaging in AD for several

reasons. Firstly, T1w scans provide excellent anatomical detail and tissue contrast: gray

matter appears dark gray, white matter appears lighter, and Cerebrospinal Fluid registers

as black (hypointense) [99]. This high gray-white matter contrast (illustrated in Fig. 1.3)

facilitates clear delineation of cortical and subcortical structures. In practical terms, T1w

images allow for precise visualization of the cortical ribbon, the shape and volume of

hippocampus, the ventricular system, and other key neuroanatomical landmarks. Such

images can be quantitatively analyzed to yield regional volume and cortical thickness

measures with relatively standardized processing pipelines across studies.

As a result of these properties, high-resolution T1-weighted scans (often acquired as 3D

volumetric sequences) have become the de facto standard for morphometric analysis in

AD research. Large multi-center studies like the ADNI devoted substantial e"ort to opti-

mizing a 3D T1w MRI protocol for consistent volumetric measurements [74]. In ADNI, a

uni!ed Magnetization Prepared Rapid Gradient Echo (MP-RAGE) sequence was selected

and deployed across> 50 sites, with a target isotropic voxel size of approximately 1mm
3

to capture !ne anatomical details [74]. The emphasis on T1w MRI is so prominent that

the ADNI MRI core explicitly stated the “most important image set was the T1-weighted

3D volumetric acquisition” for assessing brain morphometry [74]. Additional sequences

(such as T2-weighted or Fluid-Attenuated Inversion Recovery (FLAIR) images) are typi-

cally acquired in studies to detect cerebrovascular lesions or other pathologies, but when

it comes to measuring AD-related neurodegeneration (atrophy), the T1w scan is central.

T1-weighted images are prone to automated analysis techniques (segmentation, surface

mapping, etc.) and are easier to standardize across scanner platforms compared to multi-

contrast or advanced sequences. This has enabled cross-cohort comparisons and pooling

of data; for example, the ADNI T1w protocol and its quality control procedures (phantom

scans, geometric corrections) have been adopted in other cohorts to harmonize structural

MRI data. The focus on T1w MRI in this thesis thus ensures the use of the most widely

validated and standardized structural imaging modality for Alzheimer’s biomarker de-

velopment.
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1.2.3 Neuroanatomical Signatures of AD

Medial Temporal Lobe (MTL) structures are among the earliest andmost severely a!ected

regions. In particular, the hippocampus and adjacent entorhinal cortex and parahip-

pocampal gyrus undergo profound volume loss in AD [90]. Hippocampal atrophy is a

hallmark of AD, re"ecting the prominent degeneration of neurons that correlates with

the hallmark episodic memory impairment. At autopsy, the hippocampus and entorhi-

nal region are where neuro#brillary tangle pathology (tau) #rst accumulates, and this

early vulnerability is mirrored by MRI-visible atrophy in these regions in the MCI stage

of AD. Correspondingly, patients with AD show signi#cantly smaller hippocampal vol-

umes than age-matched controls, and those with prodromal AD (MCI due to AD) often

already exhibit measurable MTL atrophy [90, 2]. MTA is so central to AD that it has

been incorporated into diagnostic criteria and radiological scoring systems (discussed in

Section 1.2.4).

Beyond the MTL, AD also targets speci#c neocortical association areas. Notably, the

temporo-parietal cortex shows marked atrophy as the disease progresses. This includes

the lateral temporal lobe, inferior parietal lobule, posterior cingulate, and precuneus re-

gions; all parts of the so-called “default mode network” heavily implicated in AD. Atro-

phy in these regions underlies clinical de#cits in language, visuo-spatial orientation, and

higher-order associative functions that manifest in moderate to advanced AD [9, 53]. For

example, degeneration of the parietal cortex contributes to impaired visuo-spatial abil-

ities and disorientation, while lateral temporal atrophy may relate to language and se-

mantic memory di$culties [174]. Ventricular enlargement is another MRI-visible conse-

quence of AD neurodegeneration. The enlargement of the lateral ventricles, particularly

the temporal horn adjacent to the hippocampus, is often striking on MRI of AD patients

[110]. While ventricular size increases slightly with normal aging, AD accelerates this

process; longitudinal studies have shown that AD patients have faster rates of ventricle

expansion than healthy elders, and even MCI patients who progress to AD show greater

ventricular growth than stable MCI. Thus, ventricular volume can serve as an additional

and indirect global marker of neurodegeneration.

1.2.4 Quantitative and Qualitative MRI Biomarkers

MRI-based biomarkers of AD can be broadly divided into qualitative (visual) assessments

and quantitative measurements. In clinical practice, radiologists often employ quick vi-

sual rating scales to judge the degree of atrophy in key regions, whereas research studies

(and evolving clinical tools) use automated algorithms to derive volumetric or morpho-
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metric measures. A classic example of a qualitative MRI biomarker is the Medial Tempo-

ral Atrophy (MTA) visual rating scale proposed by [139]. This simple 5-point scale (0–4)

is based on visual inspection of a single coronal T1 slice through the MTL: it assesses

the width of the choroid !ssure, the width of the temporal horn of the lateral ventricle,

and the height of the hippocampal formation (see Figure 1.4). A score of 0 indicates no

atrophy, while a score of 4 indicates severe atrophy with markedly enlarged CSF spaces

and a shrunken hippocampus. The Scheltens’ MTA scale has proven highly practical and

remains one of the most commonly used tools in both clinics and research to gauge AD-

related atrophy. In fact, its diagnostic utility is such that an abnormal MTA score (e.g.

≥ 2 in younger patients or ≥ 3 in older patients) can signi!cantly increase con!dence

that a patient’s dementia is due to AD, as noted in clinical criteria [164]. Other visual rat-

ing scales exist as well. For example the Koedam scale [85] for posterior atrophy, which

help qualitatively capture atrophy in regions beyond the hippocampus. Visual ratings

have the advantage of being quick (they can be performed during routine scan review)

and requiring no specialized software, thus e"ectively bridging neuroradiology expertise

with standardized assessment.

Figure 1.4: Progression of medial temporal lobe atrophy across MTA scores (0–4) on coronal MRI

sections. Reprinted from [164].

On the quantitative side, MRI biomarker analysis provides a wealth of numeric mea-

sures. Foremost among these are volumetric measurements of speci!c brain structures.
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For AD, volumetry of the hippocampus has been a focus for decades, manual tracings of

the hippocampal formation onMRI were the gold standard in early research, consistently

showing ∼10–30% volume reductions in AD patients compared to controls [71]. Nowa-

days, automated segmentation tools (e.g. FreeSurfer [47] or Automatic Segmentation of

Hippocampal Sub!elds (ASHS) [163]) can compute hippocampal volumes (and volumes

of many other regions) for a given scan. Similarly, whole-brain or ventricular volumes

can be measured, or the rate of whole-brain atrophy can be quanti!ed using techniques

like the Boundary Shift Integral (BSI) (which calculates volume loss between two time

points) [51]. Another widely used quantitative metric is cortical thickness. By recon-

structing the cortical surface from a T1wMRI, one can measure the thickness of the gray

matter layer at thousands of points across the cortex; AD is characteristically associated

with thinning in the posterior cingulate, precuneus, and lateral temporo-parietal cortex,

as noted earlier. These quantitative approaches o"er !ne-grained assessments and the

ability to track change over time in a continuous manner (e.g. “mm3 of hippocampal loss

per year”).

In summary, each approach has its strengths, and importantly they are complementary

rather than mutually exclusive. Visual scales provide an immediate, clinically inter-

pretable readout (e.g. "MTA score = 3" communicates marked medial temporal atrophy

in one number), and their performance is not far from that of more labor-intensive quan-

titative methods: visual MTA correlates with hippocampal volume and, in some cohorts,

discriminates AD from controls with accuracy comparable to volumetry [53, 8]. How-

ever, this does not mean that qualitative scales are su#cient on their own. First, MTA

must be interpreted in an age-aware manner, because medial temporal atrophy also in-

creases with normal aging and the practical cut-o"s change across decades of life [164,

21]. Second, MTA is informative but not fully speci!c for AD: medial temporal atrophy

can also be seen in other dementias, whereas some biomarker-positive AD patients, espe-

cially in early or atypical presentations, may still have age-appropriate MTA scores [53,

98]. Finally, a visual 0–4 rating inevitably compresses a complex and spatially distributed

neurodegenerative pattern into a coarse ordinal score. For this reason, visual ratings are

excellent rapid clinical tools, but volumetric measures remain preferable when continu-

ous quanti!cation is needed, such as longitudinal follow-up, clinical trials, or correlations

with cognition and CSF biomarkers [53].

1.2.5 Methodological Challenges in MRI-Based Analysis

While MRI is a rich source of biomarkers, analyzing structural MRI data for AD is not

without challenges. These challenges must be acknowledged, as they motivate the ad-
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vanced methodological approaches introduced later in this work. Key issues include:

1. High-dimensional, 3D data complexity: Each MRI scan is a three-dimensional

volume (typically with millions of voxels), and the pattern of AD-related changes

can be subtle and spatially distributed. Traditional image analysis often reduced

this complexity by examining a few slices or Region of Interest (ROI), but this risks

missing the full extent of disease e!ects. Modern approaches aim to analyze the

entire brain volume to capture the complex atrophy pattern, but this comes at the

cost of requiring sophisticated 3D image processing and statistics to avoid false

positives. The 3D nature of MRI also means that misalignment or deformation

(due to head tilt, anatomy, etc.) can a!ect measurements, so images must be care-

fully spatially normalized for comparisons. Handling such high-dimensional data

without oversimpli"cation is a primary challenge [42, 131, 5].

2. Limited labeled data and ground truth: When developing computational mod-

els (for example, to predict diagnosis or to segment brain structures), a limitation

is the availability of “ground truth” labels. Unlike some imaging domains, there

is usually no voxel-level ground truth of “disease” in MRI – we infer AD by atro-

phy patterns rather than seeing a distinct lesion. Manually labeling brain regions

(such as tracing the hippocampus) is labor-intensive, and while public datasets ex-

ist (e.g. ADNI provides many MRI scans), case-level labels such as “AD vs control”

are typically derived from clinical characterization rather than direct pathology

[119, 170]. Histopathological con"rmation is generally available only in dedicated

autopsy studies rather than routine imaging cohorts [174]. Thus, algorithms must

often learn from limited and noisy labels. This scarcity of annotated data makes

it challenging to train and validate reliable automated methods, especially those

involving Machine Learning (ML) [170, 183].

3. Intersubject variability: Brain morphology varies widely across individuals due

to age, sex, head size, genetics, and life experience (“cognitive reserve”). There

is a substantial overlap between the range of some MRI measures in healthy el-

derly and those in AD patients. For instance, a cognitively normal 80-year-old

might normally have some hippocampal atrophy or enlarged ventricles, whereas a

younger ADpatientmight still have a relatively large brain volume. This variability

can mask disease e!ects in cross-sectional analyses. It also complicates establish-

ing universal cut-o!s for biomarkers (what is “normal” vs “abnormal” at a given

age) [53, 164, 21]. Deep learning approaches can help address this challenge by

automatically learning complex, high-dimensional patterns that capture disease-

speci"c features across diverse populations, potentially discovering subtle imaging

signatures that transcend individual anatomical variability [42, 170].
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4. Scanner and site e!ects: MRI images can di!er not only because of biology but

also due to technical factors. Di!erent MRI scanners (or di!erent "eld strengths,

e.g. 1.5T vs 3T) produce images with varying contrast, resolution, and noise char-

acteristics [147]. Even the same model scanner at two sites might be calibrated

di!erently. Multi-center studies like ADNI confronted this by rigorously standard-

izing protocols and using phantom objects to calibrate scanners [106, 74, 176]. De-

spite such e!orts, site-related variability can still confound analyses. An algorithm

might inadvertently learn to distinguish scans from two hospitals rather than two

patient groups if not properly controlled [170, 183]. While traditional approaches

require extensive preprocessing standardization to harmonize images across sites,

deep learning models may help by learning more stable representations from het-

erogeneous data, although this remains an active challenge rather than a solved

problem [170].

5. Partial volume e!ects and 3D resolution: Structural MRI, even at 1mm3 reso-

lution, has voxels that may contain a mix of tissue types at boundaries (graymatter,

white matter, CSF). This partial voluming can introduce errors in measuring thin

structures like the cerebral cortex or hippocampal sub"elds [158, 163]. Distinguish-

ing true atrophy from imaging artifacts requires careful algorithm design. Addi-

tionally, standard structural MRI captures macroscopic atrophy rather than micro-

scopic pathology, making it a relatively downstream marker of neurodegeneration

in the AD cascade [70, 53]. This limits MRI sensitivity in detecting very early neu-

rodegeneration, as macroscopic atrophy only becomes visible after more subtle

biological changes have already begun. While higher-"eld MRI and advanced se-

quences are improving detection capabilities, this remains an inherent limitation

of structural imaging [147].

These challenges set the stage for why advanced analysis techniques are needed. For in-

stance, dealing with high-dimensional 3D data and intersubject variability calls for pow-

erful statistical and ML methods to detect the “signal” of AD amidst noise. Likewise, the

lack of abundant labeled training data motivates the use of data augmentation, transfer

learning, or unsupervised approaches that do not require large annotated training sets.

In the following chapters, some of these issues will be addressed by employing methods

that can better handle variability, provide explainability aligned with MRI biomarkers,

and support the training of large foundation models without annotated images.
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1.3 AI for AD: Landscape and Open Gaps

This thesis explores three complementary paradigms in AI-based Alzheimer’s disease

analysis, each addressing speci!c limitations in current approaches while building to-

ward increasingly general and clinically translatable frameworks. The evolution from

traditional task-speci!c predictors to explainable models and ultimately toward founda-

tion models represents a progression that mirrors the broader trajectory of AI in medical

imaging.

1.3.1 From Feature Engineering to End-to-End Deep Learning

Early computer-aided diagnosis of AD relied heavily on manually engineered features

and traditionalML classi!ers. Building upon the quantitative and qualitativeMRI biomark-

ers discussed in Section 1.2.4, domain experts would computationally extract neuroimag-

ing measures such as hippocampal volume, cortical thickness, or ventricular shape de-

scriptors from MRI scans, which were then fed into algorithms like support vector ma-

chines or logistic regression to distinguish AD from healthy aging [42, 59, 131]. These

approaches essentially automated the extraction of features corresponding to established

biomarkers like hippocampal atrophy or ventricular enlargement (see Section 1.2.3). While

these methods demonstrated that structural MRI changes could aid in identifying AD,

they depended heavily on domain knowledge and extensive preprocessing pipelines. The

feature engineering process might miss subtle or complex patterns, potentially biasing

the analysis toward known biomarkers and limiting the discovery of additional imaging

signatures.

The rise of deep learning marked a transition toward automated feature learning directly

frommedical images. Rather than using prede!ned features, CNN-basedmodels learn hi-

erarchical representations at multiple levels of abstraction, capturing subtle anatomical

patterns associated with AD without explicit human guidance [38, 79]. This transition

enabled a broader analysis, minimizing human bias in feature selection and potentially

uncovering patterns that expert-designed features might overlook. Initial CNN models

for AD classi!cation achieved competitive performance using structural MRI, often ex-

ceeding expectations under controlled experimental conditions on benchmark datasets

like ADNI [79]. However, deep models also introduced new challenges, including the

need for large labeled datasets, concerns about interpretability, and risks of over!tting,

particularly given the relatively limited size of neuroimaging cohorts compared to natural

image datasets [38, 103]. These challenges, along with issues of high-dimensional data

complexity, intersubject variability, and scanner e"ects (as discussed in Section 1.2.5),

22



1.3 AI for AD: Landscape and Open Gaps

motivate the approaches explored in this thesis.

1.3.2 Complementary Biomarkers Beyond Neuroimaging: Deep
Learning for Heterogeneous Handwriting Tasks

While neuroimaging remains central to AD diagnosis, complementary biomarkers ex-

tending beyond brain scans o!er valuable diagnostic information, particularly when ac-

cessibility and cost are considerations. As discussed earlier in the context of motor and

"ne-motor changes in AD (see Section 1.1.4), handwriting emerges as a particularly rele-

vant modality due to its sensitivity to the cognitive and motor impairments characteristic

of neurodegenerative diseases [165, 80]. The documented deterioration in handwriting

characteristics such as writing speed, pen pressure, stroke regularity, and spatial orga-

nization in AD patients motivates the exploration of computational approaches to de-

tect these subtle patterns. Analysis of handwriting samples, whether captured digitally

through tablets or as o#ine images scanned from paper, o!ers a non-invasive, accessible,

and cost-e!ective screening tool that complements neuroimaging assessments.

Prior research in handwriting-based AD detection has predominantly relied on manual

feature extraction followed by traditional ML classi"ers or statistical analysis, typically

evaluating each handwriting task independently with separate models [84, 126, 173, 20,

17]. While these approaches demonstrated the diagnostic potential of handwriting analy-

sis, they remained limited by the need formanual feature engineering and failed to exploit

possible synergies across diverse handwriting activities [20, 17, 15]. Deep learning ap-

proaches, particularly end-to-end models that automatically learn features directly from

handwriting images, have been largely unexplored for AD handwriting-based detection

[19, 18, 25]. More critically, no prior work has attempted to train a uni"ed model ca-

pable of learning shared hierarchical representations across heterogeneous handwriting

tasks ranging from graphic exercises (spirals, loops) to copying text, drawing clocks, and

freeform writing [16, 20, 17, 15, 19, 18, 25]. Chapter 2 of this thesis addresses this gap by

discussing a uni"ed deep learning framework that learns cross-task representations from

25 diverse handwriting activities. By training a single model on the entire spectrum of

tasks including clock drawing, signature, sentence copying, dictation, andmemory-based

writing, the framework captures common AD-related patterns that transcend individual

task boundaries while also identifying task-speci"c contributions to diagnostic accuracy.

This work conducts a broad architectural comparison of modern CNNs (ResNet [61], E$-

cientNet [155], ConvNeXt) and Vision Transformers [35], explores transfer learning from

ImageNet to overcome limited medical data availability, and develops a multi-stage ag-

gregation strategy that combines predictions across all tasks to achieve better diagnostic
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performance. This uni!ed approach demonstrates that shared representations learned

across diverse handwriting modalities can capture generalizable AD signatures more ef-

fectively than isolated task-speci!c models.

1.3.3 Deep Learning for Neuroimaging: Balancing Context and
E!ciency

When applied to structural MRI, deep learning methods face a fundamental tension be-

tween capturing full spatial information and maintaining computational feasibility. Ap-

proaches can be categorized into three families, each with distinct trade-o"s. 3D CNNs

that process entire brain volumes can capture global patterns of neurodegeneration and

preserve full three-dimensional context, potentially identifying distributed atrophy pat-

terns across the brain [7, 45]. However, they are computationally expensive, memory-

intensive, and su"er from a scarcity of large-scale pre-trainedmodels, limiting opportuni-

ties for transfer learning. Patch-based 3D approaches reduce computational demands

by extracting and analyzing smaller sub-volumes from MRI scans [127, 115], enabling

more focused analysis of disease-relevant regions like the hippocampus while remaining

tractable. Yet, by restricting the model’s !eld of view, these methods may miss global

patterns and inter-regional relationships crucial for understanding disease heterogene-

ity. 2D slice-based methods treat individual MRI slices as standard images, enabling

the use of well-established 2D CNN architectures and using pre-trained weights from Im-

ageNet [81, 169]. This approach bene!ts from abundant pre-trained models and compu-

tational e#ciency, but inherently loses three-dimensional spatial context by fragmenting

the brain into independent slices.

Recent work has increasingly incorporated attention mechanisms and transformer ar-

chitectures to address these limitations. Attention modules allow models to dynamically

weight di"erent spatial regions or slices, e"ectively learning which parts of the brain are

most informative for diagnosis [78, 175]. Vision transformers, which process images as

sequences of patches with self-attention, o"er an alternative framework that can model

long-range spatial dependencies [35]. Hybrid approaches that combine CNN feature ex-

traction with transformer-based integration across slices or regions represent a useful

middle ground, balancing computational e#ciency with the ability to capture global con-

text [65, 3].
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1.3.4 The Interpretability Imperative: From Black Boxes to Clin-
ically Meaningful Explanations

A critical barrier to clinical adoption of AI systems in AD diagnosis is the lack of in-

terpretability. Most deep learning models function as black boxes, providing predic-

tions without transparent reasoning [103]. In medical contexts, particularly for com-

plex neurodegenerative diseases with heterogeneous presentations, clinicians require ex-

planations that align with established neurobiological knowledge and support clinical

decision-making. Post-hoc explainability techniques such as GradCAM [141] have been

widely applied to visualize which brain regions contribute most to model predictions.

While these methods often highlight anatomically relevant areas, their clinical reliabil-

ity and consistency remain debated [145, 161]. Importantly, most explainability studies

rely on qualitative visual inspection rather than quantitative validation against known

biomarkers or expert consensus, limiting their translational value [145, 161].

Attention-based architectures o!er an alternative path toward inherent and learnable

interpretability. By learning to weight di!erent spatial locations, slices, or feature chan-

nels, attention mechanisms provide built-in explanations derived from the model’s own

parameters rather than post-hoc approximations [77, 140]. When properly designed, at-

tention maps can be more consistent, localized, and aligned with clinical expectations

than gradient-based saliency methods. Moreover, quantifying the importance of spe-

ci"c anatomical regions in model predictions enables validation against established AD

biomarkers such as hippocampal atrophy or temporal lobe changes, bridging the gap be-

tween algorithmic predictions and clinical reasoning. Chapter 3 explores this space com-

prehensively, proposing an explainable framework that analyzes MRI scans across multi-

ple orthogonal slicing planes (sagittal, coronal, and axial). Using attention mechanisms,

the model generates 3D attention maps that consistently highlight the neuroanatomical

regions characteristic of AD neurodegeneration as described in Section 1.2.3, including

the hippocampus, entorhinal cortex, and inferior lateral ventricles, while achieving high

diagnostic accuracy. This approach provides both visual and quantitative evidence that

the model focuses on clinically relevant features.

1.3.5 Methodological Rigor: AddressingReproducibility andGen-
eralization Challenges

Despite impressive reported performance, many AI models for AD imaging su!er from

methodological limitations that compromise their reliability and generalizability. Recent

systematic reviews have identi"ed recurring issues including data leakage from improper
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train-test splits, lack of independent external validation, and failure to account for site or

scanner variability [171, 183]. In some cases, models initially reported to achieve accura-

cies above 90% experienced dramatic performance drops when evaluated under stricter

protocols or on independent cohorts, suggesting that much of the reported performance

re!ected over"tting to dataset-speci"c characteristics rather than genuine disease signal

extraction. Fewer than 20% of published deep learning models for AD imaging have been

validated on external datasets, and virtually none have undergone prospective clinical

testing.

These challenges stem from several sources. Neuroimaging datasets for AD are rela-

tively small compared to those required to train deep neural networks without over"t-

ting, particularly for complex architectures [171, 103]. Subject-level data leakage can

occur when multiple scans or slices from the same individual appear in both training

and test sets, allowing models to memorize patient-speci"c patterns rather than learning

generalizable disease features [171, 183]. Di#erences in MRI acquisition protocols, scan-

ner manufacturers, "eld strengths, and population demographics across clinical centers

further complicate model generalization by introducing potential model-learned biases

unrelated to diagnostic patterns [183, 74]. Addressing these issues requires careful exper-

imental design including subject-level data splitting, rigorous cross-validation strategies,

independent test sets, and external validation on datasets acquired under di#erent con-

ditions [171, 183]. Reproducibility also demands transparent reporting of preprocessing

steps, hyperparameters, and making code and models publicly available when possible

[171, 103]. Chapter 3 addresses these concerns by adopting a standardized ADNI col-

lection of scans and employing a rigorous and standardized preprocessing pipeline [74].

The study also implements 5-fold cross-validation with strict subject-level data splitting

to prevent leakage, validates the methodology through quantitative XAI metrics aligned

with known AD biomarkers, and provides open-source code for reproducibility. Chapter

4 builds upon this foundation by reusing the same preprocessing pipeline across ADNI,

AIBL, and OASIS-3 datasets, employing consistent 90-10 subject-level train-test splits,

and critically evaluating zero-shot transferability by testing models pre-trained on ADNI

directly on external cohorts through linear probe experiments without "ne-tuning.

1.3.6 From Generative Models to Foundation Models: Unsuper-
vised Representation Learning

Generative models such as GANs [55], VAEs [82], and DDPMs [64] have primarily been

applied to AD research for data augmentation, cross-modality synthesis, and segmen-

tation tasks [1]. While these applications have proven valuable, they have not fully ex-

26



1.3 AI for AD: Landscape and Open Gaps

plored the representation learning capabilities of generativemodels, particularly di!usion-

based frameworks. Recent work on di!usion autoencoders [124] has demonstrated that

di!usion models can learn compact, semantically meaningful representations that enable

controllable image manipulation and attribute-speci"c modi"cations. However, applying

these techniques to high-dimensional 3D MRI data remains computationally prohibitive.

Latent Di!usion Model (LDM)s [133] address this challenge by performing di!usion in

a compressed latent space, dramatically improving e#ciency while maintaining genera-

tion quality.

The key advantage of unsupervised representation learning lies in its ability to use vast

quantities of unlabeled neuroimaging data. Clinical repositories contain millions of brain

MRI scans acquired for diverse purposes: routine health screenings, evaluation of un-

related neurological conditions, or monitoring of diseases other than AD. These scans

typically lack diagnostic labels for AD, making them unsuitable for supervised learning.

However, they capture fundamental aspects of brain anatomy, aging, and anatomical

variability that are relevant across conditions. Unsupervised methods can extract this

knowledge by learning representations that capture the underlying structure of brain

imaging data without requiring task-speci"c annotations. A model pre-trained on such

diverse, unlabeled data can subsequently be adapted to speci"c downstream tasks like

AD diagnosis with minimal labeled examples, following the foundation model paradigm

that has transformed natural language processing and computer vision.

This approach o!ers multiple advantages for AD neuroimaging. First, it amortizes the

computational cost of training across multiple downstream applications. Second, it en-

ables better generalization by learning from diverse data during pre-training, reducing

over"tting to speci"c datasets or diagnostic criteria. Third, it facilitates transfer learning

to data-scarce scenarios, such as rare diseases or small clinical cohorts, by using rep-

resentations learned from larger unlabeled datasets. However, realizing this vision faces

challenges: medical imaging datasets remain orders of magnitude smaller than those used

to train foundation models in other domains, heterogeneity in scanner protocols and ac-

quisition parameters complicates dataset aggregation, and the optimal architectures and

pre-training objectives for 3D medical imaging foundation models remain open research

questions.

Chapter 4 addresses some of the mentioned challenges by introducing Latent Di!usion

Autoencoder (LDAE), a framework that adapts di!usion autoencoders to operate in the

latent space of a pre-trained autoencoder, enabling e#cient unsupervised representation

learning from 3D brain MRI at scale. Trained unsupervisedly on ADNI data, LDAE learns

representations that transfer e!ectively to unseen datasets (AIBL and OASIS-3) and sup-

port multiple downstream tasks (diagnosis, age prediction, interpolation) through sim-
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ple linear probing without model !ne-tuning. Beyond zero-shot transferability, LDAE’s

semantic latent space enables controllable anatomical manipulation for interpretability

(e.g., simulating subject-speci!c disease state changes) and generation of missing inter-

mediate scans in longitudinal series through latent interpolation, providing both analyt-

ical and clinical utility. This multi-task capability and generative "exibility suggest that

di#usion-based representation learning can serve as a foundation for more general neu-

roimaging analysis frameworks, moving beyond task-speci!c predictors toward models

that capture fundamental aspects of brain structure and aging.

1.4 Thesis Structure and Contributions

The remainder of this thesis is organized as follows. Chapter 2 explores handwriting-

based biomarkers as accessible screening tools, employing deep learning to aggregate

predictions across diverse handwriting tasks. Chapter 3 develops an attention-based

framework for neuroimaging that provides both high diagnostic accuracy and clinically

interpretable 3D attention maps validated against established AD biomarkers. Chap-

ter 4 introduces LDAE, an e$cient unsupervised representation learning framework that

demonstrates zero-shot transfer capabilities across datasets and enables applications such

as disease progression simulation and longitudinal scan interpolation. Together, these

contributions span the progression from task-speci!c predictors to explainable diagnos-

tic models to general-purpose representation learning, re"ecting the broader evolution of

AI in medical imaging toward interpretable, reliable, and clinically deployable systems.
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Chapter 2

Handwriting-Based Biomarkers

2.1 Introduction

As introduced in Section 1.3.2, handwriting analysis represents a promising biomarker

for AD diagnosis. While Chapter 1 established the neurobiological foundations of AD and

the documented motor and !ne-motor impairments a"ecting handwriting (Section 1.1.4),

this chapter presents a comprehensive deep learning framework that operationalizes

handwriting as a practical diagnostic tool. The deterioration in handwriting characteris-

tics provides measurable indicators of the cognitive and motor dysfunction characteristic

of AD [165, 80, 88, 109].

Handwriting analysis o"ers several practical advantages over neuroimaging: it is non-

invasive, substantiallymore cost-e"ective, and readily accessible even in resource-limited

settings. Despite growing interest in computational handwriting analysis for neurode-

generative disease detection [26, 172], most research e"orts have concentrated on Parkin-

son’s Disease (PD), bene!ting from established reference datasets [37]. For AD, research

has typically relied on smaller, privately collected datasets and manual feature extraction

methods followed by traditionalML classi!ers [84, 126] or statistical analysis [173]. These

approaches remain limited by manual feature engineering or by individual evaluation of

handwriting tasks. This chapter addresses these limitations through an end-to-end deep

learning approach that automatically learns multi-task hierarchical representations di-

rectly from o#ine handwriting images (scanned paper sheets rather than tablet-based

digital traces).
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Prior work on handwriting-based AD detection has followed a progression from tradi-

tional feature engineering to deep learning approaches. Earlier studies developed com-

prehensive handwriting protocols comprising multiple tasks designed to probe di!erent

cognitive, memory, and motor abilities a!ected by AD [16]. These initial approaches

followed conventional methodologies: extracting manually engineered static and dy-

namic features from tablet-captured handwriting, then applying traditional ML classi-

"ers to evaluate each task independently [20, 17]. Subsequent investigations explored

genetic algorithm-based feature selection to combine predictions from task subsets [15],

and examined CNN-based classi"cation on synthetic images [19, 18]. More recent work

demonstrated the diagnostic value of o#ine scanned images [25], which simpli"ed data

acquisition and enabled retrospective analysis of existing handwritten documents.

Despite these advances, all prior approaches shared a fundamental limitation: each hand-

writing task was evaluated independently by dedicated models, fragmenting the analysis

and failing to leverage synergies across the diverse task spectrum. This chapter addresses

this gap by proposing a uni"ed deep learning framework that trains a single model across

all 25 handwriting tasks simultaneously, ranging from graphic exercises (spirals, loops)

to clock drawing, text copying, dictation, and memory-based writing. As outlined in

Section 1.3.2, no prior work has attempted a comprehensive cross-task representation

learning for handwriting-based AD detection. The hypothesis driving this uni"ed ap-

proach is that shared hierarchical representations learned across heterogeneous hand-

writing activities can capture generalizable AD signatures that transcend individual task

boundaries, while also enabling quanti"cation of task-speci"c diagnostic contributions.

By consolidating all tasks into a single training framework, the model can learn com-

mon AD-related patterns (such as motor control degradation, spatial disorganization, or

cognitive load manifestations) that may remain obscured when tasks are analyzed in iso-

lation.

This chapter makes three primary contributions to AD handwriting-based diagnosis:

1. Comprehensive architectural evaluation: A systematic comparison of modern

CNN architectures (VGG, ResNet, E$cientNetV2, ConvNeXt) and Vision Trans-

formers (ViT, Swin Transformer) identi"es the most e!ective deep learning ap-

proaches for uni"ed multi-task handwriting analysis.

2. Transfer learning paradigm comparison: Investigation of two distinct transfer

learning strategies—task-domain transfer from ImageNet (general image classi"-

cation) versus input-domain transfer from Optical Character Recognition (OCR)

pre-training on handwritten text—testing the hypothesis that domain-speci"c pre-

training on handwritten text (via TrOCR) might o!er advantages over general-
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purpose image pre-training for handwriting-based diagnosis.

3. Multi-stage diagnostic aggregation framework: Development of a three-stage

experimental framework that evaluates individual task contributions, implements

cross-validation with strict subject-level data splitting to prevent leakage, and ag-

gregates predictions across all 25 tasks through majority voting to produce robust

subject-level diagnoses.

The remainder of this chapter is structured as follows: Section 2.2 describes the 25-task

handwriting protocol, dataset characteristics, and the CNN and transformer architectures

evaluated, including the adaptation of TrOCR from OCR to classi!cation. Section 2.3

details the three-stage experimental framework, cross-validation strategy, and evalua-

tion metrics. Section 2.4 presents task-speci!c and subject-level diagnostic performance

across all architectures. Finally, Sections 2.5 and 2.6 discuss implications for clinical trans-

lation, task informativeness, and future directions including the potential for longitudinal

monitoring and retrospective analysis of historical documents.

2.2 Materials and Methods

This section outlines the materials required for proposed investigation, including the

data and Deep Learning (DL) architectures employed. Section 2.2.1 delineates the data

acquisition procedure and the processes used to obtain the o"ine images of handwriting

samples. This image type was selected to represent handwriting since preliminary results

of past activity [25] enhanced the advantages of using such a kind of data. Finally, Section

2.2.2 details the architectures evaluated.

2.2.1 Dataset

Data were acquired considering an experimental protocol [16] comprising 25 handwrit-

ing tasks, designed with the help of physicians to evaluate di#erent abilities that could

be a#ected by AD symptoms. The selected tasks belong to four categories: graphic, copy

and reverse copy, memory, and dictation. Table 2.1 lists the performed tasks and the be-

longing category. The protocol was administered following strict recruiting criteria, with

the support of the geriatric ward’s Alzheimer unit at the "Federico II" hospital in Naples.

In detail, participants underwent clinical assessment and standard cognitive evaluations,

such as the Mini-Mental State Examination (MMSE) [48], Frontal Assessment Battery
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Table 2.1: Description of handwriting tasks administered to participants. Categories:

M = memory and dictation, G = graphic, C = copy.

# Task Description Category

1 Signature drawing M

2 Join two points with a horizontal line, continuously for four times G

3 Join two points with a vertical line, continuously for four times G

4 Retrace a circle (6 cm of diameter) continuously for four times G

5 Retrace a circle (3 cm of diameter) continuously for four times G

6 Copy the letters ’l’, ’m’ and ’p’ C

7 Copy the letters on the adjacent rows C

8 Write recursively a sequence of four lowercase letters ’l’ C

9 Write recursively a sequence of four lowercase cursive bigram ’le’ C

10 Copy the word "foglio" C

11 Copy the word "foglio" above a line C

12 Copy the word "mamma" C

13 Copy the word "mamma" above a line C

14 Memorize the words "telefono", "cane", and "negozio" and rewrite

them

M

15 Copy in reverse the word "bottiglia" C

16 Copy in reverse the word "casa" C

17 Copy words (regular/non-regular/non-words) in boxes C

18 Write the name of the object shown in a picture (a chair) M

19 Copy the !elds of a postal order C

20 Write a simple sentence under dictation M

21 Retrace a complex form G

22 Copy a telephone number C

23 Write a telephone number under dictation M

24 Clock Drawing Test G

25 Copy a paragraph C

(FAB) [69], and Montreal Cognitive Assessment (MoCA) [108]. Participants in the study

were carefully selected to ensure demographic and educational characteristics between

the CN and AD groups were matched, as reported in Table 2.2. Individuals taking psy-

chotropic drugs or substances that could in"uence cognitive abilities were excluded from

both groups. The !nal dataset consisted of 180 individuals, with 90 diagnosed with AD

and 90 CN.

Handwriting samples were acquired using aWACOMBamboo Folio graphic tablet, which

allowed participants to write on standard A4 paper sheets fastened to the tablet’s surface.

The sensor-equipped pen recorded spatial coordinates (x, y), pressure (z), and timestamps
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Figure 2.1: Work!ow diagram of o"ine image dataset generation process.

Table 2.2: Demographic characteristics of study participants. Values represent mean

(standard deviation).

Group Age (years) Education (years) Women Men

AD 71.5 ± 9.5 10.8 ± 5.1 46 44

CN 68.9 ± 12.0 12.9 ± 4.4 51 39

at 200Hz, capturing in-air movements within 3cm from the tablet surface. However, for

this study, only o"ine images obtained from the paper sheets were utilized, disregarding

the dynamic aspects of handwriting. Figure 2.1 shows the generation process of o"ine

images. After the protocol execution, the paper sheets were scanned and saved as .tif

#les, with each frame representing a task. Thus, each framewas extracted and underwent

a segmentation algorithm to isolate the participant’s handwritten trace and saved as a

.png #le. During this dataset construction stage, the segmented traces were normalized

onto a 299 × 299 pixel canvas while ensuring the trace remained centred, minimizing

information loss. This resolution refers to the o"ine dataset preprocessing only; a further

resize to the model input size was applied later during training. The digitized images

accurately re!ect the participant’s handwritten trace, with pixel values representing the

natural grayscale shades of the ink on the paper, in!uenced by both the applied pressure

and the dynamics of the movements. It is worth noting that each of the 180 participants

executed each task only once, yielding a dataset of 4500 images, 180 for each of the 25

tasks.
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2.2.2 ImageNet-Pretrained Networks

One of the investigations aims at comparing the ability of CNNs and ViTs to learn AD

writing patterns. This section brie!y discusses the architecture families chosen for the

analysis and their peculiarities. All the architectures described in this section employed

transfer learning from the ImageNet dataset [30]. The VGG architecture family, devel-

oped in [143], represents a signi"cant advance in deep learning for image recognition

tasks. Characterized by its simplicity and depth, the architecture employs 3x3 convo-

lutions, evenly stacked, to increase the depth of the network without complicating its

structure. The ResNet [61] family, inspired by VGG, introduced the residual block that

enables learning the residual function for identity mapping that mitigates the vanishing

gradient problem. The E!cientNetV2 [155] architecture family pushes the boundaries

of e#ciency through innovative scaling strategies. By intelligently scaling model dimen-

sions, they achieve remarkable accuracy and training speed enhancements, rede"ning

the balance between performance and resource utilization. Transitioning from conven-

tional convolutional designs, ConvNeXt introduces a paradigm shift inspired by Vision

Transformers. In [97], the authors modi"ed the ResNet architecture. They applied a

macro design consisting of changes in the number of layers in each block. They patchi-

"ed the input image with learnable convolution blocks characterized by stride increas-

ing to simulate the ViT patch embedding [35]. These architectural choices show that

purely convolutional architecture can compete with state-of-the-art Vision Transform-

ers. The ViT [35] adapts the original Transformer architecture from Natural Language

Processing to computer vision. The Transformer works with an input that consists of

a sequence of words (or tokens). The authors of ViT generate a sequence by splitting

the input image into non-overlapping patches with a "xed size of 16 × 16 pixels. Each

patch is linearly projected into a "xed-sized space, and a class token is added to the se-

quence of embeddings. The class token enables the condensation of useful classi"cation

features through the self-attention mechanism and the direct connection with the head.

The Swin Transformer family was proposed in [96], employing hierarchical structures

and shifted window mechanisms. These architectural innovations enhance scalability

and e#ciency across a broad spectrum of vision tasks, demonstrating the potential of

Transformer-based models in computer vision applications.

2.2.3 From OCR to Handwriting Alzheimer’s Diagnosis

The chosen architecture is TrOCR presented in [93] and explicitly designed for OCR

tasks. The motivation behind selecting TrOCR for this application stems not only from

its performance, particularly on the Handwriting Dataset IAM Handwriting Database
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Figure 2.2: Modi!ed TrOCR architecture scheme. Encoder retained for feature extraction,

decoder removed, class token and MLP added for classi!cation.

(IAM)[102], but also from an architectural consideration. TrOCR is composed of a vision

Transformer encoder pretrained on handwritten text images and a Transformer decoder

for autoregressive transcription. This makes it a relevant candidate for transfer learn-

ing in our setting because the encoder is expected to learn handwriting-aware visual

representations, such as stroke shape, local character structure, spacing, and writing reg-

ularity, which are closer to our input domain than generic natural-image features. The

Transformer Encoder is responsible for processing the input image. As in ViT, the en-

coder processes a sequence of tokens representing patch embeddings extracted from the

handwritten text image and builds a global representation through self-attention. The

Transformer Decoder instead uses the encoded representation to generate the output

text one character or token at a time. This sequence-generation mechanism is essential

for OCR, but it is not required for our task, where the objective is a single image-level

decision rather than text transcription. As shown in Figure 2.2, the encoder is therefore

retained as the feature extractor and converted to a ViT-like classi!er by removing the

decoder. A class token is added to the input token sequence, and its !nal representation

is fed to an Multi-Layer Perceptron (MLP) classi!cation head responsible for the diag-

nosis. In this way, the architecture preserves the handwriting-specialized encoder while

replacing the transcription-oriented output module with a binary classi!cation head.
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Figure 2.3: Overview of the Experimental Approach for Diagnosing AD Using DLModels

on Handwriting Images. This !gure illustrates the three-step process, starting with the

training of various models using a 5-fold cross-validation method (First Stage), followed

by the evaluation of task-speci!c accuracy (Evaluation Stage), and concluding with the

aggregation of task-speci!c outcomes for individual diagnoses through the majority vot-

ing (Combining Rule).

2.3 Experimental Approach

In order to evaluate DL models’ ability in identifying AD from task-speci!c text images

derived from handwriting work, a structured three-stage approach was adopted. The

emphasis was placed on ensuring the comparability and reliability of the chosen convo-

lutional and vision transformer models through a meticulous cross-validation process.

Figure 2.3 presents an overview of the complete experimental framework, comprising

three main phases: the First Stage, the Evaluation Stage, and the Combining Rule. Each

of these phases is elaborated upon in detail within this section.

The First Stage involved training the selected DL models on the entire dataset, which

included o"ine images of di#erent subjects engaged in speci!c writing tasks designed

to reveal the presence of AD. The goal was to re!ne the models to produce robust fea-

ture representations that accurately mirrored AD-related patterns in handwriting. To

enable a fair comparison between the models and enhance their ability to generalize, a 5-

fold cross-validation technique was adopted. This approach entailed dividing the dataset

into !ve distinct segments, ensuring each segment acted as a test set in one iteration
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and as part of the training/validation sets in the others. To prevent data leakage and

preserve the integrity of our evaluation, all writing tasks from the same subjects were

assigned exclusively to one of the training, validation, or test sets. Thus, no subject’s

data was shared across the sets. The data was subjected to an 80-20 split within each

fold for training/validation and testing, respectively. The 80% portion allocated for train-

ing/validation was divided using an 80-20 ratio. Consequently, 64% of the total dataset

was used for training purposes, 16% for validation, and 20% for testing. This structured

division ensured that the generalization ability of each model was thoroughly assessed.

In the second phase, the models trained in the !rst stage were evaluated, emphasising

task-speci!c predictions. A task-wise evaluation was established by structuring the pre-

dictions in a matrix format, with subjects delineated by rows and tasks by columns. This

method facilitated the calculation of metrics for each task against the ground truth. Such

an evaluation not only quanti!ed the contributory value of individual tasks toward AD

diagnosis but also allowed for an assessment of metric uniformity across tasks. From this

analysis, two critical aspects were derived: the unique contribution of each task to the

AD diagnostic process and potential insights into whether combining tasks could lead to

more accurate and robust AD diagnoses.

The !nal step involved aggregating the results from the individual tasks based on the test

set predictions to produce a !nal diagnosis for each subject. The aggregation of predic-

tions across all tasks leveraged the complete information spectrum, thereby maximizing

diagnostic accuracy. This integrated approach maximized comprehensiveness by utiliz-

ing all available subject data. Steps 2 and 3 relied exclusively on test set portions of each

fold, thereby ensuring generalization to unseen data.

2.3.1 Experimental settings

We employed an AdamW optimizer with weight decay 10
−2 and used a batch size of 32.

During training, the images were resized to 224 × 224, which corresponds to the input

resolution required by the pretrained models used in our experiments. Therefore, the

299 × 299 resolution described above refers to the standardized dataset preprocessing

stage, whereas 224× 224 is the !nal model-input size adopted for transfer learning. We

chose a learning rate of 10−3 and trained all the models for 100 epochs, using an early

stopping strategy with a patience of 15 epochs. The loss function used was the binary

cross entropy.

This study uses Accuracy, Sensitivity, Speci!city, and Matthews Correlation Coe"cient

(MCC) as performance metrics. Accuracy is a classi!er’s most common performance
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measure, consisting of the percentage of correctly classi!ed samples over the total. MCC

[14] is a correlation coe"cient between prediction and true label; it provides a more

informative and truthful score than accuracy when evaluating binary classi!cations, al-

lowing a more realistic interpretation of classi!er performance, especially in the case of

unbalanced datasets. Sensitivity and speci!city serve as critical metrics for evaluating

the diagnostic accuracy of our model, highlighting its ability to correctly identify AD

cases and CN, respectively.

2.4 Results

In Table 2.3, we provide the results of the !rst stage of the experimental study. It can

be observed that the architectures used reach an average Accuracy of approximately

74%, with the metrics calculated as the mean of a 5-fold cross-validation. Speci!cally,

ConvNextSmall reaches 79.21% Accuracy and 82.32% Sensitivity. On the other hand, the

VGG19 achieves 78.84% of Speci!city, and ConvNextTiny obtains 57.88% of MCC. This

achievement indicates that the architectures can discern the handwriting pattern of sub-

jects with AD from those of CN.

Table 2.3: Performance comparison of CNN and Transformer models in the !rst stage.

Values represent mean (standard deviation) across folds. Best results are highlighted in

bold.

Model Accuracy (%) Speci!city (%) Sensitivity (%) MCC (%)

VGG16 74.56 ± 4.35 74.61 ± 9.34 73.78 ± 5.76 48.59 ± 9.70

VGG19 75.48 ± 3.41 78.84 ± 7.18 71.83 ± 6.14 50.90 ± 7.34

ResNet50 70.74 ± 2.29 78.04 ± 8.35 64.08 ± 6.18 42.72 ± 5.61

ResNet101 71.45 ± 3.39 77.46 ± 6.80 65.35 ± 5.99 43.19 ± 7.35

E"cientNetV2M 72.50 ± 4.69 74.35 ± 9.01 70.28 ± 6.88 44.86 ± 10.00

E"cientNetV2S 73.05 ± 3.22 77.41 ± 9.46 68.52 ± 6.45 46.43 ± 7.62

ConvNextTiny 78.83 ± 2.65 77.96 ± 7.18 79.41 ± 8.57 57.88 ± 5.32

ConvNextSmall 79.21 ± 3.39 74.66 ± 8.38 82.32 ± 7.47 57.82 ± 7.64

ConvNextBase 78.03 ± 4.55 76.80 ± 10.88 78.01 ± 8.00 55.42 ± 10.12

VitB16 70.10 ± 3.82 73.85 ± 9.60 66.47 ± 9.53 40.88 ± 7.95

SwinV2B 77.61 ± 2.75 79.62 ± 5.99 75.70 ± 8.85 55.69 ± 5.23

SwinV2S 76.86 ± 2.95 74.66 ± 11.44 78.68 ± 9.18 54.36 ± 5.34

SwinV2T 77.13 ± 2.31 74.92 ± 5.61 78.44 ± 6.95 53.82 ± 5.00

TrOCR-Small-Hand 67.53 ± 2.73 76.29 ± 6.01 59.57 ± 5.22 36.36 ± 5.20

TrOCR-Base-Hand 66.02 ± 3.04 77.98 ± 10.85 55.47 ± 12.62 35.10 ± 5.32
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Figure 2.4: Accuracy comparison of CNN models across 25 tasks.

Figure 2.4 and Figure 2.5 provide an analysis of the performance across the pool of tasks

for CNN and Vision Transformer architectures, respectively. We can observe that in

both graphs, there is a large variability in performance in terms of accuracy depending

on the task. For instance, Tasks 8 and 9, which have higher performance, independently

of the family of the architecture used, have higher accuracy and demand higher levels

of cognitive processing and motor coordination. Instead, Tasks 1, 7, 20, and 25, which

require minimal cognitive e!ort and "ne motor skills, demonstrated signi"cantly lower

performance. These likely o!er fewer distinctive features for the architectures to learn

from, leading to a diminished capacity to di!erentiate between AD and CN. Table 2.4

illustrates the performance achieved by the architecture for each designated task, high-

lighting a distinct prevalence of ConvNext over other architectures. From the results,

we see that ConvNextSmall reached 86.19% accuracy and 72.20% of MCC in task 9, and

86.69% speci"city in task 10, while ConvNextTiny reached 89.69% of sensitivity in task

14.

Table 2.5, obtained through majority voting rule, shows that ConvNextSmall has the best

overall performance with an Accuracy of 87.99% and MCC of 76.75%, showcasing a re-

markably high Sensitivity of 89.69%, indicating its superior ability to identify AD subjects.

Its performance is balanced, excelling in both sensitivity and MCC. This suggests that it

can e!ectively handle both AD and CN classi"cations. ResNet50 exhibits the highest

Speci"city of 92.06%, indicating a greater ability to identify CN subjects. However, its

41



CHAPTER 2. Handwriting-Based Biomarkers

Figure 2.5: Accuracy comparison of Transformers models across 25 tasks.

lower Sensitivity 67.97%, and MCC 62.09% suggest that it may not be as e!ective at iden-

tifying AD subjects as other models. From the Vision Transformer architecture family,

the SwinV2T performs well with an Accuracy of 85.54% and MCC of 71.53%. These mod-

els show a good balance between Sensitivity and Speci"city, indicating their robustness

in diagnosis but worse than ConvNextSmall. Variability across models is notable, with

standard deviations indicating that some models (e.g., ConvNextBase, E#cientNetV2M)

exhibit more variation in their performancemetrics across folds. This variabilitymight be

due to di!erences in how models handle the intrinsic complexities and variations within

the AD vs CN classi"cation task. The TrOCRmodels show lower performance than other

models in Table 2.5. Transfer learning from ImageNet has proven to be more e!ective. It

can be assumed that for this speci"c analysis, a transfer of knowledge from task domains,

e.g. classi"cation task, is more valuable rather than input data domain, e.g. handwritten

text images.

Table 2.6 presents the performance metrics for the best models, freezing a subset of the

model’s layers during training, which can assist in preventing over"tting and enhancing

performance. ConvNextSmall achieves its peak accuracy of 84.44% when employing 25%

freezing. However, this performance falls short of the 87.99% accuracy it attains without

implementing any freezing technique. Conversely, the SwinV2T model shows improved

performance with 50% freezing, achieving an accuracy of 86.15% and an MCC of 72.30%.

This is higher than its non-frozen performance (85.54% accuracy and 71.53% MCC), indi-
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Table 2.4: Top-performing model for each task ranked by accuracy. Values represent

mean (standard deviation) across folds.

Task Best Model Accuracy (%) Speci!city (%) Sensitivity (%) MCC (%)

1 ConvNextBase 75.29 ± 7.57 72.67 ± 17.78 76.59 ± 11.94 51.02 ± 15.09

2 SwinV2S 82.55 ± 9.38 78.96 ± 10.22 85.83 ± 8.66 65.04 ± 18.50

3 ConvNextSmall 83.78 ± 6.43 80.44 ± 7.64 86.21 ± 9.11 67.23 ± 13.32

4 ConvNextSmall 83.17 ± 8.59 79.65 ± 14.71 85.91 ± 13.69 66.37 ± 17.83

5 SwinV2B 84.37 ± 7.44 83.31 ± 10.30 85.19 ± 8.34 68.90 ± 15.55

6 ConvNextTiny 81.94 ± 4.70 80.13 ± 10.35 82.89 ± 11.77 64.16 ± 9.56

7 ConvNextBase 70.48 ± 3.94 71.77 ± 16.21 67.43 ± 16.11 40.63 ± 9.15

8 ConvNextTiny 83.19 ± 6.68 86.10 ± 9.46 80.76 ± 13.41 67.35 ± 12.65

9 ConvNextSmall 86.19 ± 6.47 85.79 ± 5.39 86.32 ± 8.92 72.20 ± 13.05
10 ConvNextSmall 82.55 ± 3.81 86.69 ± 6.20 78.25 ± 8.98 65.45 ± 7.51

11 ConvNextTiny 82.57 ± 6.02 85.23 ± 10.31 79.58 ± 12.07 65.54 ± 12.10

12 ConvNextTiny 81.39 ± 8.11 83.45 ± 8.60 79.42 ± 21.25 64.52 ± 14.72

13 ConvNextTiny 81.39 ± 6.54 81.09 ± 6.23 81.94 ± 13.83 63.38 ± 12.61

14 ConvNextSmall 79.50 ± 5.05 66.51 ± 19.05 89.69 ± 8.66 59.63 ± 11.46

15 ConvNextBase 82.57 ± 7.70 74.54 ± 14.57 88.62 ± 8.97 64.83 ± 17.03

16 ConvNextBase 82.00 ± 7.68 78.31 ± 4.73 85.85 ± 13.13 64.12 ± 15.26

17 VGG19 80.20 ± 10.54 78.96 ± 17.90 82.24 ± 8.97 61.39 ± 20.57

18 ConvNextTiny 83.73 ± 3.50 78.83 ± 10.73 87.40 ± 2.96 67.00 ± 7.92

19 ConvNextSmall 82.53 ± 10.79 77.13 ± 14.89 86.75 ± 9.19 64.27 ± 23.15

20 VGG19 74.10 ± 3.40 84.35 ± 8.98 64.79 ± 6.95 50.21 ± 7.59

21 SwinV2T 80.71 ± 5.54 74.31 ± 4.33 85.76 ± 10.82 61.44 ± 10.82

22 ConvNextBase 80.73 ± 5.87 78.18 ± 18.05 81.37 ± 8.50 60.79 ± 13.18

23 ConvNextTiny 79.52 ± 3.94 75.65 ± 12.96 83.12 ± 8.86 59.82 ± 8.02

24 SwinV2B 80.71 ± 6.67 81.73 ± 10.91 80.12 ± 12.12 62.46 ± 12.61

25 ConvNextBase 72.87 ± 8.09 70.81 ± 15.21 73.85 ± 6.29 44.78 ± 17.83

cating that freezing half of the layers helps better adapt to the task. The TrOCR-Small-

Hand model exhibits similar behaviour, showing a 6.63% accuracy improvement in 75%

freezing setting. The VitB16 model performed better with 25% freezing, but this is still

lower than its non-frozen setting (81.34% vs 77.70% accuracy), suggesting that this model

bene!ts from having more trainable parameters for this speci!c task. Overall, these re-

sults demonstrate that the impact of freezing varies across di"erent model architectures.

While some models like SwinV2T and TrOCR-Small-Hand bene!t from freezing, oth-

ers like ConvNextSmall and VitB16 perform better when more layers are trainable. It’s

also worth noting that even with freezing, ConvNextSmall and SwinV2T remain the top-

performing models, consistent with the initial results.
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Table 2.5: Performance comparison of CNN and Transformer models using majority vot-

ing. Values represent mean (standard deviation) across folds. Best results are highlighted

in bold.

Model Accuracy (%) Speci!city (%) Sensitivity (%) MCC (%)

VGG16 82.57 ± 8.11 85.02 ± 11.98 79.69 ± 8.94 65.01 ± 17.04

VGG19 84.37 ± 3.35 91.99 ± 5.24 77.15 ± 9.23 70.09 ± 5.56

ResNet50 79.50 ± 2.39 92.06 ± 7.45 67.97 ± 8.41 62.09 ± 4.64

ResNet101 78.93 ± 7.61 90.16 ± 10.74 67.73 ± 11.99 59.84 ± 15.39

E!cientNetV2M 80.73 ± 8.89 86.63 ± 13.87 74.76 ± 10.46 62.56 ± 18.45

E!cientNetV2S 78.31 ± 5.89 87.73 ± 10.86 69.20 ± 9.48 58.55 ± 12.37

ConvNextTiny 87.38 ± 5.78 88.46 ± 10.19 86.59 ± 13.30 76.38 ± 10.70

ConvNextSmall 87.99 ± 5.30 85.15 ± 9.90 89.69 ± 13.06 76.75 ± 10.63

ConvNextBase 86.17 ± 8.65 87.37 ± 13.44 84.01 ± 12.28 72.60 ± 18.09

VitB16 77.70 ± 9.72 86.63 ± 10.46 69.42 ± 21.85 58.40 ± 16.42

SwinV2B 84.94 ± 5.07 89.63 ± 8.20 80.70 ± 11.98 71.36 ± 9.51

SwinV2S 83.74 ± 3.59 83.08 ± 12.53 84.30 ± 12.29 69.26 ± 7.26

SwinV2T 85.54 ± 1.18 86.89 ± 7.01 84.04 ± 6.86 71.53 ± 2.75

TrOCR-Small-Hand 71.66 ± 6.63 87.95 ± 8.26 57.23 ± 11.58 47.86 ± 11.38

TrOCR-Base-Hand 71.00 ± 11.54 90.16 ± 11.36 53.85 ± 20.86 48.17 ± 19.91

Table 2.6: Impact of layer freezing on model performance. Values represent mean (stan-

dard deviation) across folds. Best results for each model are highlighted in bold.

Model Freezing Accuracy Speci!city Sensitivity MCC

(%) (%) (%) (%) (%)

ConvNextSmall

25 84.44 ± 9.30 82.06 ± 7.95 86.41 ± 13.11 69.05 ± 19.04

50 82.55 ± 5.13 89.48 ± 6.50 76.27 ± 12.90 67.06 ± 9.13

75 83.16 ± 4.82 83.84 ± 13.00 81.90 ± 11.53 67.08 ± 11.06

VitB16

25 81.34 ± 6.71 80.01 ± 10.94 82.04 ± 10.70 62.81 ± 14.39

50 77.11 ± 5.60 88.17 ± 9.65 67.57 ± 13.57 57.76 ± 11.07

75 77.13 ± 5.51 86.92 ± 11.19 68.40 ± 11.93 57.11 ± 10.60

SwinV2T

25 82.55 ± 6.41 84.94 ± 14.67 79.28 ± 17.37 67.22 ± 12.94

50 86.15 ± 5.60 82.16 ± 14.88 88.54 ± 8.45 72.30 ± 11.91

75 82.55 ± 9.23 81.34 ± 12.02 83.01 ± 12.76 65.21 ± 19.20

TrOCR-Small-Hand

25 77.13 ± 8.19 85.83 ± 16.42 68.02 ± 12.14 56.08 ± 17.52

50 75.29 ± 7.03 86.94 ± 17.19 63.01 ± 12.62 53.44 ± 15.87

75 78.29 ± 7.58 71.62 ± 7.92 84.36 ± 11.35 57.08 ± 16.40
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2.5 Discussions

Our experimental results support the relevance of each stage of the proposed frame-

work. Compared with prior handwriting-based AD studies, where tasks were typically

analyzed separately and only later compared or combined [20, 17, 15, 19, 18], the uni!ed

setting adopted here suggests that aggregating information across tasks can improve ro-

bustness at the subject level. Subsequently, in the second stage, we aggregated results

by task, unveiling the varying signi!cance of di"erent tasks for our research objectives.

Lastly, the third stage integrated a majority voting rule applied to predictions from the

same patient, supporting the idea that combining classi!cations across multiple tasks

can enhance patient-level diagnostic accuracy. We evaluated and compared various ar-

chitectures belonging to two distinct families: CNNs and Vision Transformers. Among

the architecture families tested, ConvNext exhibited superior performance compared to

other CNNs and Vision Transformers. Speci!cally, ConvNextSmall demonstrated better

performance in Accuracy and Sensitivity, a crucial metric in the medical domain, indi-

cating the proportion of correctly identi!ed patients a#icted by a disease. Moreover, we

explored the feasibility of transferring knowledge from OCR to AD recognition tasks.

However, this approach achieved signi!cantly lower performance compared to the best

method, likely re$ecting a domain mismatch between OCR-oriented pre-training and

handwriting analysis for neurodiagnostic purposes. TrOCR is speci!cally designed to

extract and interpret textual content from images [93], whereas AD-related handwriting

alterations are more closely related to neuromotor and spatial abnormalities than to text

transcription itself [165, 88, 109]. At the same time, this clinical interpretation should be

made cautiously, especially in elderly cohorts, because handwriting degradation is not

speci!c to cognitive decline. Age-related factors such as arthritis, reduced manual dex-

terity, tremor, visual impairment, or other motor comorbidities may also a"ect written

traces and therefore act as confounders. In this study, these factors were not modeled

explicitly and should be regarded as a limitation of the biomarker rather than implicitly

attributing all performance di"erences only to AD-related cognitive impairment. From

the second experiment, we underscored the variability in task performance within the

handwriting protocol, independent of the architecture considered. Some tasks appear

more informative than others, particularly those designed to engage multiple cognitive

and motor functions, in line with the clinical rationale of the original protocol [16]. By

contrast, simpler copy tasks that require less cognitive e"ort tended to obtain worse per-

formance. This !nding suggests that future re!nements of the protocol could focus on

the most discriminative tasks when combining predictions.
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2.6 Conclusions

In this chapter, we presented a non-invasive and relatively low-cost approach that could

support broader AD screening work!ows through o"ine handwriting analysis [165, 25,

126]. By combining predictions across multiple tasks, the framework provides a subject-

level assessment rather than an isolated task-wise evaluation.

Besides the encouraging results, several directions for further analysis remain open. In

particular, because the system relies on o"ine data scanned from paper sheets, additional

handwritten material could be incorporated relatively easily, which may be especially

bene#cial for more data-hungry architectures such as transformers. Moreover, collect-

ing repeated handwriting samples would allow future work to evaluate whether this type

of marker can also support longitudinal monitoring of cognitive-motor changes, a possi-

bility already discussed in the handwriting literature [165, 173].

Finally, the use of scanned handwritten documents as the primary o"ine source also

opens the possibility of retrospective analyses on previously collected material, consis-

tent with prior work showing the feasibility of deep learning on o"ine handwriting im-

ages [25]. These broader applications remain to be validated on larger and more hetero-

geneous cohorts.
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Chapter 3

Interpretable Alzheimer’s

Diagnosis with Deep Learning

3.1 Introduction

Having established the clinical foundations of AD and the central role of structural MRI

as a non-invasive biomarker in Chapter 1, this chapter addresses a critical challenge in

AI-based neuroimaging analysis: achieving high diagnostic accuracy while maintaining

clinical interpretability with limited training data. As discussed in Section 1.3.3, exist-

ing DL approaches for MRI analysis face a fundamental trade-o! between computational

feasibility and spatial context preservation. 3D CNNs can capture global patterns of neu-

rodegeneration but su!er from computational expense and limited transfer learning op-

portunities due to the scarcity of pre-trained models [7, 45, 83]. 3D patch-based methods

reduce computational demands but restrict the model’s "eld of view, potentially missing

inter-regional relationships [127, 115]. Conversely, 2D slice-based methods enable e#-

cient transfer learning from ImageNet-pretrained models and o!er computational advan-

tages, but inherently fragment the brain into independent slices, losing crucial inter-slice

relationships that encode 3D spatial patterns [81, 169, 170].

Recent work has attempted to bridge this gap by incorporating attention mechanisms

and transformer architectures to model inter-slice dependencies. The Attention Trans-

former model in [3] employs cross-attention between a central slice and surrounding

slices to fuse volumetric information, while Conv-Swinformer [65] uses Swin Trans-
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CHAPTER 3. Interpretable Alzheimer’s Diagnosis with Deep Learning

former blocks to establish semantic connections across planar features. However, as

discussed in Section 1.3.4, these transformer-based approaches face overparameteriza-

tion challenges when applied to limited medical datasets, increasing over!tting risk and

undermining generalizability. Furthermore, most proposed methods rely on post-hoc ex-

plainability techniques such as GradCAM [141] that produce inconsistent saliency maps

with limited clinical speci!city, failing to reliably identify the neuroanatomical regions

characteristic of AD described in Section 1.2.3 [145, 161, 166].

AD CN

3D Attention Map

Original 3D MRI Explainable 3D MRI

Diagnosis and XAI network
Diagnosis and XAI network

Diagnosis and XAI network

!"

Figure 3.1: Schematic representation of the proposed diagnostic framework. The Diag-

nosis and XAI framework processes a 3D sMRI brain image to generate two key outputs:

three diagnosis networks identifying the condition as either AD or CN from the three

possible slicing axes and a corresponding 3D attention map that can be overlapped to the

input image to visually highlight the brain regions the network focuses on to derive its

diagnosis.

This chapter discuss AXIAL (Attention-based eXplainability for Interpretable Alzheim-

er’s Localized diagnosis), a parameter-e"cient framework that addresses these limita-

tions through multi-plane attention fusion and learnable explainability. As illustrated in

Fig. 3.1, AXIAL analyzes MRI scans across three orthogonal slicing planes (sagittal, coro-

nal, and axial), training separate 2D CNN-based networks with attention mechanisms for

each orientation. Unlike transformer-based approaches that require extensive parame-

terization for cross-attention or self-attention operations, AXIAL employs lightweight

attention modules that learn to weight spatial regions within each plane independently,

then synthesizes these plane-speci!c attention maps into a uni!ed 3D voxel-level rep-
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resentation. This design leverages the transfer learning advantages of 2D architectures

while reconstructing volumetric context through attention fusion, maintaining compu-

tational e!ciency suitable for limited-data medical scenarios.

The framework produces two key outputs: a diagnostic prediction and a 3D attention

map that, when overlaid on the original scan, generates an explainable MRI highlight-

ing diagnostically relevant brain regions. Critically, AXIAL introduces a quantitative

evaluation approach for XAI that measures the alignment between model-generated at-

tention maps and established neuroanatomical biomarkers of AD such as hippocampal

atrophy, entorhinal cortex degeneration, and ventricular enlargement. This validation

against known disease signatures, rather than relying solely on qualitative visual inspec-

tion, provides evidence that the model focuses on clinically meaningful features consis-

tent with the pathophysiological mechanisms discussed in Chapter 1.

The speci"c contributions of this chapter are summarized as follows:

1. A novel slice-based classi"cation framework with integrated attention-based XAI

that highlights brain regions highly correlated with AD without sacri"cing diag-

nostic performance, achieving competitive accuracy even with small standardized

datasets through e!cient transfer learning.

2. Investigation of a double transfer learning strategy for distinguishing between sta-

ble MCI (sMCI) and progressiveMCI (pMCI), demonstrating how knowledge trans-

fer from an AD vs CN task enhances model sensitivity to subtle morphological

changes indicative of early-stage disease progression.

3. Comprehensive evaluation using a standardized subset of ADNI [176] with rigor-

ous subject-level data splitting and reproducible preprocessing pipelines, address-

ing the methodological concerns regarding data leakage and reproducibility dis-

cussed in Section 1.3.5. The complete framework implementation is publicly avail-

able at https://github.com/GabrieleLozupone/AXIAL.git.

4. A quantitative approach to measure the importance of speci"c brain regions in

model decision-making, enabling systematic validation of XAI outputs againstmed-

ical knowledge about AD neuroanatomy and facilitating clinical trust in model

predictions.

The remainder of this chapter is organized as follows: Section 3.2 reviews related work

on DL-based AD analysis with particular focus on slice-based approaches and current

XAI challenges. Section 3.3 describes the standardized ADNI dataset and preprocessing

pipeline employed. Section 3.4 details the AXIAL framework architecture, including the
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CHAPTER 3. Interpretable Alzheimer’s Diagnosis with Deep Learning

multi-plane diagnosis networks, attention fusion mechanism, and XAI approach. Sec-

tion 3.5.1 presents experimental settings, diagnostic results across multiple classi!cation

tasks, and both qualitative and quantitative XAI validation. Section 3.6 discusses key

!ndings, compares AXIAL to transformer-based alternatives, and examines limitations.

Section 3.7 concludes with a summary of contributions and implications for clinical de-

ployment. The attention-based representation learning developed in this chapter will

later inform the unsupervised latent space analysis in Chapter 4, where di"usion models

learn semantic representations without diagnostic labels.

3.2 Related work

As anticipated in Sections 1.3.3 and 3.1, DL-based analysis of MRI images to diagnose

and predict AD can be divided into three broad categories: (i) approaches that use 3D

CNNs to analyze the entire 3D volume, (ii) approaches that analyze 3D patches from the

whole 3D volume, and (iii) approaches that classify 2D slices. The following subsections

report recent research activities belonging to these categories. Furthermore, we discuss

the current challenges and issues in DL-based AD analysis, focusing on reliability and

interpretability.

3.2.1 3D CNNs

In [7], the authors propose a fully convolutional 3D CNN model replacing typical max-

pooling operations with standard convolution layers and test the model to distinguish

AD, pMCI and sMCI from the entire subject’s brain MRI scan. The results presented

in [45] show that an MRI-based 3D CNN outperforms other neuroimaging biomarkers

of neurodegeneration in prodromal AD and also outperforms amyloid or tau pathol-

ogy biomarkers. More sophisticated approaches introduce attention mechanisms into 3D

CNNs, e.g., the study presented in [78] investigates a novel attention-based 3D ResNet

architecture to diagnose AD and explore potential biological markers. Also, a novel

Attention-based 3D Multi-scale CNN model was proposed in [175] to capture better and

integrate multiple spatial-scale features of AD. These approaches are very promising and

comprehensive since analyzing the entire volume allows the extraction of global infor-

mation on a spatial scale, unlike techniques based on conventional 2D CNNs. However,

they are computationally expensive and require a large dataset during the training phase

to generalize well. Furthermore, given the scarcity of pre-trained models, this problem

cannot be easily addressed with a transfer learning strategy [83].
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3.2.2 3D Patch-based

One way to reduce the computational cost and the over!tting risk of 3D CNN-based

approaches consists of reducing the model inputs. For this reason, several approaches

have been proposed to analyze 3D patches extracted from MRI scans. In [127], the au-

thors present a novel computationally e"cient patch-level training strategy to train a

3D CNN. They developed a 3D CNN model for the AD classi!cation task, using ran-

dom subvolumes of MRI scans as training data. This model generates patient-speci!c

disease probability maps that are used to train a Multi-Layer Perceptron (MLP) to distin-

guish between AD and CN subjects. On the other hand, in [115], the authors introduce a

framework that utilizes a 3D CNN to extract local features from 3D patches in brain MRI

scans, forming the basis for patch-level responses. These responses are then processed

through a dual-branch approach, combining patch classi!cation and location identi!ca-

tion. These methods enhance computational e"ciency by focusing on patches of the 3D

volume rather than processing the entire volume. However, the capacity for recognizing

and learning global-level patterns within the data is limited. Moreover, the encoding pro-

cess for 3D patches relies on 3D CNNs and restricts the application of transfer learning

strategies.

3.2.3 2D Slice-level

An alternative to 3D CNNs are the more widespread 2D CNNs. Given the 3D nature

of the input, to use 2D CNNs, 2D images must be extracted from the MRI image. This

process is commonly known as slicing. Slicing can be performed according to one of the

three planes of the MRI brain scan: (i) axial, (ii) coronal, and (iii) sagittal [188].

In [169], the authors propose an eight-layer custom CNN with leaky recti!ed learning

units to classify single-slice MRI images. Recently, the work presented in [10] investi-

gates the ability of di#erent CNN and Transformer-based models to classify single slices

selected from MRI with a mechanism based on Shannon entropy. Although using 2D

CNNs for straightforward classi!cation of 2D images is a standard practice, this method

is insu"cient for making direct predictions about an individual patient. To achieve ac-

curate subject-level predictions, it is necessary to integrate results from multiple-slice

analyses.

The study presented in [81] introduces an ensemble learning architecture based on 2D

CNNs, using amulti-model andmulti-slice ensemble, inwhich themajority voting scheme

is used to merge the multi-slice decisions of each model. In [86], the authors use a fusion
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transformer block to merge the outputs of a ViT [36] and a GFNet [130], both pre-trained

on ImageNet. The proposed approach allows them to correlate features extracted from

spatial and frequency domains, but predictions are made at the slice level. Thus, they

are combined using a majority voting approach to make a decision at the subject level.

Classifying each slice independently and then using majority voting eliminates the op-

portunity to learn patterns and features that span across slices.

To overcome this limitation, [3] introduced the Attention Transformermodel. This model

comprises a VGG-16 as a Base Network and a Transformer Unit. The Base Network ex-

tracts feature representations from each brainMRI image slice. Unlike Transformer archi-

tecture that generates a new representation of the input sequence through self-attention,

the Transformer Unit performs a cross-attention operation. This operation consists of

considering as Query the feature map relating to the central slice of the 3D volume and

as Key and Value the feature maps of the others. This method allows the fusion of in-

formation from the entire volume, capturing the interrelationships between the central

and surrounding slices. Similarly, [65] proposed the Conv-Swinformer architecture con-

sisting of a CNN and a Transformer encoder module. The CNN module summarizes

the planar features of the MRI slices, and the Transformer module establishes semantic

connections in 3D space for these planar features. In this case, the Transformer encoder

comprises four Swin Transformer blocks that perform self-attention operations on multi-

ple windows extracted from the feature maps sequence. However, the reliance on cross-

attention or self-attention in Transformer-based models, as suggested in [3, 65], poses

challenges in medical scenarios with limited datasets. The extensive parameterization

inherent in these mechanisms increases the risk of over!tting when training on smaller

and often imbalanced medical datasets. This undermines the model’s generalizability to

new data, crucial in medical diagnostics.

The overparameterization problem can be addressed using less complex self-attention

variants to build lightweight architectures. In the study [167], the authors proposed a di-

agnosis network composed of two innovative modules in combination with basic ResNet

blocks. The !rst is the slice-aware module designed to interpret important slices and re-

gions. This module performs self-attention between coded sections in an optimized way

to be more parameter e"cient. The second is the slice-shift module, which allows joint

inter- and intra-slice modelling to exchange information with neighbouring slices.

3.2.4 Challenges in DL-Based AD Analysis

Despite the potential of DL in AD diagnosis and prognosis using MRI images, several

critical issues undermine the reliability and reproducibility of the !ndings. Furthermore,
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the "black box" nature of DL impacts clinical con!dence and transparency of model de-

cisions.

This subsection provides an analysis of the challenges in the AD analysis in terms of

reliability, reproducibility and XAI.

Reliability and Reproducibility: Recent reviews [170, 188] highlight several reliabil-

ity and reproducibility issues in DL-aided AD MRI analysis:

• Wrong Data Split: Data leakage due to incorrect data splitting is recurring. When

datasets are not split at the subject level, data from the same subject may appear

in both training and test sets, leading to overestimated model performance. This

problem is particularly pronounced in patch or slice-based approaches [170].

• Late Split in Data Processing: Data processing steps such as data augmentation

and feature selection must be conducted post-data splitting to avoid contamination

of the test set. If these steps involve test data, it biases the model, rendering the

evaluation unreliable [170].

• Biased Transfer Learning: Transfer learning, while bene!cial, can introduce

bias, particularly when the source and target domains overlap. For instance, us-

ing a network pre-trained on an AD vs CN task for an MCI vs CN task can cause

bias if the CN subjects overlap in both tasks’ training or validation sets [170].

• Absence of an Independent Test Set: The integrity of model evaluation is com-

promised if the test set is used for any purpose other than !nal performance eval-

uation. Hyperparameter optimization must rely on a separate validation set. The

absence of an independent test set in some studies leads to in"ated performance

metrics [170].

• Di!erences in Diagnostic Criteria: Variability in diagnostic criteria for AD

across di#erent studies creates inconsistencies in ground truth labeling. This vari-

ability complicates the comparison of results across studies and hampers the de-

velopment of universally applicable models [188].

• Lack ofReproducibility: A signi!cant challenge in the!eld is the non-availability

of frameworks and models for public use. Without access to open-source code

and detailed implementation procedures, reproducibility is hampered. This lack of

transparency a#ects the ability to validate and build upon existing work [188].
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Furthermore, [170] highlights that the prevalent use of the 2D slice approach in AD anal-

ysis is often associated with a series of methodological problems. In particular, the au-

thors highlight that among the numerous studies using this approach, only a few have

successfully addressed the abovementioned challenges. This fact underlines the need for

rigorous methodological standards in the !eld.

In response to these challenges, the framework discussed in this chapter was carefully de-

veloped to avoid common weaknesses identi!ed in previous studies. Section 3.5.1 details

the data splitting for model selection and data augmentation used for this study. Section

3.4.2 outlines the double transfer learning strategy investigated. To ensure reproducibil-

ity, we provide an open-source repository with all necessary code and implementation

procedures at https://github.com/GabrieleLozupone/AXIAL.git.

Challenges in current XAI approaches: Several studies have highlighted the di"cul-

ties that prevent using DLADS on medical images due to the current challenges of XAI

methods [161, 145, 166]. XAI researchers often use self-intuition to determine a good

explanation without validating with a medical professional. This missing validation is

partially due to the inability to provide quantitative but only qualitative explanations.

Qualitative explanations provided for small and speci!c subsets of subjects make a global

evaluation and comparison of XAI techniques di"cult. Furthermore, there is no speci!c

correlation between the prediction and the associated brain region. Model-agnostic XAI

techniques, such as GradCAM, often produce saliency maps that highlight extensive re-

gions of the brain without su"cient speci!city or consistency. Another critical limitation

of GradCAM-like methods, mainly when applied to the analysis of 2D slices from MRI

scans, is their focus on intra-slice features while neglecting the inter-slice relationships

crucial for understanding the 3D brain regions related to AD. Aggregating these saliency

maps to form a 3D visualization produces an overly generalized activation map that often

highlights di#erent and sparse areas.

As an alternative to traditional saliency-based methods, recent advancements have ex-

plored the use of attention-based models to enhance the interpretability of DL models.

In this context, [77] proposed a trainable attention mechanism to highlight where and in

what proportion the network paid attention to input images for classi!cation. Attention

ampli!es relevant areas and suppresses irrelevant ones, improving interpretability. In

[140], grid attention captures anatomical information in medical images, and attention

coe"cients were used to explain which areas of the image the network focused on. Re-

cently [167], described in Section 3.2.3, introduced a slice-aware module to advance XAI

in their methodology. Their variant of the attention mechanism enables the extraction

of attention weights to determine the importance of each slice in the decision-making
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process, o!ering a more precise understanding of model focus.

3.3 Materials

Table 3.1: Summary of participant demographics, mini-mental state examination (MMSE)
and global clinical dementia rating (CDR) scores

Group Subjects Samples Age MMSE CDR

CN 204 586 76.31± 5.22 29.11± 1.05 0.01± 0.16

AD 191 474 75.23± 7.34 22.46± 3.38 0.86± 0.43

pMCI 121 162 75.01± 6.68 26.47± 1.83 0.481± 0.09

sMCI 110 154 75.09± 7.02 27.80± 1.74 0.45± 0.17

The ADNI MRI Core in [176] has created standardized dataset collections comprising

scans that met minimum quality control requirements to promote greater rigour in anal-

ysis and meaningful comparison of di!erent algorithms. These standardized datasets

within the ADNI archive allow researchers to download a complete and consistent set

of images e"ciently, thus facilitating comparative research into neurodegenerative dis-

eases. These collections represent a small portion of the ADNI dataset and generally are

not used in DL literature. However, we chose the “ADNI1: Complete 1Yr 1.5T” collec-

tion as it directly addresses the lack of reproducibility, thereby facilitating model perfor-

mance comparisons. This collection of 1.5 Tesla MRI scans includes only 639 subjects

of the 2.720 available in the ADNI study. All subjects have screening, along with 6 and

12-month follow-up scans. Furthermore, this small data subset is an excellent candidate

for testing our method in the recurrent medical imaging data scarcity condition.

We converted the dataset into the Brain Imaging Data Structure (BIDS) format [56]. An

advantage of converting theADNI dataset to a BIDS structure is the availability of special-

ized Python libraries for handling BIDS-structured data. These libraries, such as PyBIDS

[181], provide powerful tools for querying, organizing, and processing neuroimaging

data. To perform this conversion, we used Clinica [134, 137], an open-source software

platform explicitly designed to make clinical neuroscience studies more accessible and

reproducible.

During the conversion phase, the ADNI-to-BIDS converter provided in Clinica checks

whether the data meets speci#c criteria, e.g. images that fail quality control are #ltered

out or, if there are multiple scans for a visit, the ‘preferred scan’ is selected according

to speci#c decision rules [134]. Consequently, some of the MRIs in the original dataset
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may be discarded at this stage. The “ADNI1: Complete 1Yr 1.5T” dataset contains 2,042

acquisitions from 639 subjects. During the conversion, 151 scans did not meet the crite-

ria, so the resulting dataset was 1,891 samples without varying the number of subjects.

Each subject had a maximum of 3 scans from baseline, 6-month and 12-month follow-up,

and consequently, samples from the same patient with a di!erent diagnosis are unlikely.

Therefore, to de"ne sMCI patients and pMCI patients, we used the complete clinical data

from ADNI, which contains the diagnoses after several years of follow-up.

From the resulting dataset, we have extracted four classes:

• CN: 3D brain images of patients diagnosed as CN at the time of image acquisition.

• AD: 3D brain images of patients diagnosed with AD at the time of image acquisi-

tion.

• sMCI: 3D brain images of patients diagnosed with MCI at the time of image acqui-

sition and who remain MCI over time.

• pMCI: 3D brain images of patients initially diagnosed with MCI at the time of scan

but later diagnosed with AD 36 months post-acquisition.

The demographic information of the subjects in the “ADNI1: Complete 1Yr 1.5T” dataset

is presented in Table 3.1, which provides essential context for our analysis and "ndings.

3.4 Methods

This section presents the explainable diagnostic pipeline developed in this study. The pro-

cess starts with a pre-processing phase described in Fig. 3.2. The XAI diagnosis network

illustrated in Fig. 3.3 processes the images as a series of 2D slices, producing diagnosis

and attention weights to synthesize the slice’s importance in decision-making. Finally,

the attention weights of the slices across the three distinct views are combined to create

a 3D attention map, as shown in Fig. 3.4.

In the following sections, we provide full details of each step.
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Original sMRI
Shape: (166,256,256)

N4 bias field correction (ANTs)
Shape: (166,256,256)

MNI152 space
normalization (ANTs)
Shape: (193,229,193)

Skull dissection
(BET from FSL)

Shape: (193,229,193)

Pre-processing

Figure 3.2: MRI data pre-processing pipeline: (i) Original sMRI, (ii) N4 bias !eld correc-

tion, (iii) MNI152 space normalization, and (iv) skull dissection.

3.4.1 MRI images pre-processing

Asmentioned in Section 3.2.4, classi!cation results are di"cult to compare between stud-

ies due to their limited reproducibility. In the study [170], the authors highlight that vari-

ations in components such as participant selection and image pre-processing are critical

aspects that directly in#uence this limitation. It is, therefore, essential to avoid ambiguity

in both cases to facilitate the comparison between models. In Section 3.3, we described

the procedures required to avoid ambiguity in participant selection. The pre-processing

pipeline used comprises three steps:

1. Bias !eld correction using the N4ITK method [160];

2. A"ne registration using the SyN algorithm [5] from ANTs [6] to align each im-

age to the Montreal Neurological Institute (MNI) 152 space with the ICBM 2009c

nonlinear symmetric template [50, 49];

3. Skull stripping to remove non brain-tissue from the 3D image using Brain Extrac-

tion Tool [146] from FSL [76].

We used the t1-linear pipeline of Clinica [134, 170] to perform the !rst two steps.
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Figure 3.3: The proposed Diagnosis and XAI network: (i) Feature Extraction module, (ii)

Attention XAI Fusion module, and (iii) Diagnosis module.

3.4.2 Diagnosis network

Radiologists typically review a series of 2D slice images when analyzing medical imaging

data, even when examining 3D images. With this in mind, we have developed an e!cient

and explainable network for diagnosing AD that learns inter-slice relationships. This

network, as illustrated in Fig. 3.3, comprises three key modules described in detail in this

section.

Feature Extraction: This module employs a pre-trained 2D convolutional backbone to

process a series of N 2D slices. The convolutional backbone, which can be any architec-

ture such as VGG or ResNet, is pre-trained on the ImageNet dataset to handle cases of

small dataset sizes in AD diagnosis tasks.

The original data are 3D images with a value for each voxel, so the resulting sliced 2D

images are 1-channel images. Since pre-trained weights are for 3-channel images, we

summed the pre-trained convolutional "lters of the backbone’s "rst layer. Since these

"lters operate linearly and sum their results across channels, we can sum all the "lters

over the input channel dimension in the "rst layer. This operation is equivalent to repli-

cating the single-channel image three times, but it is more computationally e!cient. The
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extracted slices were resized to 224× 224 and normalized.

Each convolutional backbone ends with a max-pooling operation that converts the fea-

ture map of each slice into a feature vector of dimension fdim. This sequential input pro-

cessing is achieved through sharing convolutional weights across the sequence, similar

to a Recurrent Neural Network approach:

fi = MaxPool(Conv(...(xi)))

where xi represents the i-th slice in the sequence, fi is the resulting feature vector for

that slice, and Conv denotes the convolutional operations performed by a convolutional

architecture.

Double Transfer Learning: Models pre-trained on large datasets can help overcome

challenges posed by limited data, but they may not be enough for complex tasks. As

shown in Table 3.1, the data available for training a network to di!erentiate between

AD and CN individuals is usually more than for distinguishing between sMCI and pMCI.

Although both tasks are complex, the latter is considered more di"cult. Therefore, it

is more likely that transfer learning can distinguish AD from CN more e!ectively than

recognizing the di!erence between sMCI and pMCI. Since doctors rely on their expertise

to assess a patient’s cognitive decline, leading to an AD diagnosis, we suggest #ne-tuning

a model pre-trained on the AD vs. CN task to the sMCI vs. pMCI task. Following our

de#nition of classes in Section 3.3, theAD∪CN set is disjoint from (sMCI∪pMCI) ⊂

MCI . As a result, adopting this strategy under these assumptions does not imply data

leakage issues.

Attention XAI Fusion Module: This module enables the network to learn inter-slice

dependencies and global 3D patterns through the Feature Extraction module. During

backpropagation, the shared weights of the convolutional module are updated based on

the entire image, thus enabling the learning of 2D patterns in relation to the importance of

that slice at a global level. The Attention XAI Fusion module leverages a Fully Connected

(FC) layer to assign importance to each section based on its feature vector. This introduces

a parameter-e"cient approach, with only fdim + 1 learnable parameters:

wi = FCattention(fi)

where wi is the computed weight for slice i, and FC denotes the FC layer operation.

Normalization of these weights is performed using a softmax function, ensuring they

sum to one and represent the slice-importance distribution:
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αi = softmax(wi) =
ewi

∑N

j=1
ewj

where αi is the normalized importance weight for the i-th slice. The module performs

fusion by calculating a weighted sum of the feature vectors using their corresponding

weights, generating a composite feature vector representing the entire brain image:

F =
N∑

i=1

αifi

This module yields a feature vector F that synthesizes the brain image and a set of at-

tention weights {αi} highlighting the signi!cance of each slice.

Diagnosis and XAI network

!! axial slices

Diagnosis and XAI network Diagnosis and XAI network

3D Attention Map"!"#!##!!$

!# coronal slices!" sagittal slices

AD CN
Attention 
Weights

!"##

AD CN
Attention 
Weights

!""#

AD CN
Attention 
Weights

!"!#

Figure 3.4: Representation of the proposed XAI attention-based approach. Three distinct networks
process each slicing plane, and the slice attention weights from each plane are combined to produce

a 3D attention map.

Diagnosis: In the !nal Diagnosis module, the synthesized feature vector F is fed into a

head network comprising a FC layer with two output neurons for the binary classi!cation

task (e.g., AD vs. CN):

D = softmax(FChead(F ))
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D represents the softmax output, providing a probability distribution over the diagnosis

classes, and FChead denotes the FC layer speci!c to the diagnosis task.

3.4.3 XAI Approach

Within our diagnostic framework for AD, we introduce an advanced XAI strategy to

generate a 3D attention map, facilitating a deeper understanding of the neural network’s

diagnostic focus. As shown in Fig. 3.4, our approach harnesses attention weights across

sagittal, coronal, and axial slicing planes, merging these into a comprehensive represen-

tation that highlights key brain regions indicative of AD.

AttentionWeightGeneration: The implementedXAImethod yields attentionweights

for each of the three principal slicing planes of the brain: sagittal (s), coronal (c), and ax-

ial (a). We trained a dedicated Diagnosis and XAI Network for each plane to assess slice

importance distribution from di"erent views. The MRI brain image is sliced in the three

planes, resulting in three sequences of 2D slices: Ns, Nc, and Na slices for the sagittal,

coronal, and axial planes.

Each network’s Attention XAI module computes a set of attention weights αs, αc, and

αa for its corresponding plane. The computation is formalized as follows:

αp = softmax (FCattention(fp))

where p ∈ {s, c, a} represents each plane, fp denotes the feature vectors derived from

slices within that plane.

3D Attention Map Synthesis: We integrate the attention weights αs, αc, and αa into

a uni!ed 3D attention map. The 3D attention map A is constructed by applying the

following operation to each voxel within the brain’s imaging volume:

A[i, j, k] = αs[i] · αc[j] · αa[k]

For every voxel at coordinates [i, j, k], its attention value is derived from the product of

the corresponding sagittal, coronal, and axial attention weights. This process retains and

ampli!es the diagnostic importance perceived across all three anatomical planes, yielding

a comprehensive 3D depiction of attention distribution.

To facilitate interpretation and comparison, we normalize the entire 3D attention map in

the range [0, 1], ensuring that the highest values correspond to areas of high diagnostic
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relevance. We used min-max normalization:

A =
A−min(A)

max(A)−min(A)

The resultingmap highlights the brain regionsmost associatedwith the diagnostic output

of the network, o!ering insights into the pathological hallmarks of AD as learned by the

model through its training process.

Brain regions importance quanti!cation: To achieve comparability across subjects,

each MRI image, denoted by I , was normalized to the MNI 152 standard space using

the transformation function fMNI152, thus Inorm = fMNI152(I). This step is crucial

for aligning brain structures across di!erent individuals to facilitate the identi"cation of

AD-speci"c biomarkers.

A binary heatmap,Hbinary , was generated to isolate regions of structural patterns asso-

ciated with AD, utilizing a threshold θ set at the 99.9th percentile. The binary heatmap

is de"ned as:

Hbinary[i, j, k] =

{

1, if A[i, j, k] > θ

0, otherwise

For visualization purposes, the MRI data Inorm was augmented by overlayingHbinary to

enhance the saliency of the regions implicated in AD:

IXAI = Inorm +Hbinary × δ

where δ is an ampli"cation factor set to 10 to increase the prominence of the heatmap

overlay.

Employing a template atlas, we determined Region of Interest (ROI) within the brain. For

each ROI identi"ed with a unique label r, we computed the overlap Or as follows:

Or =
∑

i,j,k

(Hbinary[i, j, k] > 0) ∧ (Tatlas[i, j, k] = r)

where Tatlas represents the template atlas data. The quantitative evaluation of each re-

gion’s overlap involved several statistical measures calculated from the MRI data. The

overlap volume of the heatmap in a given region is:

Vr = |Or|
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which can be useful to indicate predominant regions in decision process. The mean (µr)

intensity of the heatmap within each identi!ed region is given by

µr =
1

Vr

∑

(i,j,k)∈Or

A[i, j, k],

which represents the average activity level across the voxels of interest, allowing us to

pinpoint regions with consistently high AD-related changes. The standard deviation (σr)

of the heatmap intensities,

σr =

√

√

√

√

1

Vr − 1

∑

(i,j,k)∈Or

(A[i, j, k]− µr)2,

provides insight into the variability of attention within the region, indicating the hetero-

geneity of AD impact across di"erent brain areas. The maximum (Amax,r) and minimum

(Amin,r) values of the heatmap,

Amax,r = max
(i,j,k)∈Or

A[i, j, k]

and

Amin,r = min
(i,j,k)∈Or

A[i, j, k],

respectively, highlighting the extremes in activation within the regions, shedding light

on the most and least a"ected areas within the brain’s AD-implicated regions. Lastly, the

percentage of overlap (Pr) is calculated as

Pr =

∑

i,j,k Hbinary[i, j, k]

Vr

to provide a single value that quanti!es the portion of a speci!c brain region involved in

the AD-related patterns identi!ed by the network. This measure is a critical indicator of

the importance of each region in distinguishing AD patients from CN individuals.

3.5 Experiment results

In this section, we !rst present the experimental setup developed to validate the method.

Then, we present the results of the model in comparison to recent state-of-the-art atten-

tional models on 2D slices. Finally, we present qualitative and quantitative results of our

XAI approach compared to other existing XAI methods.
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3.5.1 Experiment Setup

We implemented all consideredmethods in PyTorch [116] and trained themon anNVIDIA

A100 80GB GPU. The pre-processed input 3D images (see Section 3.4.1) were converted

to a sequence of N slices at runtime. The N slices were selected from the center by a

slicing operation from the chosen plane. Speci!cally, given D, the dimension correspond-

ing to the number of slices along the slicing direction, the selected slices belonged to the

interval [D/2 − N/2, D/2 + N/2]. This slicing operation resulted in N < D slices,

thus reducing computational complexity with N considered as an optimization hyper-

parameter. All tested networks were trained with AdamW Optimizer with base learning

rate 1 × 10−4 and weight decay 1 × 10−2. An early stopping strategy selected the best

model during the training phase on the validation set with patience 15. The training data

augmentation strategy consisted of randomly "ipping a 2D slice in the series with 0.3

probability. We implemented a 5-fold cross-validation technique to ensure robustness

and generalizability of the results. We divided the dataset into !ve segments, ensuring

each segment acted as a test set in one iteration and as part of the training/validation sets

in the others. To prevent data leakage and preserve the integrity of our evaluation, we

carefully assigned all 3D images from the same subjects exclusively to one of the training,

validation, or test sets. In each fold, the 80% portion allocated for training/validation was

further divided using an 80-20 ratio.

Performance Evaluation: We used ACC, SEN, SPE, and MCC as performance metrics.

ACC is the most common performance measure for classi!cation, and it consists of the

percentage of correctly classi!ed samples over the total. MCC [14] is a correlation coef-

!cient between predictions and true labels; it provides a more informative and truthful

score than accuracy when evaluating binary classi!cations, allowing a more realistic in-

terpretation of classi!er performance, especially in the case of unbalanced datasets. SEN

and SPE serve as critical metrics for evaluating the diagnostic accuracy of our model,

highlighting its ability to correctly identify positive and negative cases, respectively. In

AD vs. CN task, the AD samples are in the positive class, and CN samples are in the neg-

ative one. In sMCI vs. pMCI task, the sMCI samples are in the positive class, and pMCI

samples are in the negative one.

All the results obtained are averaged on the test sets from the 5-fold cross-validation.

66



3.5 Experiment results

3.5.2 Diagnostic results

This subsection focuses on our diagnosis network’s results, summarizing the evaluations

of various 2D convolutional backbones, the impact of di!erent slicing planes, optimiza-

tion of network parameters, the e!ectiveness of double transfer learning, and a compari-

son with state-of-the-art methods. Almost all experiments use the axial slicing plane due

to its common use in clinical applications and because it generally yields better results.

2D backbone: As the "rst step, we analyzed the e!ectiveness of di!erent convolutional

backbones in the AD vs. CN task. To this aim, two sets of experiments were performed.

First, we evaluated the performance of di!erent backbones by considering them in the

Feature Extraction Module of our network. Second, to allow an evaluation independent

of our method, the best networks for each family were evaluated with a 2D Majority

Voting approach, which is also considered one of the baseline methods. In the Majority

Voting approach, we train 2D convolutional networks by individually labelling the slices.

Consequently, the weights are updated from the slice-level error during training. Then,

the predictions of the slices of a single 3D image are aggregated by choosing the most

recurring one in the sequence as the "nal label.

Table 3.2: Performances varying backbone in Feature Extraction module in AD vs. CN

task averaged over 5-fold cross-validation. Best results in bold, while second-best are

underlined.

Backbones ACC SPE SEN MCC

VGG16 0.829 0.839 0.816 0.655

VGG19 0.819 0.875 0.749 0.633

ResNet34 0.770 0.843 0.681 0.534

ResNet50 0.804 0.860 0.734 0.602

ResNet101 0.785 0.822 0.739 0.563

E#cientNetV2S 0.764 0.805 0.713 0.521

E#cientNetV2M 0.764 0.833 0.679 0.520

DenseNet121 0.798 0.841 0.745 0.590

The "rst pool of experiments was conducted using a mini-batch of 16 and freezing the

"rst 50% of the backbone’s layers. The convolutional architectures chosen are: (i) VGG16

and VGG19 [144], (ii) ResNet34, ResNet50 and ResNet101 [62], (iii) E#cientNetV2 Small

and E#cientNetV2 Medium [156] and (iv) DenseNet121 [67]. The results of this pool

are shown in Table 3.2. In this "rst analysis, VGG16 had the highest accuracy (ACC:

0.829) and sensitivity (SEN: 0.816), suggesting it is the better-suited backbone for AD
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patient identi!cation. VGG19, while slightly less accurate, showed superior speci!city

(SPE: 0.875), indicating it is particularly adept at identifying CN cases. The ResNet series

demonstrated that additional depth (as seen in ResNet101) does not equate to improved

performance, with ResNet50 showing better accuracy and sensitivity. This could suggest

diminishing returns with increased complexity for this task. E"cientNet models trailed

behind their counterparts with identical accuracies (ACC: 0.764). DenseNet121, while

providing good accuracy (ACC: 0.798), also did not meet the higher results obtained by

other architectures. The MCC aligns with these !ndings, con!rming VGG16 as the top-

performing model in this case.

Based on the results obtained in Table 3.2, we selected the best backbone from each archi-

tecture family as candidates for the second pool of experiments. Since this pool comprises

2D rather than 3D images, we chose 32 as the mini-batch size. To achieve comparable

results, the same percentage of backbone layers was frozen. As shown in Table 3.3, the

performance trends of the architectures remain consistent with previous observations.

VGG16 continued to lead in accuracy (ACC: 0.804) and MCC (MCC: 0.605). This result

aligns with other works that design their approaches relying on a VGG as base network

[3, 65]. Remarkably, our method outperforms theMajority Voting one across several met-

rics. The superiority can be seen from the average increase across all tested backbones

of ACC by 1.6% and MCC by 3.08%. Notably, a good increase was observed with VGG16,

with an ACC improvement of 2.5% and an MCC improvement of 5.0%.

Table 3.3: Performances varying backbone in Majority Voting approach in AD vs. CN

task over 5-fold cross-validation. Best results in bold, while second-best are underlined.

Backbones ACC SPE SEN MCC

VGG16 0.804 0.897 0.688 0.605

ResNet50 0.798 0.873 0.707 0.592

E"cientNetV2S 0.759 0.839 0.664 0.516

DenseNet121 0.770 0.848 0.673 0.532

Slicing plane: Although the axial plane is the most commonly used in clinical appli-

cations, there could be better choices than this one in this classi!cation scenario. We

performed a slicing plane analysis after !nding that VGG16 is the best backbone in the

diagnostic task. For this set of experiments, we used 100 slices for each view, a batch

size of 8, a learning rate 1e-4, and froze the !rst half of the backbone in training. Table

3.4 shows the performances averaged over the !ve cross-validation test sets varying the

slicing plane. The results show that the axial plane achieved the best performance. This

!nding aligns with the clinical choice.
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Table 3.4: Performances varying slicing plane on 100 slices with our approach in AD

vs. CN task over 5-fold cross-validation. Best results in bold, while second-best are

underlined.

Slicing plane ACC SPE SEN MCC

Axial 0.839 0.872 0.799 0.674

Coronal 0.816 0.897 0.715 0.628

Sagittal 0.820 0.860 0.772 0.636

Parameters Optimization: Since VGG16 was con!rmed as the best backbone among

those under investigation and the axial plane provided the best results, we selected this

con!guration for our Feature Extractionmodule. The second step consisted of optimizing

other parameters: the number of slices extracted N , the batch size, and the percentage

of backbone to freeze.

Table 3.5: Network Results using VGG16 as the backbone for Feature Extraction module

in AD vs. CN task. Best results in bold, while second-best are underlined.

Num Slices Batch Size Freezing ACC SPE SEN MCC

70 8 50% 0.821 0.851 0.782 0.636

80

4 50% 0.825 0.867 0.774 0.646

8

0% 0.818 0.861 0.764 0.630

25% 0.840 0.892 0.776 0.677

50% 0.856 0.910 0.792 0.712

75% 0.799 0.877 0.707 0.603

16 50% 0.829 0.839 0.816 0.655

90 8 50% 0.818 0.867 0.757 0.630

100 8 50% 0.839 0.872 0.799 0.674

120 8 50% 0.815 0.858 0.761 0.624

The results in Table 3.5 indicated that varying the number of slices and the percentage of

!rst backbone layers frozen in the network impacted performances. The con!guration

with 70 slices, batch size of 8, and freezing 50% of the layers resulted in an ACC of 0.821

and MCC of 0.636. When the batch size was reduced to 4 under the same conditions,

a slight improvement was observed with an ACC of 0.825 and MCC of 0.646. After in-

creasing the number of slices to 80 and employing a batch size of 8, experiments with 0%,

25%, 50%, and 75% freezing were conducted. The highest accuracy was achieved at 50%

freezing, yielding an ACC of 0.856 and MCC of 0.712, highlighting the best overall per-

formance across all con!gurations. With a further increase to 90 slices, the performance
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did not improve, maintaining an ACC of 0.818 with a 50% freezing and batch size of 8.

Finally, the performance slightly !uctuated with 100 and 120 slices but generally did not

surpass the optimal results obtained with 80 slices end 50% freezing.

Table 3.6: Double transfer learning for sMCI vs. pMCI task at 36 months. Best results in

bold, while second-best are underlined.

Transfer Learning Freezing ACC SPE SEN MCC

ImageNet 50% 0.4822 0.427 0.636 0.065

ImageNet + AD vs. CN 50% 0.703 0.809 0.4873 0.396

ImageNet + AD vs. CN 75% 0.725 0.763 0.678 0.443

Double Transfer Learning: The third step involved investigating the utility of trans-

fer learning for predicting AD progression with the double transfer learning strategy

proposed in Section 3.4.2. This approach leverages a backbone pre-trained on the Ima-

geNet dataset, further "ne-tuned through a subsequent task distinguishing AD from CN

individuals. As mentioned in Section 3.4.2, it is crucial to note that the patient cohorts

classi"ed as AD or CN di#er from those labeled as sMCI or pMCI, given that the latter

are diagnosed as MCI. Consequently, this strategy does not cause data leakage problems.

First, we "ne-tuned our model with VGG16 pre-trained on ImageNet in the Feature Ex-

traction module on the entire AD vs. CN dataset. We froze the "rst 50% of the layers as

this con"guration provided the best results in Table 3.5. The "nal model pre-trained on

the AD vs. CN task was selected using 10% of the dataset as a validation set. This step

provides a model in which the "rst convolutional part is highly specialized in extracting

"ne-grained low-level feature representations and the rest in analyzing AD-related high-

level patterns. Second, we further "ne-tuned the AD pre-trained model on the sMCI vs.

pMCI classi"cation task at a 36-month forecast interval. The learning rate for this pool

of experiments was reduced to 1× 10
−5 to "ne-tune the pre-trained model weights, en-

suring that the disease knowledge is preserved during the training process. Table 3.6

demonstrates the e$cacy of this approach in this task. With baseline ImageNet transfer

learning and 50% of the network layers frozen, the model achieved an ACC of 0.4822 and

an MCC of 0.065. The MCC value of 0.065 indicates that the model could not "nd use-

ful correlations to distinguish the two cases. Incorporating AD vs. CN knowledge with

a 50% freezing resulted in a marked enhancement across metrics: an ACC of 0.703 and

an MCC of 0.396. Advancing to a 75% freezing of the network layers under the double

transfer learning paradigm, we observed a peak performance of an ACC of 0.725, SPE of

0.763, SEN of 0.678, and an MCC of 0.443.
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Table 3.7: Comparison of performance against other approaches. Best results in bold,

while second-best are underlined.

(a) AD vs. CN classi!cation task

Networks ACC SPE SEN MCC

Attention Transformer 0.826±0.043 0.914±0.030 0.721±0.068 0.654±0.077

AwareNet Diagnosis 0.832±0.032 0.876±0.055 0.781±0.060 0.664±0.062

Ours 0.856±0.021 0.911±0.038 0.792±0.033 0.712±0.042

Majority Voting 0.804±0.048 0.898±0.039 0.691±0.090 0.608±0.088

Attention-Guided Voting 0.843±0.023 0.894±0.040 0.780±0.034 0.683±0.043

Majority Voting 3D 0.836±0.040 0.866±0.052 0.801±0.056 0.671±0.077

(b) sMCI vs. pMCI classi!cation task

Networks ACC SPE SEN MCC

Attention Transformer 0.624±0.084 0.684±0.271 0.573±0.323 0.265±0.209

AwareNet Diagnosis 0.541±0.048 0.788±0.186 0.269±0.288 0.056±0.150

Ours 0.724±0.063 0.766±0.072 0.678±0.088 0.443±0.132

Majority Voting 0.613±0.048 0.609±0.105 0.641±0.099 0.249±0.097

Attention-Guided Voting 0.633±0.064 0.624±0.073 0.643±0.088 0.266±0.132

Majority Voting 3D 0.630±0.053 0.665±0.194 0.605±0.228 0.287±0.123

Comparison to state-of-the-art methods: We performed a comparison with current

2D slice attention-based state-of-the-art models. Thesemethods include Attention Trans-

former [3] and AwareNet [167]. Attention Transformer uses a multi-head self-attention

to perform a cross-attention operation resulting in a slice feature maps fusion. AwareNet

represents the diagnosis network of a joint learning framework that uses a slice-aware

module and a slice-shift module. The slice-aware module leverages the attention mech-

anism to interpret signi!cant slices and regions. While we have utilized the o"cial im-

plementation of AwareNet, as it is available and provided by the authors, we have im-

plemented the architecture for the Attention Transformer ourselves based on the paper

details, as the authors did not provide the o"cial implementation. For both methods, the

hyperparameters were optimized to maximize performance. As in our case, Attention

Transformer obtained the best results by freezing 50% of the base network pre-trained

on ImageNet and a batch size of 8. The AwareNet network was trained from scratch with

a batch size of 2. The network is initialized by the Kaiming method [63] and trained us-

ing the Adam optimization algorithm with β1 = 0.48 and β2 = 0.999. In both cases, the

learning rate was set to 1× 10
−5 to prevent over!tting.
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In the sMCI vs. pMCI task, we adopted the double transfer learning strategy proposed in

this work for the Attention Transformer method. The !rst 75% of the Attention Trans-

former base network layers were frozen. Since the AwareNet is trained from scratch on

the AD vs. CN task, we froze the !rst 50% of the backbone.

The results of our comparative analysis are summarized in Table 3.7, showing results for

both (a) the AD vs. CN diagnosis task and (b) the sMCI vs. pMCI prediction task. To

assess the e"ectiveness of our attentional module in enhancing diagnostic performance,

we introduced three additional approaches: Majority Voting, Attention-Guided Majority

Voting, and Majority Voting 3D. We detailed the Majority Voting approach implemented

in Section 3.5.2. The Attention-Guided Majority Voting approach utilizes the network

trained in the majority voting case. However, predictions are made during testing on a

subset of slices identi!ed as most informative by our attentional fusion module. Speci!-

cally, we identi!ed a contiguous range where the attention values exceeded the 75th per-

centile. This range was calculated for the axial plane by averaging the attention weight

distribution across the !ve validation sets of the fold cross-validation, resulting in the

range [0, 25]. The results of this method validate the module’s ability to select feature

maps with high information content. Finally, the Majority Voting 3D approach replaces

the attentional fusion module with an averaging module, where feature maps from indi-

vidual slices are averaged to form a single feature map for making subject-level decisions.

This approach further helps to evaluate the impact of slices’ importance weighting com-

pared to considering all slices as equally important.

Our model demonstrates e"ectiveness in disease diagnosis and prediction tasks, achiev-

ing (i) an accuracy (ACC) of 0.856 and a Matthews correlation coe#cient (MCC) of 0.712

in the AD vs. CN comparison, and (ii) an ACC of 0.725 and MCC of 0.443 in the sMCI

vs. pMCI task. While AwareNet shows promise in the diagnosis task with an ACC of

0.832 and an MCC of 0.659, it struggles in the disease prediction task, yielding an MCC

of 0.039, likely due to insu#cient data for training. On the other hand, Attention Trans-

former, leveraging double transfer learning, provides a more balanced alternative, with

an MCC of 0.651 in the diagnosis task and an MCC of 0.238 in disease prediction. How-

ever, its increased parameterization from self-attention prevents it from bridging the gap

with lightweight models like ours and AwareNet in the diagnosis task. Majority voting,

lacking a mechanism to learn correlations between sections, underperforms compared to

other methods. Incorporating subject-level error evaluation through the Majority Voting

3D approach the MCC improves from 0.605 to 0.667, even surpassing over!tting-prone

approaches such as AwareNet and Attention Transformer. Furthermore, leveraging our

attentional mechanism to identify informative slices while using networks pre-trained

without considering slice relationships yields an MCC of 0.683. This result underscores

our model’s ability to select crucial slices for decision-making.
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3.5.3 XAI results

Axial Coronal

Fold 1

Sagittal

Fold 2

Fold 3

Fold 4

Fold 5

Figure 3.5: Average attention weight distributions generated by our model for each fold

and each plane

This section analyzes the interpretability of our approach and those proposed in [167,

3]. Our XAI method described in Section 3.4.3 allowed us to produce a 3D attentional

map starting from the attentional weight distributions of the axial, coronal, and sagittal

planes. The authors of AwareNet [167] designed the slice-aware module of this network
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Axial Coronal

Fold 1

Sagittal

Fold 2

Fold 3

Fold 4

Fold 5

Figure 3.6: Average attention weight distributions generated by AwareNet for each fold

and each plane

to extract, as in our case, a distribution of attentional weights capable of summarizing

the importance of each slice in the decision-making process. As a result, our approach

can produce a 3D map also using the model proposed in [167].

A recurring approach to interpreting decisions made by DL models is GradCAM [141].
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Figure 3.7: (Top) Attention distribution for each plane averaged on all the !ve test to

provide entire dataset distributions; (Bottom) Visualization of mean 3D attention map

of entire dataset overlapped to MNI152 template in Freeview to analyze the localization

performance of our framework.

GradCAM is a technique for visualizing regions within an image that in"uence the clas-

si!cation decision of a convolutional neural network. It works by selecting a target con-
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volutional layer, calculating the class score gradients relative to that layer’s feature maps,

averaging these gradients, and using them as weights to create a weighted sum of the fea-

ture maps. This sum is then passed through a ReLU function to produce a saliency map

highlighting the areas that positively impact the class decision. However, GradCAM in

this comparison scenario allows the production of 2D saliency maps, one for each slice,

which deliver a qualitative but not quantitative result. To allow a fair comparison with

other models, we have developed a variant of our XAI approach that allows us to gener-

ate 3D maps with GradCAM. The idea is to stack the produced 2D CAMs on top of each

other to generate a 3D saliency map for each plane. Given A, S, and C , the 3D salient

maps generated for the respective axial, sagittal, and coronal planes, the !nal 3D salient

map is obtained pointwise as:

M [i, j, k] = S[i, j, k] · C[i, j, k] ·A[i, j, k]

This 3D map can be used to quantitatively evaluate the impact of each brain area in the

decision-making process with the metrics proposed in Section 3.4.3. This method also

allows us to compare with Attention Transformer model proposed in [3], which is not

designed to yield attentional weights for each slice directly. In our implementation, we

applied GradCAM to the last layer of the convolutional backbone. This choice is moti-

vated by the fact that the last convolutional layer retains high-level spatial information

that is crucial for localizing salient regions in the input image.

In the following, we show the consistency of the attention weight distributions obtained

from our model and AwareNet. Then, we present the results in qualitative and quanti-

tative terms for each model using our XAI method both in the GradCAM case and with

the attentional 3D maps.

Attention consistency analysis: Many studies focused on model interpretability by

generating saliency maps for randomly chosen test subjects, enabling local qualitative

analysis. However, this approach does not support the evaluation of interpretability con-

sistency when the training and testing data vary. To examine this consistency in our ap-

proach, we considered the variability of attentional weight distributions across the !ve

di"erent folds used for cross-validation. Our evaluation leverages a clinical hypothesis

speci!c to AD, which is believed to a"ect similar brain areas across di"erent patients.

For each fold, we calculated the weight distributions for each sample in the test set and

derived an average distribution speci!c to that test set. By analyzing these average dis-

tributions across the !ve folds, we could assess whether our interpretability remained

consistent, thereby supporting the generalizability of our !ndings across di"erent sub-

sets of data.
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Fig. 3.5 presents our diagnosis network’s average attentional weight distributions for

each fold in the axial, coronal, and sagittal views. Upon examination of the histograms for

each view, we observe a remarkable consistency in the distribution shapes across all !ve

folds, indicating that our interpretability approach is stable despite the variation in the

train/test set data. Speci!cally, the axial distributions reveal a consistent concentration

of attentional weights around the initial slices. This trend suggests the model’s recurrent

focus on the brain’s inferior regions, notably the areas where degenerative changes !rst

manifest in AD, such as the hippocampus. In the coronal view, attentional weights are

notably centered, indicating that the model consistently identi!es the central part of the

brain as more important. This central focusmight correspond to themedial temporal lobe,

including the hippocampus and the surrounding regions, further substantiating the axial

!ndings. The sagittal view is the only bimodal distribution, suggesting that the model

pinpointed symmetrical areas along this plane. We hypothesize that the network was

focusing on the hippocampus since it adheres to all the constraints: situated in the inferior

part of the brain, centrally located, and symmetrical. The consistency and speci!city of

these !ndings across multiple data folds strengthen the argument that our network could

reliably identify speci!c brain regions as a critical biomarker for distinguishing between

AD and CN subjects.

We also analyzed the consistencies of AwareNet distributions [167] to compare the ro-

bustness and interpretability of di"erent attention mechanisms. However, the average

distributions produced by this model, as seen in Fig. 3.6, present sparsely distributed

peaks and do not allow the identi!cation of predominant slice ranges. Furthermore,

the distributions between the folds are inconsistent. These results indicate that on this

dataset, AwareNet could not produce consistent attentional weights that are useful for

contributing to the interpretability of its decisions.

3.5.4 Qualitative and quantitative results

This subsection examines the visual results and quantitative analysis concerning the

brain areas emphasized by each model. It is important to note that the explainability

analysis presented here was conducted solely for the AD vs. CN classi!cation task. We

decided not to generate explainability maps for the sMCI vs. pMCI classi!cation task be-

cause the performance metrics for this classi!cation problem were insu#cient to ensure

the reliability of the maps. Fig. 3.7, on the top, displays the attentional weight distribu-

tions across the three planes, averaged over all !ve folds of the cross-validation. This

averaging provides a comprehensive view of the data distribution across all images in

the dataset. Starting from the entire dataset distributions, the 3D attentional map was
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3.5 Experiment results

Figure 3.9: (Top) Visualization of mean 3D GradCAM++map overlapped to MNI152 tem-

plate with ourmodel; (Bottom) Visualization of mean 3D GradCAM++map overlapped

to MNI152 template withAttention Transformer; Comparison visualizations captured

in Freeview.
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Combining this template with its corresponding atlas facilitates the identi!cation of re-

gions that, on average, received attention from the models. The bottom section of Fig.

3.7 shows the explainable MRI generated. The visual representation also indicates that

the network targets the medial temporal lobe region, as suggested by the distributions.

This result is con!rmed by the quantitative analysis shown in Table 3.8, which reports

the metrics for the 20 more extensive regions selected by our model and by AwareNet. As

shown in Table 3.8(a), the three largest regions focused by our diagnosis model are the

hippocampus, the parahippocampus, and the amygdala. In contrast, the 3D attentional

map generated with AwareNet appears to focus on di"erent regions. The !rst 3 regions

highlighted are Cerebellum Gray Matter, Lateral Occipital, and Fusiform. The right part

of the hippocampus appears only after them. From this result, it is also possible to note

that with the same 99.9 percentile threshold for binarization, ourmodel highlights amuch

more localized region. Speci!cally, our model selects 17 regions with a strong concen-

tration in the top 14. On the contrary, AwareNet highlights 88 regions, 68 of which have

been omitted in Table 3.8.

We also examined the interpretability of the Attention Transformer model proposed in

[3]. For comparison, we created 2D saliency maps using the GradCAM++ algorithm [12]

across all three views and all !ve test sets from the di"erent folds. These maps were

combined to create a uni!ed average 3D saliency map as outlined in Section 3.5.3. This

method was also applied to generate equivalent results from the saliency maps produced

using our diagnostic model. As shown in Fig. 3.8, the 2D maps produced by our method

are generally sparser compared to those from the Attention Transformer. The method

introduced in [3] employs a cross-attention mechanism via a Multi-Head. Therefore, it

is plausible that the Multi-Head allows it to generate 2D maps that align more meaning-

fully within the 3D context. This !nding suggests that our approach may consider less

contextual information from adjacent slices unless it is particularly relevant. In contrast,

the cross-attention in the Attention Transformer might enable a more cohesive represen-

tation of the entire 3D space by considering both the local features within slices and their

contextual interactions. This behavior is further clari!ed by creating 3D maps and over-

laying them on theMNI152 template, similar to the attentional maps. As illustrated in Fig.

3.9 on the top, the 3Dmaps created using ourmodel cover a broader and less concentrated

area compared to those produced by the Attention Transformer, which are shown on the

bottom. However, similar to the 3D attentional maps, both models predominantly focus

on an area surrounding the hippocampus. As detailed in Table 3.9, both models identify

key areas, such as the hippocampus and the amygdala. However, the emphasis on other

regions varies markedly between the two. In the attention transformer model, there is

a noticeable focus on the inferior lateral ventricles and the parahippocampal region, ar-

eas less emphasized by our model in this case. This result indicates that the Attention

Transformer using cross-attention in combination with GradCAM can produce results
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similar to those obtained by our method with a 3D attentional map. As seen in Tables

3.8(a) and 3.9(b), the !rst four areas on which our model focused with our approach are

the same as those focused on by Attention Transformer with GradCAM. In contrast, our

model with GradCAM shows broader involvement with regions such as the superior and

middle temporal areas, which are not as prominent in the other cases.

3.6 Discussion

This section discusses the main !ndings of our study, including the prevalence of VGG

architectures, the e"cacy of double transfer learning, the e#ectiveness of our method

against state-of-the-art ones, and the implications of our XAI in the context of medical

imaging and diagnostics. Additionally, we thoroughly discuss the limitations and poten-

tial areas for further investigation in our study.

3.6.1 VGG for AD diagnosis

Di#erent studies on AD have suggested using models from the VGG architecture family

[65, 66, 105]. The selection of this family is supported by their e#ective performance

in medical imaging, mainly when using transfer learning techniques [105]. While it is

di"cult to justify the clear superiority of this relatively simple architecture over more so-

phisticated ones such as E"cientNet and ResNet, its structure and pre-training stage may

be the reason. The VGG models, for instance, VGG16, include a large number of param-

eters, approximately 138 million, with about 110 million dedicated to the classi!cation

layers and the remaining 28 million to convolutional layers. This structure suggests that

most of the speci!c pattern recognition capabilities for class distinction learned from Im-

ageNet likely reside in the classi!er module. Therefore, the convolutional part may have

acquired more general and transferable features than those in ResNet and E"cientNet,

which rely on fully connected layers for classi!cation.

3.6.2 Transfer domain knowledge for AD prediction

This study used a double transfer learning strategy to enhance model performance for

the AD prediction task. The !ndings indicate that incorporating this additional domain-

speci!c knowledge allows the model to more e#ectively di#erentiate subtle variations in

brain morphology associated with early MCI progression. The utilization of such a strat-
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egy addresses the challenges posed by limited training data, which is a common issue

in medical imaging tasks due to privacy concerns and the di!culty of obtaining large

annotated datasets. However, it is crucial to note that the model’s performance, while

promising, needs further improvement. The modest MCC values indicate that the model,

although capable of identifying relevant patterns, may still struggle with generalization

across diverse patient pro"les or imaging conditions. This limitation underscores the

need to further re"ne the model’s architecture and training regimen, possibly by inte-

grating richer datasets or applying more sophisticated image augmentation techniques

to enhance its robustness and clinical applicability. We did not perform an XAI evaluation

on this task due to the evident model’s current explanatory limitations, underscored by

its modest correlation metric. As the model’s predictive accuracy and reliability improve,

integrating advanced XAI techniques to provide deeper insights into the decision-making

process will become essential. This advancement will not only increase transparency but

could also contribute to the discovery of new structural brain markers that will help pre-

dict the disease well in advance.

3.6.3 Comparison with other attention-based methods

The evaluation of our proposedmodel against state-of-the-art attention-based techniques

reveals several noteworthy insights, particularly in employing a more straightforward,

lightweight architecture inmedical imaging tasks constrained by limited data availability.

Our model’s performance suggests that a meticulously designed, less complex network

can rival or surpass more intricate systems in diagnosis and explainability. The success-

ful application of 2D CNNs with attention mechanisms in tasks traditionally reserved

for 3D CNNs is particularly intriguing. It suggests that simpler 2D networks can e#ec-

tively extract and utilize the spatial information necessary for accurate diagnosis with

the proper architectural considerations and training strategies. This "nding could im-

pact the computational e!ciency and accessibility of deep learning models for medical

imaging, enabling their deployment in more diverse clinical environments with varying

resource availability.

3.6.4 XAI Evaluation and Interpretability

Our XAI methods analysis has showcased both the potential and the challenges of in-

terpreting DL models. Our "ndings show that the Attention Transformer model with

GradCAM and our model, both with and without GradCAM, consistently highlighted re-

gions such as the hippocampus, parahippocampal gyrus, amygdala and ventricles which
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are well-documented in literature as being a!ected by AD [129, 162, 123, 46].

Our attention-based approach demonstrated results that align with clinical expectations,

as evaluated by a radiologist on our team, with the algorithm ordering areas in a way

that corresponds to diagnostic priorities and assigning comparable importance to the left

and right portions of a brain region, which is consistent with clinical reasoning

A comprehensive assessment must incorporate clinical expertise to compare XAI meth-

ods and models. Neurologists and radiologists play a pivotal role in interpreting these

XAI outputs, as their expertise in recognizing AD-speci"c biomarkers is crucial for vali-

dating the clinical relevance of the areas highlighted by the AI models. Even though we

had the opportunity to validate the results with clinical experts, we know that involving

clinical experts in the evaluation process presents its own challenges. It requires access

to a panel of specialists willing to participate in such studies and a methodological frame-

work that allows for averaging their insights to attain statistically signi"cant conclusions.

This process can be resource-intensive and di#cult to implement across di!erent studies,

making it a less feasible option for consistent use. Metrics should be developed to sim-

plify comparability across models and XAI methods in medical imaging. Such metrics

could evaluate the relevance of highlighted regions within the context of a pathology.

It should assess the localization and focus of maps and correlate these aspects with the

known pathological features of the disease. By establishing these metrics, it could be easy

to assess the comparison and validation of XAI approaches.

3.6.5 Limitations

In this section, we discuss several limitations identi"ed in our study that warrant further

exploration to enhance the robustness and applicability of our model. Firstly, the e!ec-

tiveness of our method was assessed within a relatively limited dataset scenario, utilizing

the ADNI1: Complete 1Yr 1.5T collection. While the model demonstrated promising re-

sults in this context, its performance against state-of-the-art models in larger datasets

remains to be determined. Expanding the scope of testing to include a broader range

of datasets with varying characteristics could help establish the scalability and general

e!ectiveness of the proposed method.

Secondly, our XAI approach requires training three separate models, each tailored to

one of the principal anatomical planes: axial, coronal, and sagittal. This requirement

increases the computational demand and complexity of the training process since each

model must be individually optimized and evaluated. Lastly, our approach lacks integra-

tion between the models corresponding to di!erent anatomical planes. Currently, each
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model is trained independently, without considering the inherent correlations between

these planes. This segmentation of the training process potentially overlooks critical spa-

tial information that could be utilized to enhance diagnostic accuracy and explainability.

Future improvements could involve the development of integrated multi-view learning

strategies, which could simultaneously process and cross-validate information across dif-

ferent planes, o!ering a more comprehensive understanding of the imaging data.

To evaluate the consistency of interpretability in our approach, we examined the vari-

ability of attentional weight distributions across the "ve di!erent folds used for cross-

validation. Our evaluation leverages a clinical hypothesis speci"c to AD, which is be-

lieved to a!ect similar brain areas across di!erent patients [129]. However, we acknowl-

edge that this assumption of spatial consistency may not hold for other diseases, e.g.

cancer, where a!ected areas can vary signi"cantly among patients. Therefore, this eval-

uation cannot be generalized a priori but is applicable in speci"c cases like AD, where

the disease is supposed to impact similar regions in di!erent patients.

3.7 Conclusions

In this chapter, we presented a method for AD diagnosis using pre-trained 2D CNNs to

classify 3D volumes. Our approach integrates an attention mechanism to enhance the

interpretability and accuracy of diagnosing AD and di!erentiating stable from progres-

sive mild cognitive impairment. Our method outperformed baseline methods, achieving

an MCC of 0.712 for distinguishing AD from CN subjects and 0.442 for sMCI from pMCI

subjects. These results demonstrate the capability of our approach to classify these condi-

tions e!ectively. A novel aspect of our work is the enhancement of model explainability.

We successfully implemented voxel-level attention activation maps highlighting speci"c

brain areas implicated in AD, such as the hippocampus, amygdala, parahippocampus, and

inferior lateral ventricles. These regions are known to be crucial in AD pathology, mak-

ing our model’s outputs medically relevant. Our approach also includes a double transfer

learning strategy that leverages pre-trained models to improve performance on limited

datasets. This strategy utilizes knowledge transfer from the AD vs. CN task to enhance

the model’s sensitivity to subtle morphological changes associated with the progression

of MCI, which are often hard to detect. In conclusion, our method advances diagnostic

capabilities using 3D MRI scans for early AD detection and tries to address the critical

need for explainability in medical imaging AI applications. By providing insights into the

model’s decision-making process, our approach helps bridge the gap between AI tools

and clinical usability, making it a valuable asset for neurodegenerative disease research

and potentially aiding in the clinical diagnosis and monitoring of AD progression.
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Table 3.8: Importance measures of 20 largest brain regions computed with 3D Attention

maps.

Brain Region Vr µr σr Amax,r Amin,r Pr

Hippocampus left 1562 0.136 0.139 0.762 0.028 0.333

Hippocampus right 1426 0.126 0.133 0.783 0.028 0.304

Parahippocampal left 688 0.129 0.137 0.884 0.028 0.254

Parahippocampal right 534 0.129 0.148 1.000 0.028 0.197

Amygdala left 480 0.097 0.092 0.620 0.028 0.291

Amygdala right 427 0.095 0.087 0.569 0.028 0.259

Inferior Lateral Ventricle right 232 0.113 0.129 0.677 0.028 0.219

Inferior Lateral Ventricle left 212 0.106 0.105 0.589 0.028 0.200

Cerebellum Gray Matter left 208 0.035 0.005 0.052 0.028 0.003

Lateral Orbitofrontal left 194 0.033 0.004 0.045 0.028 0.013

Fusiform right 184 0.045 0.015 0.107 0.028 0.014

Lateral Orbitofrontal right 140 0.034 0.004 0.046 0.028 0.009

Cerebellum Gray Matter right 119 0.034 0.005 0.054 0.028 0.002

Fusiform left 88 0.040 0.010 0.070 0.028 0.007

Entorhinal left 16 0.034 0.003 0.041 0.030 0.005

Ventral Diencephalon left 6 0.029 0.001 0.031 0.028 0.001

Entorhinal right 2 0.033 0.003 0.036 0.031 0.001

- - - - - - -

- - - - - - -

- - - - - - -

(a) Our model

Brain Region Vr µr σr Amax,r Amin,r Pr

Cerebellum Gray Matter - right 192 0.001 0.003 0.022 0.000 0.003

Lateral Occipital - right 173 0.003 0.008 0.067 0.000 0.008

Cerebellum Gray Matter - left 132 0.001 0.004 0.035 0.000 0.002

Lateral Occipital - left 116 0.002 0.011 0.106 0.000 0.005

Fusiform - left 93 0.001 0.002 0.009 0.000 0.007

Fusiform - right 74 0.001 0.001 0.007 0.000 0.005

Hippocampus - right 74 0.004 0.013 0.076 0.000 0.016

Lateral Orbitofrontal - right 70 0.000 0.001 0.003 0.000 0.005

Entorhinal - right 62 0.009 0.025 0.117 0.000 0.019

Ventral Diencephalon - right 62 0.001 0.003 0.014 0.000 0.010

Hippocampus - left 55 0.003 0.012 0.088 0.000 0.012

Brainstem - right 53 0.002 0.010 0.076 0.000 0.003

Lingual - right 48 0.000 0.001 0.003 0.000 0.004

Lateral Orbitofrontal - left 47 0.000 0.001 0.004 0.000 0.003

Parahippocampal - right 47 0.000 0.000 0.002 0.000 0.017

Cerebellum White Matter - right 36 0.000 0.000 0.002 0.000 0.003

Ventral Diencephalon - left 35 0.002 0.005 0.022 0.000 0.006

Entorhinal - left 35 0.011 0.042 0.186 0.000 0.011

Amygdala - right 35 0.000 0.000 0.002 0.000 0.021

Superior Frontal - right 27 0.000 0.000 0.000 0.000 0.001

(b) AwareNet
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Table 3.9: Importance measures of 20 largest brain regions computed with 3D GradCAM

maps.

Brain Region Vr µr σr Mmax,r Mmin,r Pr

Hippocampus left 1722 0.874 0.057 0.992 0.773 0.367

Hippocampus right 965 0.835 0.041 0.963 0.773 0.206

Inferior Lateral Ventricle left 648 0.861 0.054 1.000 0.773 0.612

Inferior Lateral Ventricle right 435 0.830 0.038 0.944 0.773 0.411

Superior Temporal left 164 0.810 0.022 0.860 0.774 0.006

Amygdala right 146 0.795 0.015 0.844 0.774 0.088

Superior Temporal right 143 0.816 0.029 0.888 0.774 0.006

Amygdala left 118 0.795 0.021 0.867 0.773 0.072

Middle Temporal left 96 0.825 0.028 0.873 0.774 0.003

Middle Temporal right 95 0.823 0.028 0.887 0.774 0.003

Parahippocampal left 91 0.829 0.038 0.928 0.774 0.034

Entorhinal left 77 0.825 0.032 0.891 0.774 0.024

Fusiform left 65 0.814 0.033 0.903 0.774 0.005

Insula left 8 0.787 0.009 0.806 0.775 0.001

Insula right 7 0.787 0.014 0.809 0.776 0.001

Parahippocampal right 2 0.773 0.000 0.774 0.773 0.001

Ventral Diencephalon left 2 0.779 0.005 0.784 0.774 0.000

Inferior temporal left 1 0.775 0.000 0.775 0.775 0.000

Putamen left 1 0.776 0.000 0.776 0.776 0.000

- - - - - - -

(a) Our model

Brain Region Vr µr σr Mmax,r Mmin,r Pr

Hippocampus - left 1921 0.614 0.089 0.921 0.482 0.409

Hippocampus - right 1728 0.628 0.103 1.000 0.482 0.368

Amygdala - right 409 0.576 0.068 0.779 0.482 0.248

Inferior Lateral Ventricle - right 322 0.625 0.090 0.847 0.482 0.304

Inferior Lateral Ventricle - left 318 0.649 0.088 0.899 0.483 0.300

Amygdala - left 312 0.577 0.065 0.731 0.482 0.189

Parahippocampal - right 176 0.524 0.029 0.599 0.484 0.065

Parahippocampal - left 156 0.527 0.032 0.598 0.482 0.058

Entorhinal - left 132 0.545 0.041 0.651 0.482 0.041

Ventral Diencephalon - left 124 0.574 0.066 0.783 0.483 0.020

Entorhinal - right 106 0.541 0.045 0.663 0.482 0.033

Putamen - left 46 0.549 0.040 0.628 0.484 0.007

Ventral Diencephalon - right 38 0.537 0.050 0.687 0.483 0.006

Pallidum - left 23 0.519 0.025 0.583 0.485 0.014

Fusiform - left 5 0.502 0.013 0.522 0.487 0.000

Fusiform - right 2 0.484 0.000 0.484 0.483 0.000

Putamen - right 2 0.495 0.001 0.496 0.495 0.000

- - - - - - -

- - - - - - -

- - - - - - -

(b) Attention Transformer
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Chapter 4

Di!usion-based Foundation

Models for Semantic Learning

in 3D Brain Imaging

4.1 Introduction

As introduced in Section 1.3.6, the progression toward foundation models represents a

fundamental shift in medical imaging analysis: moving from task-speci!c predictors that

require labeled data to general-purpose representation learners that extract knowledge

from vast quantities of unlabeled scans. While Chapters 2 and 3 demonstrated the ef-

fectiveness of supervised deep learning for AD diagnosis using handwriting biomarkers

and interpretable neuroimaging frameworks respectively, both approaches fundamen-

tally depend on diagnostic labels and careful data splitting to prevent over!tting. This

chapter operationalizes the foundation model paradigm by introducing Latent Di"usion

Autoencoder (LDAE), a framework that learns semantically meaningful representations

from unlabeled 3D brain MRI scans through unsupervised di"usion-based learning, sub-

sequently transferring to multiple downstream tasks without task-speci!c !ne-tuning.

The conceptual motivation for unsupervised representation learning in neuroimaging

was established in Section 1.3.6: clinical repositories contain millions of brain MRI scans

acquired for diverse purposes beyond AD diagnosis, capturing fundamental aspects of

brain anatomy, aging, and anatomical variability without requiring disease-speci!c an-
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notations. While supervised approaches like those in Chapter 3 addressed methodologi-

cal rigor through careful subject-level data splitting and cross-validation strategies (Sec-

tion 1.3.5), they remain constrained by the limited availability of labeled AD datasets.

Unsupervised methods circumvent this limitation by learning representations from the

underlying structure of brain imaging data itself, subsequently adapting to speci!c tasks

with minimal labeled examples.

Recently, Di"usion ProbabilisticModel (DPM)s (DPMs) have achieved remarkable perfor-

mance in image synthesis and data distribution modeling [31, 111], with stable training

processes that surpass deep generative models like GANs [55] and VAEs [82, 132]. As

discussed in Section 1.3.6, while generative models have primarily been applied to AD

research for data augmentation and cross-modality synthesis [1], their representation

learning capabilities remain underexplored. The seminal work on Di"usion Autoencoder

(DAE)s [124] demonstrated that di"usion models can learn compact, semantically mean-

ingful representations enabling controllable image manipulation and attribute-speci!c

modi!cations, surpassing GANs in feature disentanglement while preserving image qual-

ity and training stability. Traditional DPMs can encode an input image x0 into a spa-

tial latent variable xT through reverse di"usion, but this representation lacks semantic

properties such as disentanglement, compactness, and the ability to perform meaningful

linear interpolation. In contrast, DAEs ensure representations are both compact and dis-

entangled while facilitating semantic interpolation, making them strong candidates for

structured semantic learning. Subsequent architectures explored di"erent representation

learning strategies, including DAEs from pretrained DPMs (Pretrained Di"usion Autoen-

coder (PDAE)) [186] and the SODA architecture [68] that introduced layer modulation to

improve semantic attribute disentanglement.

However, applying di"usion-based representation learning to high-dimensional 3D MRI

data remains computationally prohibitive. Current frameworks operating in native voxel

space are infeasible for 3D data due to memory and processing requirements of running

iterative di"usion processes on full volumes. In 3D brainMRI, latent di"usion approaches

have primarily targeted unconditional and conditional generation [117, 121] or disease

progression prediction using pre-computed anatomical features [182, 125]. Other re-

cent works have extended di"usion models to medical imaging tasks with fundamentally

di"erent objectives than unsupervised representation learning. For example, Di"-UNet

[178] integrates di"usion into a UNet backbone for supervised segmentation, framing

it as discrete denoising to generate label maps—improving voxel-wise prediction rather

than learning general-purpose latent spaces. Other approaches focus on conditional gen-

eration between imaging modalities [177], using cross-conditioned UNets to synthesize

new images rather than extracting transferable representations. Large-scale models like

3D MedDi"usion [168] achieve high-quality controllable generation, while others pro-
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pose task-speci!c frameworks such as Medical World Models for treatment-conditioned

tumor evolution [180] or tumor synthesis across organs for segmentation improvement

[13]. Although these methods showcase di"usion’s versatility for generation and aug-

mentation, they remain goal-driven generative frameworks rather than representation-

learning systems. Overall, despite rapid expansion of di"usion models in medical imag-

ing, a critical gap exists for frameworks making the semantic-rich learning of di"usion

autoencoders tractable for 3D medical imaging.

Contributions This chapter introduces LDAE as an e#cient framework for unsuper-

vised and meaningful representation learning, positioning it as the culmination of the

thesis progression established in Chapter 1. While Chapter 2 demonstrated multi-task

learning across heterogeneous handwriting modalities and Chapter 3 introduced inter-

pretable supervised learning with rigorous cross-validation methodologies, this chapter

presents a foundation model approach enabling general-purpose representation learn-

ing without task-speci!c supervision. The proposed approach builds upon principles

established in DAE [124], PDAE [186], and LDMs (LDMs) [133]. Unlike conventional

di"usion-based autoencoders operating in original image space, LDAE applies the dif-

fusion process in a compressed latent space, addressing the computational scalability

challenge that Section 1.3.6 identi!ed as a fundamental barrier to foundation models in

medical imaging. Our contributions are:

• We introduce a novel and computationally e#cient framework, LDAE, that for the

!rst time enables the application of di"usion autoencoders to high-dimensional

volumetric data by operating in a compressed latent space. This methodological

advancement bridges the gap between semantic-rich di"usion models and scalable

representation learning.

• We validate the hypothesis that LDAE enables unsupervised learning of clinically

meaningful representations in the context of AD and ageing, as conceptualized in

Section 1.3.6.

• We show that LDAE outperforms voxel-space DAEs in speed (20× faster inference)

and reconstruction quality.

• Wevalidate the versatility of LDAE representations acrossmultiple tasks, including

disease diagnosis, age prediction, counterfactual generation, and interpolation of

intermediate scans in longitudinal series.

Our methodological innovation is a three-stage training strategy that successfully adapts

DAE principles to latent space operation. This approach consists of: (i) training a feature-
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aware Autoencoder (AE) with perceptual losses to compress high-dimensional MRI scans

into a lower-dimensional latent space; (ii) pretraining a di!usion model on the com-

pressed latent representations; and (iii) LDAE unsupervised representation learning with

an encoder-decoder to "ll the posterior mean gap, following the strategy introduced in

PDAE [186]. This work explores di!usion autoencoders in medical imaging and their

adaptation to operate in the latent space of LDMs, enabling computationally e#cient

unsupervised representation learning from large-scale 3D MRI data.

To validate the proposed LDAE framework, we employed longitudinal 3D brain MRI data

from the ADNI database [119], building upon the standardized T1-weighted MRI proto-

col and preprocessing pipelines discussed in Section 1.2. As established in that section,

ADNI provides a large and diverse collection of high-quality 3D scans with consistent

acquisition protocols, making it an ideal platform for unsupervised training and subse-

quent evaluation. Following the thesis structure outlined in Section 1.3.6, we focus on AD

not to address a speci"c clinical problem, but to demonstrate that the proposed frame-

work can learn meaningful and transferable representations from large-scale unlabeled

3D medical data in an e#cient manner. The extensively documented neuroanatomical

patterns of AD described in Section 1.2.3—including hippocampal and medial temporal

lobe atrophy, temporo-parietal cortical thinning, and ventricular enlargement—support

both quantitative benchmarking on established downstream tasks (e.g., AD diagnosis,

age prediction) and qualitative assessment of generative capabilities, including synthesis

of missing scans in longitudinal studies and counterfactual explanations (i.e., visualizing

plausible anatomical changes that would alter a model’s prediction). To assess zero-shot

transferability, a key capability distinguishing foundation models from task-speci"c ap-

proaches, we further evaluated LDAE on the AIBL [40] and OASIS-3 [89] datasets, ad-

dressing the cross-dataset generalization challenges discussed in Section 1.3.5. We used

the model pretrained on ADNI to extract semantic representations from these unseen

datasets and trained a simple linear classi"er without model "ne-tuning, comparing per-

formance against fully supervised alternatives.

Our evaluation aims at validating two key hypotheses: (i) LDAE learns semantically rich

representations that capture clinically relevant attributes related to AD and ageing, thus

enabling unsupervised representation learning in latent space; and (ii) LDAE provides

high-quality generation and reconstruction while signi"cantly improving computational

e#ciency over conventional voxel-space DAEs. For hypothesis (ii), we compare LDAE to

voxel-space DAEs and demonstrate signi"cant e#ciency improvements, achieving 20×

speedup in inference time while surpassing reconstruction quality. For hypothesis (i),

we perform linear-probe evaluations on learned semantic embeddings. LDAE achieves

strong performance in downstream tasks such as AD diagnosis (AUROC: 89.48%, ACC:

83.65%) and age prediction (MAE: 4.16 years, RMSE: 5.23 years), indicating that learned

92



4.1 Introduction

latent codes encode clinically meaningful information. We further validate semantic in-

terpretability through latent attribute manipulation, enabling alteration of brain MRI

anatomical structures related to disease and age progression consistent with the neu-

roanatomical signatures described in Section 1.2.3. Semantic and stochastic interpolation

experiments show LDAE’s capacity to predict missing intermediate scans in longitudinal

series, achieving robust performance even at longer temporal gaps.

While Section 4.1 established the conceptual foundation for foundation models in neu-

roimaging, the following sections provide the mathematical formulations and architec-

tural details necessary for understanding LDAE’s implementation. The remainder of this

chapter is organized as follows. Section 4.2 provides technical background on DPMs, dif-

fusion autoencoders, and the mathematical principles underlying our framework. Sec-

tion 4.3 describes the multi-stage training approach and architectural choices. Section

4.4 presents experimental settings and evaluation protocols. Section 4.5 reports results

on generation, manipulation, interpolation, and downstream tasks. Section 4.6 discusses

!ndings and concludes the chapter.

Diffusion Process

Figure 4.1: Overview of the proposed 3D LDAE framework for unsupervised representa-

tion learning in brainmedical imaging. The framework consists of three key components:

(i) a compression model (E and D), which encodes high-dimensional MRI brain scans

(x0) into a lower-dimensional latent representation (z0), facilitating e"cient processing;

(ii) a Latent Di!usionModel (LDM), trained to learn the distribution of the compressed

representations through a di#usion process, progressively transforming z0 into zT and

vice versa via a UNet-based denoising network (UNetθ); and (iii) the semantic encoder-

decoder model (Gψ andEncφ), which learns a meaningful latent representation (ysem)

from the input scan and utilizes it to guide the reverse di#usion process via a gradient

estimator (Gψ).
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4.2 Background

DPMs are generative models that model a target distribution by learning a denoising

process at varying noise levels [148]. This concept is inspired by nonequilibrium ther-

modynamics, in which a physical system starts from a structured, low-entropy state that

is gradually “di!used” or driven toward a more disordered, high-entropy equilibrium

state over time. In principle, the system can be steered back toward a more ordered

con"guration, although this typically requires precise control and information about the

underlying dynamics. In di!usion-based generative models, we begin with real data and

then apply a stochastic “di!usion” of noise step-by-step. Each step slightly corrupts the

data by adding Gaussian noise to arrive at a highly noisy, nearly featureless distribution

that is mathematically close to a pure Gaussian distribution N (0, I).

4.2.1 Denoising Di!usion Probabilistic Models

Denoising Di!usion Probabilistic Models (DDPMs), introduced in [64], model a forward

di!usion process that gradually adds Gaussian noise to a data sample over a sequence of

T steps. Starting from a clean data point x0 ∼ q(x0), the process constructs a Markov

chain x0 → x1 → · · · → xT , where each transition is de"ned as:

q(xt|xt−1) = N
(

xt;
√

1− βtxt−1,βtI

)

, (4.1)

with a "xed variance schedule {βt}
T

t=1
, where 0 < βt < 1. It is convenient to de"neαt =

1 − βt, and its cumulative product ᾱt =
∏

t

i=1
αi. This formulation allows expressing

the noisy sample xt directly in terms of x0 without requiring intermediate steps. The

marginal distribution becomes:

q(xt|x0) = N
(

xt;
√
ᾱtx0, (1− ᾱt)I

)

, (4.2)

which shows that xt is a weighted combination of the original signal and Gaussian noise.

As T grows large, ᾱT tends toward zero, so that q(xT |x0) ≈ N (0, I).

Strictly speaking, exact convergence to N (0, I) occurs only in the limit T → ∞, but

for su#ciently large T the distribution is practically indistinguishable from an isotropic

standard Gaussian. A useful consequence of this formulation is the ability to reparame-

terize the sampling of xt using the so-called reparameterization trick [64], expressing xt

as:

xt =
√
ᾱtx0 +

√
1− ᾱtϵ, ϵ ∼ N (0, I). (4.3)
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To enable data distribution learning and sample generation, the goal is to learn the reverse

di!usion process p(xt−1|xt), which reconstructs clean data from noise-corrupted inputs.

As shown in [148], using a su"ciently large number of steps (typically T = 1000) allows

the reverse process to be well-approximated by a Gaussian:

pθ(xt−1|xt) = N (µθ(xt, t),σ
2

t I), (4.4)

where the mean µθ is parameterized by a neural network (typically a UNet [64]) and

σt is a known or learned variance. In practice, instead of directly predicting µθ , the

model is trained to predict the noise ϵ used in the forward process. This choice leads to a

simpli#ed and stable training objective, as the predicted mean can be reconstructed from

the predicted noise using the known forward process parameters. Speci#cally, the model

is trained to minimize the following mean squared error loss:

Lϵ = Ex0,ϵ,t

[

∥ϵ− ϵθ(xt, t)∥2
]

, (4.5)

where xt is computed via Eq. 4.3. This objective corresponds to a simpli#ed form of

the variational lower bound on the data log-likelihood and has been widely adopted in

modern DDPM frameworks [32, 112, 124, 149].

4.2.2 Denoising Di!usion Implicit Models

DenoisingDi!usion ImplicitModel (DDIM) proposed in [149] introduces a non-Markovian

reverse process that, unlike standard DDPMs, enables faster inference with fewer steps.

In particular, DDIM introduced the following novel joint inference distribution

q(xt−1|xt,x0) = N

(√
ᾱt−1x0 +

√

1− ᾱt−1 − σ
2
t ·

xt −
√
ᾱtx0√

1− ᾱt

,σ2

t I

)

, (4.6)

and the following novel generative process:

xt−1 =
√
ᾱt−1

(

xt −
√
1− ᾱtϵθt(xt, t)√

ᾱt

)

+

+

(

√

1− ᾱt−1 − σ
2
t

)

ϵθt
(xt, t) + σtϵt,

(4.7)

while maintaining the DDPM marginal distribution (Eq. 4.2). Since the marginal is pre-

served, Eq. 4.7 can be used to obtain the latent variable xt−1 from xt through ϵθ from
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a pretrained DDPM, where ϵt ∼ N (0, I). Consequently, σt determines the degree of

stochasticity in the generation process.

A key property of DDIMs is that the generative process will be fully deterministic by

choosing σt = 0 in Eq. 4.7. By doing so, we obtain a bijective, noise-free mapping that

can be reversed by shifting the time index t − 1 → t + 1. This allows DDIM to be

used not only for generation (decoding from xT ∼ N (0, I)) but also for encoding a data

sample x0 into a corresponding latent representation xT via repeated application of the

same update rule in reverse. The inversion is possible because the network is trained to

predict the noise component ϵθ(xt, t) at a speci!c time step t. Consequently, the predicted

noise remains valid regardless of whether the process runs forward or backward in time.

By de!ning:

fθ(xt, t) =
xt −

√
1− ᾱtϵθt(xt, t)√

ᾱt

,

and inverting {Eq. 4.7}σt=0 we can obtain the encoding step:

xt+1 =
√
ᾱt+1fθ(xt, t) +

√

1− ᾱt+1 ϵθ(xt, t), (4.8)

In [124], it is shown that applying this encoding procedure on x0 to obtain the associ-

ated latent xT allows DDIM to reconstruct x0 with high !delity by generating from xT .

However, since the resulting latent primarily captures low-level noise structure, it lacks

high-level semantics, making tasks like semantically-smooth interpolation or attribute

editing less e"ective in this latent space.

4.2.3 Di!usion Autoencoders

In order to obtain a semantically meaningful latent code, the authors of DAE [124] de-

signed a conditional DDIM image decoder that approximates p(xt−1|xt,ysem) in which

ysem is a non-spatial vector of dimension d = 512 learned from a semantic encoder

that maps x0 into ysem = Encφ(x0). The encoder and the DDIM decoder are trained in

conjunction by optimizing:

Lϵ =
T
∑

t=1

Ex0,ϵt

[

∥ϵθ(xt, t,ysem)− ϵt∥22
]

. (4.9)

with respect to θ and φ by conditioning a UNet with the Encφ output using Adaptive

Group-wise Normalization (AdaGN) layers as proposed in [31]. By training the twomod-

els simultaneously, the encoder Encφ is forced to learn as much information as possible

to help the DDIM in the denoising process. The authors of PDAE [186] clari!ed this
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behaviour by showing that there exists a gap between the posterior mean predicted by

an unconditional DDPM (µθ(xt, t)) and the true one (µ̃t(xt,x0)). The posterior mean

gap is caused by an information loss that, in theory, can be recovered by conditioning on

some y that contains all information about x0. By letting y = ysem a learnable vector

produced by an encoder, it will be forced to learn as much information as possible to !ll

the posterior mean gap and consequently as much information as possible from x0. Fol-

lowing these principles, it is possible to train a DAE from pretrained DDPMs, achieving

better training e"ciency and stability [186].

4.2.4 Classi!er-Guided Sampling Method

The classi!er-guided method allows to condition the generation of a DDPM towards

some information, e.g. classes or prompts [148, 151]. It consists of training a classi!er

pψ(y|xt) on noisy images xt. The gradient ∇xt
log pψ(y|xt) points in the direction of

increasing probability of y and can be leveraged to guide the generation towards samples

correlated to information in y. The conditional reverse process can be approximated

using a Gaussian distribution, resembling the unconditional case, but with an adjusted

mean:

pθ,ψ(xt−1|xt,y) ≈ N
(

xt−1;µθ(xt, t) + σt ·∇xt
log pψ(y|xt),σt

)

. (4.10)

For DDIMs, a score-based conditioning trick [149, 150] can be applied to de!ne a new

function approximator for conditional sampling:

ϵ̂θ,ψ(xt, t) = ϵθ(xt, t)−
√
1− ᾱt ·∇xt

log pψ(y|xt). (4.11)

Based on this concept, the authors of [186] introduced an additional gradient estimator

Gψ(xt,ysem, t) to approximate the classi!er guidance term ∇xt
log p(ysem|xt). This

allows training a DAE from a pre-trained unconditional DDPM. The encoder processes

the original image to produce a semantic representation ysem, which conditions the gra-

dient estimator to approximate ∇xt
log p(ysem|xt) and a frozen pre-trained DDPM is

used to approximate ϵθ(xt, t). This novel formulation enables a two-stage training strat-

egy: (i) train an unconditional DDPM to learn the prior, and (ii) freeze the DDPM and

train the encoder and gradient estimator to introduce semantic control. This decoupling

leads to more stable and e"cient training, as it eliminates the need for joint optimization,

separating the concepts of generation and representation learning. More details will be

discussed in Section 4.3.3 since we used the same concepts but on a compressed data

representation as discussed in Section 4.3.1 and Section 4.3.2.
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4.3 Methods

The overall scheme of the proposed framework is shown in Fig.4.1. This section provides

a detailed description of the training stages and the network architecture choices. Since

the framework is designed to learn two di!erent types of latent representations from

the original data, we will refer throughout the remainder of the manuscript to the latent

space generated by the compression model as the compressed space (Section 4.3.1) and to

the latent space produced by the semantic encoder as the semantic space (Section 4.3.3)

4.3.1 Compression Model

To make the training tractable for 3D data, we adopted the principles of LDMs, specif-

ically the use of an AE to compress high-dimensional scans into a lower-dimensional

latent space for e"cient generation as in [125, 121]. Rather than training a compression

model from scratch, we #ne-tuned a model with weights pre-trained on the extensive UK

Biobank dataset [153], by [121]. Training such a compression model from scratch would

not only be time-consuming but would also require more data than the one available in

ADNI. For this reason, we followed the same strategy as [125], who also adopted the

pre-trained model from [121] and #ne-tuned it for a Latent Di!usion model on the ADNI

dataset. Both approaches followed the seminal paper on Stable Di!usion, [133], in which

the authors found that the model requires a combination of multiple loss functions to

achieve good reconstruction quality and learn a high-#delity latent space. Although these

losses do not act directly on the subsequent representation-learning stage, they shape the

compact latent space in which the di!usion model subsequently operates. By preserving

voxel-wise spatial correspondence with the input volume, the compressed representation

allows the di!usionmodel to focus on clinically meaningful structure instead of low-level

detail. Lacking this well-formed latent space, the di!usion process would be forced to run

in the native voxel domain, an operation that is highly computationally expensive for 3D

brain MRI.

Following [133], we employed an autoencoder architecture based on [41] as our percep-

tual compression model. This approach uses a combination of perceptual loss [185] and

patch-based adversarial objective [34, 184], ensuring reconstructions remain within the

image manifold while avoiding the blurriness characteristic of pixel-space losses. We ap-

plied Kullback-Leibler (KL) regularization to constrain the variance in the compressed

space, similar to VAE [82, 132].

Given a 3D brain scan x0 ∈ R
H×W×D×1, a compression encoder E encodes x0 into a
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compressed representation z0 = E(x0) ∈ R
h×w×d×c, where f = H/h = W/w = D/d

is the downsampling factor. The decoder D reconstructs the image:

x̃0 = D(z0) = D(E(x0)).

We train the compression model using a balanced combination of losses:

Ltotal = Lrecons + λKLLKL + λperceptualLperceptual + λadvLadv, (4.12)

where λKL, λperceptual, and λadv determine the relative importance of each term. Table 4.1

reports the values used in our implementation.

Table 4.1: AutoencoderKL architecture and training con!guration

Parameter Value

Input Resolution 1× 128× 160× 128
Latent Size 3× 16× 20× 16
Channels [64, 128, 128, 128]

Residual Blocks per Level 2

Normalization Group Normalization

KL Weight 1× 10−7

Adversarial Weight 0.025

Perceptual Weight 0.001

Perceptual Net SqueezeNet (fake-3D ratio: 0.5)

Discriminator Layers / Channels 3 / 64

Optimizer Adam

Learning Rate (Generator) 5× 10−5

Learning Rate (Discriminator) 1× 10−4

Batch Size (E"ective) 8 (1 GPUs x 1, grad. accum. 8)

Training Time 20 epochs / ∼ 3 days

Pretrained Init UK Biobank [121]

Hardware 1 × NVIDIA A100 80GB

Reconstruction Loss We use an ℓ1 loss to measure pixel-wise di"erences between the

original image x and the reconstruction x̃:

Lrecons =
1

N

N∑

i=1

∥xi − x̃i∥1.
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Table 4.2: Latent Di!usion Model pretraining con"guration

Parameter Value

Input Latent Shape 3× 16× 20× 16
Channels [256, 512, 768]

Residual Blocks per Level 2

Attention Resolutions (factors) [2, 4]

Dropout 0.1

Timesteps 1,000

Beta Schedule Linear: βt ∈ [10−4, 2× 10−2]
Optimizer Adam

Learning Rate 2.5× 10−5

EMA Decay 0.999

Batch Size (E!ective) 128 (2 GPUs × 64, grad. accum. = 2)

Training Time 500 epochs / ∼ 18 hours

Hardware 2 × NVIDIA A100 SXM4 40GB

KLDivergence Loss This term encourages the encoder’s latent distribution to approx-

imate a standard normal. In practice, we keep λKL su#ciently small (e.g., 10−7) to prevent

over-regularizing the latent space and losing high-frequency details. Let the latent rep-

resentation have L = h× w × d× c total elements. Then the KL term is:

LKL =
1

N

N
∑

i=1

L
∑

ℓ=1

1

2

(

µ2

i,ℓ + σ2

i,ℓ − log(σ2

i,ℓ)− 1
)

,

where µi,ℓ and σi,ℓ are the mean and standard deviation for the ℓ-th latent component of

the i-th sample.

Perceptual Loss We employ a feature-space perceptual loss [185]:

Lperceptual =
∑

l

λl

1

Nl

∥φl(x)− φl(x̃)∥
2

2
,

whereφl(·) denotes the activation of the l-th layer of a pretrained network,Nl is the num-

ber of features in layer l, and λl is the layer weight. We used a lightweight SqueezeNet

pretrained on ImageNet in our implementation. For each anatomical plane (axial, sagit-

tal, coronal), 50% of the slices are randomly selected. The loss is computed independently

on the selected slices of each plane, then averaged "rst across slices within each plane

and subsequently across the three planes, a strategy we refer to as fake-3D in Table 4.1.
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Table 4.3: Representation learning stage con!guration

Semantic Encoder

Architecture 2.5D Attention-based Encoder

Slicing plane Axial

Backbone ConvNeXt-Small

Pretrained Init ImageNet

Input Modality 1× 128× 128× 160

Input Sequence Length 128 slices

Multihead Attention 8 heads, attention dropout 0.1

Output Representation Global, non-spatial vector ysem ∈ R
768

Gradient Estimator Gψ

Architecture Modi!ed U-Net (same con!guration of LDM)

Shared Components Downsampling blocks from pretrained LDM

New Components Middle, upsampling, and output blocks

Condition Injection AdaGN

Weighting Scheme SNR based, γ = 0.1

Training Con!guration

Optimizer Adam

Learning Rate 2.5× 10
−5

EMA Decay 0.999

E"ective Batch Size 16 (2 GPUs × 2 × grad. accum. 4)

Training Duration 200 epochs / ∼2 days

Hardware 2 × NVIDIA A100 SXM4 40GB

Table 4.4: 3D CNN Semantic Encoder con!guration (ablation experiment)

Parameter Value

Input Shape 1× 128× 160× 128

Channels [96, 96, 192, 192, 384]

Residual Blocks per Level 2

Attention Resolutions (factors) [2, 4]

Dropout 0.1

Output Representation Global, non-spatial vector ysem ∈ R
768
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Adversarial Loss To encourage sharper local detail and stable gradients, we use a

patch-based Least Squares GAN objective [34, 184]. For the generator (autoencoder):

Ladv = Ex

[

(D(x̃)− 1)2
]

,

and for the discriminator:

LD =
1

2
Ex

[

(D(x)− 1)2
]

+
1

2
Ex

[

D(x̃)2
]

.

Here,D(·) indicates a patch discriminator that computes the loss onmultiple local patches

rather than the entire volume. The adopted patch-based adversarial loss forces the model

to preserve local image textures. The discriminator network parameters used in our im-

plementation are reported in Table 4.1.

4.3.2 Latent Di!usion Model - Pretraining

The trained perceptual compression model provides a compact representation of the in-

put scan by a factor f along each dimension, leading to a volume with f3 times fewer

voxels. This model discards imperceptible high-frequency details while retaining crucial

semantics embedded in low-frequency structures, making it an e!cient yet expressive

space for generative modelling. However, to ensure stability and improve the e"ective-

ness of di"usion training, we normalize the learned latents as suggested in Appendix G.

of [133]. Speci#cally, after encoding with E , we rescale the latent representation to have

unit variance across the #rst batch, ensuring a standardized latent space that facilitates

di"usion learning.

In this stage, we train a DDPM without conditioning on the input image, resulting in a

time-conditioned UNet operating in the compressed space. The latent lower bound is:

LLDM =

T
∑

t=1

EE(x),ϵt

[

∥ϵθ(zt, t)− ϵt∥22
]

in which ϵt ∈ R
h×w×d×c ∼ N (0, I), zt =

√
αtz0 +

√
1− αtϵt and t ∼ U(0, T ) during

training with T = 1000. For time conditioning, the sampled timestep t is #rst encoded

using sinusoidal positional encoding, then projected to produce a time embedding. This

embedding is injected into the network via AdaGN [32] in each residual block, where

it generates scale and shift parameters that modulate the normalized feature maps. The

reverse DDIM process using Eq.4.7 will sample a new ẑ0 from the compressed latent

distribution p(z) that can be decoded to image space trough D.
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4.3.3 Representation Learning - LDAE

Now that we have pretrained the LDM we can employ a semantic encoder that maps x0

into ysem = Encφ(x0) and a gradient estimator for the compressed space guidance sim-

ulation Gψ(zt,ysem, t). Similarly to [186] the gradient estimator Gψ is used to estimate

∇zt
log p(ysem|zt) and the conditional decoder will approximate:

pθ,ψ(zt−1|zt,ysem) = N
(

zt−1;µθ(zt, t) + σt ·Gψ(zt,ysem, t),σt

)

. (4.13)

LDAE is trained as a regular DPM by optimizing the following variational lower bound

derived objective:

LLDAE(ψ,φ) = Ex0,t,ϵ

[

λt

∥

∥

∥

∥

∥

ϵ− ϵθ(zt, t)

+

√
αt

√
1− ᾱt

βt

· σt ·Gψ(zt, Encφ(x0), t)

∥

∥

∥

∥

∥

2]

.

(4.14)

Note that: (i) the pretrained LDMparameters θ are frozen during this phase, consequently

Eq. 4.14 optimizes only parameters ψ and φ; and (ii) the gradient estimator operates on

the compressed latent distribution (p(z)) while the encoder process the original image

(x0). This adopted optimization, similar to PDAE, forces the predicted mean shift σt ·

Gψ(zt, Encφ(x0), t) to !ll the latent posteriormean gap µ̃t(zt, z0)−µθ(zt, t) by learning

as much information as possible ysem from x0.

Following [186], we adopt their proposed weighting scheme of the di"usion loss (Eq.

4.14), which has been shown to improve training stability and representation learning.

Instead of using a constant weighting factor (λt = 1), they suggest a signal-to-noise ratio

(SNR)-based scheme:

λt =

(

1

1 + SNR(t)

)1−γ

·

(

SNR(t)

1 + SNR(t)

)γ

, (4.15)

where SNR(t) = ᾱt

1−ᾱt

and γ is a hyperparameter controlling the balance between early-

stage and late-stage weighting. Following their recommendation, we set γ = 0.1 as it

down-weights the loss for both very low and very high di"usion steps while encouraging

the model to focus on learning richer representations in intermediate stages.

4.3.4 Encoder Design

To enable e#cient training and convergence in unsupervised representation learning, we

adopted an encoder design inspired by the diagnostic framework proposed in Chapter 3.
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Figure 4.2: Architecture of the Semantic Encoder used in the LDAE framework.

The input 3D brain MRI scan x0 ∈ R
H×W×D is sliced along the axial plane into a se-

quence of 2D slices, each processed independently through a shared 2D CNN backbone

(e.g., ConvNeXt-Small) to extract slice-level embeddings ei ∈ R
d. These embeddings are

then aggregated via a two-stage attention mechanism: SoftAttention computes a global

summary vector Q as a weighted mean over the sequence, and CrossAttention simulates

self-attention by queryingQwith the original embeddingsE, yielding a !nal global non-

spatial semantic vector ysem ∈ R
d used to guide the reverse di"usion process.

In the previous chapter, we observed that 2D models improved convergence speed and

performance in data scarcity scenarios. Our encoder leverages a 2D CNN for feature

extraction while back-propagating the error signal at the volume level. Speci!cally, we

considered axial slices as a sequential input of 2D images, each embedded by a 2D CNN.

An overview of the new proposed encoder architecture is shown in Figure 4.2.

Formally, given a sequence of axial slices x = {xi}
L
i=1

, each slice is independently en-

coded using a shared 2D convolutional encoder fcnn:

ei = fcnn(xi), ei ∈ R
d

Stacking the embeddings yields the matrix:

E = [e1, e2, . . . , eL] ∈ R
L×d

where L is the number of slices and d is the feature dimension. In order to aggregate the

slice-level features into a single global representation ysem ∈ R
d, we employ a two-stage

attention mechanism consisting of soft-attention followed by multi-head cross-attention.

We !rst compute a summary vector Q ∈ R
1×d as a weighted average of the slice em-
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beddings:

Q =
L
∑

i=1

αiei

where the attention weights αi ∈ [0, 1] are computed as:

αi =
exp(wi)

∑L

j=1 exp(wj)
, wi = MLP(ei)

with wi ∈ R obtained from a learnable scalar projection (e.g., a shared MLP) applied

to each ei. This allows the model to focus on the most informative slices in a data-

driven manner. To re!ne the global summary Q with contextual information from the

full sequence, we apply multi-head cross-attention using Q as the query and E as both

key and value:

ysem = MultiHeadAttention(Q,K = E,V = E)

For each attention head h ∈ {1, . . . , H}, the computation is:

head(h) = softmax

(

(QW
(h)
Q )(EW

(h)
K )⊤

√
dh

)

EW
(h)
V ∈ R

1×dh

where dh = d/H and W
(h)
Q ,W

(h)
K ,W

(h)
V ∈ R

d×dh are learned projection matrices.

The !nal representation is obtained by concatenating all heads and applying a linear

projection:

ysem = Concat(head(1), . . . , head(H))WO ∈ R
1×d

withWO ∈ R
d×d a learned output projection.

This formulation yields a single global vectorysem, a context-aware summary that re"ects

the full slice sequence. This approach is compatible with standard 2D CNN backbones

and supports the use of pretrained weights while enabling semantic aggregation across

the volumetric axis.

4.3.5 Gradient-Estimator Design

The gradient estimator Gψ(zt,ysem, t) is implemented as a modi!ed UNet architecture

as proposed in [186]. It shares the same downsampling path and time embedding mod-

ules as the pre-trained LDM introduced in Section 4.3.2, enabling reuse of the learned

representations from the unconditional model. However, to enable conditional guidance

based on the semantic encoding ysem, we add a second, dedicated upsampling path. As

a result, Gψ consists of a shared encoder and two decoder branches:
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1. The !rst branch (original) corresponds to the unconditional denoiser ϵθ , which

was optimized during the LDM pretraining stage and remains !xed (i.e., weights

are frozen) throughout the current training procedure.

2. The second branch is newly initialized, including its middle blocks, upsampling

path, and output layers, and uses the same skip connections of the frozen encoder.

This branch is trained from scratch using Eq. 4.14.

Following the conditioning strategy proposed in [186], we use AdaGN [32] to inject both

timestep t and semantic condition ysem into the new decoder. AdaGN applies a learned

a"ne transformation to the normalized feature map h:

AdaGN(h, t,ysem) = ys
sem (ts · GroupNorm(h) + tb) + yb

sem,

where [ys
sem,yb

sem] and [ts, tb] are scale and bias vectors obtained via linear projections

of ysem and t, respectively. This design allows the model to retain the low-level repre-

sentations learned during the unconditional pretraining, while enabling the new branch

to learn how to guide the denoising process using the high-level semantic codes.

4.3.6 Gradient Estimator as Stochastic Encoder and Conditional
Decoder

While serving as an estimator for the denoising function ϵ̂θ,ψ , the gradient network

Gψ(zt,ysem, t) assumes a dual role within the proposed LDAE framework: it operates

both as a stochastic encoder and a conditional decoder. This dual capability, initially intro-

duced in the DAE framework [124], is fundamental to supporting both accurate recon-

struction and controllable semantic generation.

Stochastic Encoder viaDDIM Inversion To encode a compressed sample z0 = E(x0)

into its stochastic latent code zT , we employ a deterministic DDIM-like backward (Eq.

4.8) using the semantic code ysem = Encφ(x0) and the gradient estimator Gψ :

zt+1 =
√

ᾱt+1fθ(zt, t,ysem) +
√

1− ᾱt+1 ϵ̂θ,ψ(zt, t,ysem), (4.16)

where fθ is the DDIM predictor and ϵθ is approximated using Gψ . Although the DDIM

process is deterministic, the latent code zT encodes the stochastic, subject-speci!c as-

pects of the input (e.g., anatomical variability, or subtle structural features) that are not

captured by the semantic embedding ysem, which primarily represents global brain mor-

phology. This approach is motivated by the DAE framework [124], in which semantic
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content is extracted by the encoder, while the DDIM inversion reconstructs residual vari-

ability. Together, this enables near-exact reconstructions and controllable manipulation

while preserving the original image characteristics.

Conditional Decoder for Reconstruction and Generation Conversely, the same

gradient estimator can decode a noisy latent code zT into a clean latent z0 via the condi-

tional DDIM reverse (generative) process. This decoding can be performed in twomodes:

1. Reconstruction: starting from the inferred zT obtained via inversion and ysem,

enabling near-exact reconstructions.

2. Generation: starting from pure noise zT ∼ N (0, I) and guiding the process with

ysem, producing samples that shares semantic attributes with x0.

This dual capability allows the model to interpolate in latent space, perform counter-

factual generation, and reconstruct missing intermediate timepoints, as explored in our

semantic evaluation experiments (see Section 4.4).

4.3.7 Controlling SemanticAttributes via Latent LinearDirections

Once a semantic-rich encoder is trained (Sections 4.3.3–4.3.4), we can manipulate the

latent representation ysem ∈ R
d to alter speci!c features in the reconstructed 3D scan

as proposed in [124]. Concretely, suppose we train a linear classi!er

ℓ(ysem) = w
⊤
ysem + b

to distinguish, for example, AD from CN participants. The set of points ysem satisfy-

ing w
⊤
ysem + b = 0 de!nes an hyperplane in R

d. By de!nition, the weight vector

w is orthogonal to this hyperplane, meaning that w⊤(ysem,2 − ysem,1) = 0 for any

two points ysem,1 and ysem,2 on the decision boundary. Hence, w de!nes a princi-

pal direction in ysem-space along which movement will have the maximum e"ect on

the classi!er’s output (ℓ(ysem)). Intuitively, translating ysem in the direction of w (i.e.,

ysem ← ysem + αw) will “add” the corresponding AD-related features to the recon-

structed scan, whereas moving in the opposite direction (α < 0) will “subtract” them.

Empirically, this directional manipulation can disentangle speci!c symptoms or mor-

phological traits in the semantic representation, thereby giving control over generated

3D reconstructions.
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4.3.8 Semantically meaningful interpolation

To assess the semantic smoothness of the learned semantic space, we performed interpo-

lation using both the semantic and stochastic codes. This enables qualitative and quanti-

tative evaluation of how well the latent space captures continuous and clinically mean-

ingful transformations across brain MRI scans.

Following the DAE framework [124], we perform linear interpolation in the semantic

space and spherical linear interpolation in the stochastic one. Given two input scans

x1 and x2, their corresponding semantic and stochastic representations are denoted as

y
1
sem, z

1
T
and y

2
sem, z

2
T
, respectively. The interpolated latent representations at interpola-

tion factor t ∈ [0, 1] are computed as:

LERP(y1
sem,y

2
sem; t) = (1− t) · y1

sem + t · y
2
sem (4.17)

SLERP(z1
T
, z

2
T
; t) =

sin((1− t)θ)

sin(θ)
z
1
T
+

sin(tθ)

sin(θ)
z
2
T

(4.18)

where the angle θ between z
1
T
and z

2
T
is given by:

θ = arccos

(

⟨z1
T
, z2

T
⟩

∥z1
T
∥ · ∥z2

T
∥

)

(4.19)

The interpolated pair (y
(t)
sem, z

(t)
T
) is then decoded using the reconstruction procedure

described in Section 4.3.6.

4.4 Experiments

4.4.1 Dataset and Preprocessing

We performed our experiments on the ADNI database considering all the stages of cog-

nitive decline, ranging from CN to MCI and AD. The demographic information of the

subjects in the dataset is summarized in Table 4.5, providing essential context for our

analysis and !ndings.

BIDS Conversion As in Sec. 3.4.1, the dataset was !rst converted into the BIDS format

[57] using the Clinica platform [135, 138]. During this phase, the Clinica ADNI-to-BIDS
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Table 4.5: Population statistics across CN, AD, and MCI groups. The statistics include

age, mini-mental state examination (MMSE) and global clinical dementia rating (CDR)

scores.

Group Subjects Samples Age MMSE CDR

CN 965 3673 75.43± 6.83 29.06± 1.20 0.03± 0.17

AD 748 2064 76.36± 7.59 21.79± 4.44 0.95± 0.52

MCI 1193 4603 74.72± 7.74 27.51± 2.24 0.46± 0.22

converter automatically applies a quality control check, selecting the preferred scan for

each visit and discarding scans that fail prede!ned quality checks.

In addition to ADNI, we evaluated model transferability on two external datasets: OA-

SIS-3 [89] and AIBL [40]. Both datasets were also converted to BIDS format using the

dedicated Clinica tools OASIS3-to-BIDS and AIBL-to-BIDS, respectively. This stan-

dardization ensured consistent preprocessing and inference across datasets while ensur-

ing compatibility with the pipelines developed for ADNI.

Preprocessing Pipeline The preprocessed dataset was prepared using a slightly mod-

i!ed version of the neuroimaging pipeline detailed in Sec. 3.4.1. The pipeline consisted

of the following sequential steps:

1. Bias FieldCorrection: Intensity non-uniformitieswere corrected using theN4ITK

algorithm [159].

2. Skull Stripping: Brain tissue was extracted using the deep learning-based brain

extraction models proposed in [24] from ANTsPyNet package.

3. A!ne Registration: Each brain-extracted volume was a"nely aligned to the

MNI152 ICBM 2009c nonlinear symmetric template [50, 49] using the SyN algo-

rithm from the ANTs toolkit [5, 6].

Inference-Time Normalization We employed the MONAI framework [11] for batch

preprocessing at inference time. The following transformations were applied:

1. Voxel Spacing Normalization: All images were resampled to a uniform voxel

spacing of 1.5mm isotropic using B-spline interpolation.
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2. Spatial Resizing: Volumes were resized using cropping or padding to a target

shape (e.g., 128× 160× 128).

3. Intensity Normalization: Intensities were rescaled to the [0, 1] range using min-

max normalization.

4.4.2 Experimental Setup

AutoencoderKL Training To enable e!cient di"usion training in a compressed rep-

resentation space, we #ne-tuned a 3D perceptual autoencoder to compress full-resolution

MRI scans into a compact latent representation. We used the AutoencoderKL imple-

mentation from the MONAI Generative [122] framework. The model was initialized

from a checkpoint pre-trained on the UK Biobank dataset [154] and #ne-tuned on vol-

umes resampled to a resolution of 128×160×128. The detailed training setup is reported

in Table 4.1.

LatentDi!usionModel Pretraining Following the compressionmodel training stage,

we pretrained a DDPM directly in the compressed latent space. This stage models the

distribution of latent representations z0 ∈ R
3×16×20×16 (170× smaller), signi#cantly

reducing the computational burden compared to operating in voxel space. The training

follows the standard DDPM formulation with a linear noise schedule and uses a 3D UNet

architecture trained to predict the added Gaussian noise in the latent space. The Expo-

nential Moving Average (EMA) of model weights update was applied during training for

improved stability and sample quality. A full list of architectural and training parameters

is provided in Table 4.2.

Representation Learning via 2.5D Semantic Encoder To guide the reverse di"u-

sion process with clinically meaningful features, we trained a semantic encoder network

to extract a compact latent code ysem from the original 3D brain volume x0. This la-

tent code serves as a conditioning vector during denoising via the gradient estimator

Gψ(zt,ysem, t), as detailed in Section 4.3.3. The encoder follows a 2.5D strategy, where

axial slices are independently processed using a 2D CNN backbone, and then aggre-

gated using a combination of soft attention and cross-attention mechanisms to produce

a global, non-spatial embedding. We employed a pre-trained ConvNeXt-Small model as

the slice-level feature extractor, adapted to single-channel inputs (grayscale MRI slices),

with embedding dimension d = 768 and input sequence length L = 128. The grayscale

adaptation consisted of summing the pre-trained convolutional #lters of the backbone’s
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!rst layer, thus allowing the usage of pre-trained weights without adding extra channel

dimensions. The semantic encoder and gradient estimator were optimized jointly to min-

imize the weighted di"usion loss described in Equation 4.14, using the Signal-to-Noise

Ratio (SNR)-based weighting scheme proposed by [186]. The gradient estimatorGψ was

implemented as a modi!ed UNet architecture, reusing the encoder and time embedding

modules from the pre-trained unconditional LDM (see Table 4.3). A new decoder branch,

composed of middle, upsampling and output blocks, was initialized with the same con-

!guration of the LDM. A full list of architecture and training parameters for this stage

is provided in Table 4.3. To assess the contribution of our 2.5D design, we conducted an

ablation experiment replacing the semantic encoder with a 3D CNN variant, con!gured

as detailed in Table 4.4.

Data Splits and Model Selection Strategy We adopted a consistent 90-10 train-test

split at the subject level for all training stages. Within the 90% training partition, a ran-

dom 1% subset was reserved for validation purposes. This minimal validation split was

chosen to preserve maximal training data availability, as the main objective was image

reconstruction rather than classi!cation. Validation was conducted using image-level re-

construction metrics. For the compression model and the representation learning stage,

model selection was based on the best Structural Similarity Index Measure (SSIM) score

observed on the validation set. In the representation learning stage, we speci!cally mon-

itored the SSIM between the original image and the reconstruction generated using the

semantic embedding ysem and pure noise as stochastic input. This metric served as a

proxy for the quality and completeness of the semantic information extracted by the en-

coder. No validation-based checkpointing was used in the latent di!usion model pretrain-

ing stage. Instead, the model parameters at the !nal epoch were retained for downstream

use, as unconditional di"usion sampling was the primary goal, and model weights up-

dates were performed through an EMA strategy. For quantitative comparison, we eval-

uated reconstruction performance using MAE, SSIM, and the Learned Perceptual Image

Patch Similarity (LPIPS) metric, which corresponds to the perceptual loss used in the

compression model (Section 4.3.1).

Linear Probe Setup To evaluate the semantic quality of the learned representations,

we performed linear probe experiments on two downstream tasks: AD diagnosis and

age prediction. For this purpose, we trained linear models on top of the !xed semantic

embeddings extracted from the trained LDAE encoder. Given an input 3D brain MRI scan

x0, we !rst projected each image into the semantic space using the encoder Encφ(x0),

obtaining a semantic vector ysem ∈ R
768. These embeddings were computed for all

samples in the dataset. The dataset was initially split at the subject level into 90% training
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and 10% test sets. From the 90% training portion, we held out 1% for validation and used

the remaining 89% for training. We further split this 89% into 70% training and 30%

validation subsets for the linear probe experiments. The original 10% test set was kept as

a !xed benchmark for !nal evaluation. For the AD vs. CN classi!cation task, we trained

a linear classi!er consisting of a single fully connected layer with binary cross-entropy

loss. We trained a linear regressor using Mean Squared Error (MSE) loss for the age

prediction task. The classi!er was trained using the Adam optimizer for 200 epochs with

a 1 × 10
−3 learning rate. The regressor was trained using Stochastic Gradient Descent

(SGD) for 1000 epochs with the same learning rate. Note that all linear models were

trained on the !xed semantic vectors without !netuning the encoder.

These linear probe experiments aim to quantify the extent to which the learned seman-

tic codes ysem encode clinically meaningful and linearly separable features relevant to

disease classi!cation and age estimation.

Table 4.6: Comparison of voxel-space DAE and latent-space LDAE in terms of input

resolution, model size, training duration, and reconstruction e"ciency.

Metric DAE LDAE

Input Resolution 112× 128× 112 128× 160× 128

Model Parameters 130M 920M

Training Duration 140 epochs / ∼1 week 500+200 epochs / ∼3 days

Hardware 2 × A100 40GB 2 × A100 40GB

Inference Time (T = 100) ∼120 seconds ∼6 seconds

SSIM (↑) at T = 100 0.892 0.962

LPIPS (↓) at T = 100 0.038 0.076

Interpolation forMissing ScanGeneration Our LDAE framework posits a compact,

semantically continuous latent space where proximity and direction correlate meaning-

fully with input data properties. Since the hypothesis is that this space can linearly sep-

arate subjects by clinical status (AD vs. CN) and age (Sec. 4.5.4), interpolation serves as

a critical test of its continuity. We hypothesize that if the space meaningfully organizes

subjects based on clinical state, it should also map the continuous progression between

these states. Thus, the primary objective is to validate that moving between two points

in this space corresponds to a smooth, anatomically plausible transformation in the im-

age domain. Successful interpolation, yielding a realistic intermediate scan, provides

strong evidence that the model learns fundamental generative factors of temporal brain

changes, not just discrete states. The ability to generate high-!delity intermediate scans

has signi!cant practical implications:
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• Missing Data Imputation in Clinical Trials: Our model can generate plausible

intermediate scans (e.g., a Year 2 scan between Year 1 and Year 3) for longitudinal

studies, addressing participant dropout and missed appointments. This enhances

statistical power and reduces bias by enabling inclusion of subjects requiring com-

plete time-series data.

• Dense Data Augmentation for Predictive Models: Interpolating between ex-

isting scans can generate synthetic data at !ner temporal resolutions (e.g., 3, 6, and

9 months). This denser dataset can train more robust predictive models, sensitive

to subtle, short-term changes in disease onset or conversion.

To formally assess this, we simulated missing follow-up scan generation by interpolating

between a subject’s earlier and later visits. It is important to recall that all input scans

are nonlinearly registered to a common anatomical template, a crucial preprocessing step

that minimizes inter-scan variability from head positioning or acquisition. This allows

the model to focus on capturing underlying neuroanatomical and pathological changes

over time, which is the biological progression this experiment aims to re"ect.

We conducted the interpolation experiment on a subset of the held-out test set. For each

subject with at least three visits in the test set, we selected all valid (start, target, end)

triplets such that the target timepoint lies temporally between the start and end. For

each triplet, we computed the interpolation factor α based on the temporal o#set of the

target with respect to the interval de!ned by start and end. We then interpolated linearly

between the semantic codes (ysem) and spherically between the stochastic codes (zT ) to

generate the latent pair (y
(t)
sem, z

(t)
T
) corresponding to the target intermediate timepoint

t. This experiment was conducted on a subset of 30 subjects from the test set, yielding

approximately 1400 valid triplet con!gurations. The number of possible triplets T for

a subject with n sessions grows approximately as T ∝

(

n

3

)

, under the constraint that

the target scan lies strictly between the start and end. This implies that even modest

increases in subjects considered for the evaluation will increase signi!cantly the num-

ber of generations to compute. The generated latent representation was decoded using

the DDIM-based reverse process described in Section 4.3.8. The resulting image x̂0 was

compared to the ground truth scan x
target
0 using SSIM and MSE. We report average SSIM

and MSE metrics strati!ed by the temporal gap between start and end scans (time gap),

the minimum distance of the predicted target from the endpoints (prediction gap), and

the relative position of the target within the interval (normalized to [0, 1]). This allows

us to assess how interpolation accuracy varies with temporal context.
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4.5 Results

In this section, we present experimental results evaluating the proposed LDAE frame-

work. The results are structured to progressively validate the components of the pipeline

and support the two main hypotheses introduced in Section 2.1.

4.5.1 AutoencoderKL: Reconstruction Quality

We begin by evaluating the perceptual compression model based on AutoencoderKL.

This autoencoder compresses each 3D brain MRI from 1× 128× 160× 128 into a latent

representation of size 3×16×20×16, reducing the volume by a factor of approximately

170×. Despite this compression, the model achieves high-!delity reconstructions, with

an SSIM of 0.962 and an MSE of 0.001 on the external test set (see Table 4.7). Qualitative

examples are shown in Figure 4.3. These results highlight the model’s capacity to retain

high-frequency anatomical details in the compressed latent space.

It is important to note that this reconstruction accuracy establishes an upper bound for

the performance of the subsequent latent di"usion models (LDDIM and LDAE), as the

!nal decoded output always passes through the AutoencoderKL decoder.

4.5.2 Reconstruction Quality

To evaluate the reconstruction capability of our framework, we compared its perfor-

mance against state-of-the-art latent di"usion models for brain MRI. It is important to

note that models like [121] and [125], which we denote as LDDIM in Table 4.7, are pre-

dominantly focused on image generation. While they rely on latent di"usion for high-

!delity synthesis, their core aim is not unsupervised representation learning for down-

stream analytical tasks. Our comparison with LDDIM, therefore, speci!cally evaluates

its reconstruction quality through DDIM inversion, providing a direct metric of genera-

tive !delity achieved within a latent di"usion framework. Given LDAE’s core objective

of enabling e#cient and semantically meaningful unsupervised representation learning

in medical imaging, our primary comparative focus for both reconstruction quality and

computational e#ciency is with the 3D DAE operating directly in voxel space.

As shown in Figure 4.4 and Table 4.7, the proposed LDAEachieves reconstruction quality

on par with AutoencoderKL and LDDIM. Figure 4.4 shows reconstruction results for two

representative test subjects: a CN subject (top) and an AD subject (bottom). The !rst
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column shows the original brain MRI scan, while the second column presents the recon-

struction obtained using both the semantic embedding ysem = Encφ(x0) and the stochas-

tic latent zT obtained via DDIM inversion of the encoded compressed latent z0 = E(x0).

Columns 3-5 show reconstructions obtained by keeping ysem !xed while sampling dif-

ferent z
(i)
T

∼ N (0, I). Despite the stochastic variation, the reconstructions retain global

anatomical and disease-relevant structure, indicating that ysem captures high-level se-

mantics while zT encodes low-level variability. In the AD subject, expected pathological

traits (e.g., ventricular enlargement) are consistently preserved, whereas in the CN sub-

ject, normal cortical volume and structure remain stable across samples. For instance,

at T = 50, LDAE obtains SSIM = 0.962, LPIPS = 0.076, and MSE = 0.001, matching the

performance of both the LDDIM and the upper bound imposed by the AutoencoderKL.

Since LDAE operates in the compressed latent space, it allows e"cient model parameters

scalability. Speci!cally, the full parameter count of ∼920M does not arise from a single

oversized model but from the modular design of our framework. The di#usion UNet

backbone follows the same con!guration as prior works [121, 125] (see Table 4.2) and

accounts for ∼434M parameters. The Gradient Estimator reuses the downsampling path

of this UNet but introduces its own middle, upsampling, and output blocks, contributing

an additional∼384M parameters. Finally, other auxialiry components that enables repre-

sentation learning (semantic encoder, conditioning layers, and output heads) account for

∼50M parameters. Importantly, the UNet backbone remains frozen during representa-

tion learning, and the trainable portion (Gradient Estimator + encoder) is closer in scale to

other state-of-the-art di#usion models. This modular design is necessary to preserve the

pretrained generative prior while enabling stable and tractable semantic representation

learning. Despite this, LDAE remains more e"cient (see Table 4.6).

For consistency and fairness, LDAEwas trained at the same input resolution (128×160×

128) as the latent di#usion baselines AutoencoderKL and LDDIM. In contrast, the DAE

baseline could only be trained at 112×128×112 due to memory constraints. On NVIDIA

A100-SXM4-40GB GPUs, even with mixed precision training, the DAE !t only a batch

size of 1 per GPU; to simulate a larger e#ective batch we relied on gradient accumulation.

Under these conditions, the DAE required ∼1 week of training on 2 GPUs. LDAE, by

comparison, was trained for 200 epochs over 2 days on the same GPU con!guration (2×

A100-SXM4-40GB GPUs).

115





4.5 Results

At inference time, the e!ciency gap is even more pronounced: LDAE requires approxi-

mately 6 seconds per reconstruction at T = 100 steps on an A100 GPU, while the full-

resolution DAE takes approximately 2 minutes per scan due to the lack of compression

and increased I/O overhead. These comparative results suggest that the DAE’s parameter

count may be insu!cient to model the data distribution in voxel space e"ectively. How-

ever, during training, the UNet con#guration was chosen to maximize the GPU memory

usage with just one training batch, preventing us from testing higher-capacity variants

to validate this hypothesis.

These results validate our second hypothesis: LDAE enables high-#delity 3D brain MRI

reconstruction with full semantic controllability and signi#cantly improved computa-

tional e!ciency, both during training and inference.

4.5.3 SemanticGuidance EnablesReconstruction fromPureNoise

To assess the semantic richness of the learned representation, we perform reconstructions

using only the semantic code ysem = Encφ(x0) and a randomly sampled stochastic code

zT ∼ N (0, I). This setup evaluates whether the semantic code alone can guide the

reverse di"usion process to generate anatomically plausible MRI that contains structure

information of x0.

Figure 4.4 shows qualitative reconstructions for two randomly selected subjects: a CN in-

dividual (top) and an AD patient (bottom). For both cases, reconstructions are generated

by #xing the semantic code ysem = Encφ(x0) and sampling multiple stochastic codes zT .

Across samples, the reconstructions preserve global brain morphology, indicating that

the semantic code captures the high-level anatomical and pathological attributes of the

subject, while the stochastic component contributes only to low-level variability. In the

CN subject, cortical thickness and brain volume are preserved across stochastic samples.

In contrast, the AD subject reconstructions consistently display expected atrophic pat-

terns, such as enlarged ventricles and reduced hippocampal volume, despite variation in

image details. These observations suggest that ysem encodes disease-relevant structural

information supporting the #rst hypothesis. We quantitatively validate this observation

in Table 4.7, where reconstructions generated solely from ysem (without DDIM encod-

ing) achieve an SSIM of 0.872 when compared to the original images. This behaviour is

consistent with prior #ndings in DAE [124], where the semantic representation governs

identity and structure, and the stochastic latent controls #ne-grained appearance.
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4.5.4 Linear Probe Evaluation on Alzheimer’s Disease Classi!ca-
tion and Age Prediction

To quantitatively assess the semantic quality of the representations learned by our LDAE

framework, we conducted linear probe experiments on two downstream tasks: (i) AD vs.

CN classi!cation, and (ii) age prediction. For this purpose, we trained a linear classi!er

(for AD vs. CN) and a linear regressor (for age) on top of the semantic vectors (ysem) ex-

tracted from the pre-trained LDAE encoder. As baselines, we also evaluated (i) a baseline

DAE trained in the original voxel space with joint optimization of encoder and di"usion

decoder and (ii) a fully supervised semantic encoder trained end-to-end with access to

ground-truth diagnostic labels, and (iii) the AutoencoderKL trained for the compression

task (Sec. 4.3.1). This model is the same perceptual autoencoder used in recent brain la-

tent di"usion frameworks such as [121] and [125], in which only the encoder component

of the AutoencoderKL is capable of performing unsupervised representation learning.

As a member of the VAE family, AutoencoderKL represents a strong baseline for unsu-

pervised compression and latent space learning in medical imaging. Given its design for

learning a disentangled latent space with a KL divergence regularizer, it is inherently well

suited for linear probing to assess the quality of its learned representations.

As shown in Table 4.8, the LDAE embeddings achieved strong performance on both tasks,

with 83.65% accuracy and 89.48% AUROC on the AD classi!cation task, and a Mean Ab-

solute Error (MAE) of 4.16 years and RMSE of 5.23 years on the age prediction task.

In comparison, while the 3D VAE exhibits a solid MCC score (0.5856), its performance,

particularly in the age prediction task, indicates that its learned representations are less

robust than LDAE’s for linear probing-based regression. This suggests that while a VAE

can compress data e"ectively and its latent space is prone to linear probing, it strug-

gles to capture the complex, discriminative features necessary for high-!delity clinical

downstream tasks. To assess the contribution of the proposed 2.5D semantic encoder,

we conducted an ablation study by replacing it with a 3D CNN variant. Despite the

comparable parameter count, this con!guration failed to achieve stable convergence and

yielded lower performance in downstream linear-probe tasks such as AD classi!cation

and age prediction. We attribute this to the lack of strong inductive priors and the ab-

sence of large-scale pre-trained weights, which limited its ability to learn meaningful

semantic representations in our unsupervised setting. These results further con!rm that

the proposed 2.5D attention-based encoder is not only computationally e#cient but also

essential for achieving stable training and superior downstream performance within our

framework. To further assess whether the learned semantic space ysem captures disease-

relevant information, we applied Linear Discriminant Analysis (LDA) to project the 768-

dimensional embeddings onto a single discriminative axis. Figure 4.5 shows kernel den-
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sity estimates for the LDA projections of AD and CN subjects in both the training and

test sets. Despite the encoder being trained without diagnostic supervision, the semantic

embeddings demonstrate clear class separation, con!rming that ysem encodes clinically

meaningful features in a linearly discriminative manner.

These !ndings support Hypothesis 1, demonstrating that the semantic encoder learns

semantically rich representations. Moreover, the e"ectiveness of such representations on

both classi!cation and regression tasks con!rms their generality across clinically relevant

phenotypes.

4.5.5 Zero-Shot Transferability of SemanticRepresentations toUn-
seen Datasets

To assess the generalization capability of the proposed LDAE framework, we extend our

evaluation to two external cohorts, AIBL and OASIS-3, on which the model was never

trained. Importantly, we operate in a strict zero-shot setting: no !ne-tuning is performed

on the encoder. Instead, we extract semantic embeddings (ysem) from each subject and

train a linear classi!er for the AD vs. CN discrimination task.

As shown in Table 4.9, the LDAE embeddings yield competitive results. On AIBL, our

approach achieves 87.9% accuracy and 0.8757 AUROC, outperforming a fully supervised

encoder in terms of F1-score (0.7040 vs. 0.6042) and MCC (0.6311 vs. 0.5438). A similar

trend is observed on OASIS-3, where LDAE reaches 76.7% accuracy and 0.8101 AUROC

with balanced sensitivity and speci!city. It is worth noting that these results are obtained

using a simple linear head trained on top of inferenced features, without requiring com-

putationally intensive 3D training, or task-speci!c optimization. In contrast, fully su-

pervised training on 3D medical images typically demands large memory footprints, and

prolonged training schedules due to the high dimensionality of volumetric data. Our re-

sults demonstrate that LDAE provides a strong alternative: by learning semantically rich

and transferable features in a fully unsupervised manner, it supports rapid adaptation to

unseen datasets with minimal computational and training supervision cost. This prop-

erty makes it especially valuable in medical imaging domains where data heterogeneity

and annotation scarcity are common.
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nipulated CN). Compared to the original scan, the manipulated image exhibits reduced

hippocampal and medial temporal lobe atrophy (red arrows), while global age-related

cortical atrophy remains comparable, ensuring preservation of age characteristics. Cor-

tical folding patterns remain unchanged, con!rming subject identity preservation. In the

bottom panel, a subject originally diagnosed as CN (Original CN) is manipulated toward

an AD-like brain (Manipulated AD). Here, the manipulated image shows increased hip-

pocampal and medial temporal atrophy (red arrows) while retaining global cortical atro-

phy patterns and subject-speci!c cortical architecture. Di"erence maps (bottom row for

each panel) highlight localized structural modi!cations, with warmer colors indicating

greater voxel-wise absolute changes. These results demonstrate the ability of the pro-

posed di"usion-based approach to bidirectionally and selectively modulate AD-related

neuroanatomical signatures while preserving subject identity and age-related features.

4.5.7 Interpolation for Missing Scan Generation

To quantitatively assess interpolation accuracy, we compare the generated scan x̂
target
0

against the autoencoder reconstructed scan D(E(x
target
0

)) using SSIM and MSE. This en-

sures the evaluation is performed entirely within the autoencoder’s output space, isolat-

ing the quality of interpolation in the compressed latent spaces from the reconstruction

upperbound imposed by the compression model . The di#culty of this task is evaluated

based on the prediction gap, de!ned as the minimum temporal distance between the tar-

get scan and its two neighbors: min(target − start, end − target). A smaller prediction

gap implies a target temporally close to either neighbor (easier), while a larger gap makes

accurate interpolation more challenging. We report the results over approximately 1400

triplet con!gurations across 30 test subjects. As shown in Figure 4.8a and Figure 4.8b,

the LDAE maintains strong generation performance even for wider prediction gaps. No-

tably, SSIM remains above 0.93 and MSE below 0.004 even at larger temporal gaps (up

to 24 months), highlighting the semantic smoothness and temporal awareness encoded

in the learned representations. In addition, Figure 4.10 provides qualitative examples

of interpolated scans across di"erent temporal gaps. The generated images appear visu-

ally coherent and anatomically plausible, preserving the subject identity and global brain

structure. These results further support the hypothesis that LDAE captures a semanti-

cally meaningful representation and potentially a temporal progression trend.
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Interpolation in Stable vs. Progressive MCI: To examine the model’s sensitivity to

clinically meaningful disease progression, we conducted a targeted analysis on subjects

with distinct clinical trajectories. We performed the interpolation experiment on two

subgroups from our test set: sMCI, de!ned as subjects diagnosed with MCI at baseline

who remained MCI at the 36-month follow-up, and pMCI, de!ned as subjects who were

MCI at baseline and converted to AD by the 36-month follow-up. This latter group rep-

resents a more challenging scenario due to the signi!cant and accelerated brain atro-

phy associated with disease conversion. As shown in Figure 4.9a and Figure 4.9b, the

model’s performance remains robust even in this demanding context. Notably, for pMCI

subjects, the average SSIM remains high (close to 0.91) even when interpolating over a

36-month gap. This is meaningful because the interpolation factor is derived from the

actual acquisition times of the two observed visits, and interpolation is performed di-

rectly in the latent codes rather than in image space. If the latent space did not encode

a temporally coherent disease manifold, a simple time-aligned interpolation would not

be able to reconstruct held-out intermediate scans with such !delity, especially in sub-

jects undergoing rapid and spatially heterogeneous atrophy. The qualitative example in

Figure 4.10 illustrates precisely this behaviour: the interpolated volumes between two

real visits follow the same anatomical progression trend observed in the true longitudi-

nal scans, reproducing regionally speci!c changes such as ventricular enlargement and

hippocampal shrinkage. This result strongly suggests that the interpolation within the

latent space is capturing clinically meaningful temporal continuity between two disease

states.
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(a) Mean Squared Error (MSE) as a function of prediction gap. Larger gaps correspond to more

di!cult interpolation tasks.

(b) Structural Similarity Index (SSIM) as a function of prediction gap. The model shows robust

perceptual consistency across all temporal ranges.

Figure 4.8: Interpolation metrics across prediction gaps.
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(a) Mean Squared Error (MSE) as a function of prediction gap for sMCI and pMCI subjects. Larger

gaps correspond to more di!cult interpolation tasks.

(b) Structural Similarity Index (SSIM) as a function of prediction gap for sMCI and pMCI subjects.

The model shows robust perceptual consistency across all temporal ranges.

Figure 4.9: Interpolation metrics by prediction gap for sMCI and pMCI subjects.
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4.6 Discussion and conclusion

In this study, we introduced LDAE, a novel di!usion-based architecture speci"cally tai-

lored for e#cient and meaningful unsupervised representation learning, with a focused

application on brain MRI scans related to AD.

Semantic Representation Learning The results indicate that LDAE captures seman-

tic representations associated with structural brain variation related to AD and aging,

consistent with the broader potential of di!usion-based representation learning [124].

The linear-probe evaluations quantitatively support this interpretation. Although the

generative results were qualitatively reviewed by a clinical expert, broader clinical val-

idation remains necessary, in line with recent literature emphasizing the need for in-

terpretable and clinically grounded evaluation of AI systems in dementia imaging [103,

183]. Moreover, systematic multi-attribute disentanglement analyses would be important

to ensure robust and interpretable attribute manipulation, given potential correlations

between disease-related and age-related factors.

Generative Capabilities Reconstruction quality is inherently limited by the percep-

tual compression autoencoder’s "delity. It will be crucial to achieve a lossless reconstruc-

tion on a full resolution brain scan in order to use LDAE for missing scan generation and

manipulation in clinical practice. Additionally, the current interpolation methods (LERP

and SLERP) assume linearity in brain evolution trajectories. Incorporating advanced re-

gression or forecasting models trained explicitly within the semantic space could better

approximate realistic brain aging progressions.

Potential Clinical Impact In longitudinal studies, LDAEs could be used to retrospec-

tively capture and model subtle temporal changes of anatomical structures on medical

imaging; speci"cally, the model can generate plausible intermediate scans between two

observed timepoints (see Fig.4.10). This retrospective interpolation can assist in imputing

missing visits or constructing denser synthetic trajectories for research purposes, which

is relevant when evaluating the progression of cerebral atrophy in neurodegenerative

diseases (e.g. Alzheimer or Parkinsonian disorders). Furthermore, it has potential clini-

cal implications: by creating denser temporal trajectories, clinicians may achieve earlier

and more accurate disease staging, provide more personalized prognostic assessments,

and determine treatment timing more e!ectively. In clinical trials, generating interme-

diate scans can help preserve statistical power in smaller datasets, mitigate bias arising
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from patient dropout, and uncover nuanced progression patterns that sparse sampling

would otherwise obscure [92, 114]. Additionally, by generating realistic synthetic data

that preserves the underlying distribution of the original dataset, LDAEs can help train

ML models more e!ectively. This is particularly bene"cial in rare disease studies, where

obtaining large datasets is often infeasible. Another signi"cant application lies in enhanc-

ing explainability through semantic latent manipulation. By isolating and controlling

speci"c features within the latent space, researchers and clinicians can better understand

the relationships between imaging patterns and disease characteristics. Moreover, the

interpolation experiments suggest that the latent space learned by LDAE is semantically

continuous in the temporal direction, which may enable future work to build explicit

progression models on top of this representation.

General limitations and Future Work The success of LDAE frameworks in medical

imaging depends on rigorous validations across diverse populations, imaging scanners,

and disease phenotypes. Variability in imaging protocols, demographic factors, and dis-

ease presentations can signi"cantly impact model performance. Therefore, comprehen-

sive cross-validation is essential to ensure the generalizability and robustness of these

frameworks in real-world clinical settings.

Foundation Model capability These "ndings position LDAE as a promising frame-

work for scalable and interpretable medical imaging applications and as a potential Foun-

dation Model for 3D medical image analysis. Future work should explore its transferabil-

ity to other tasks and modalities, investigate domain adaptation strategies, and bench-

mark its performance in diverse clinical settings to validate its generalization capacity

and pretraining utility.
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Chapter 5

Conclusions

This thesis addressed three key challenges that are widely recognized as limiting the

clinical impact of AI-based systems for AD analysis: the dependence on task-speci!c la-

beled data, the lack of model interpretability, and the di"culty of learning robust repre-

sentations from high-dimensional neuroimaging data under realistic data and validation

constraints [171, 103, 183]. The work presented across Chapters 2–4 follows a progres-

sion from supervised multi-task classi!cation to interpretable diagnosis and, !nally, to

unsupervised foundation model learning. Each chapter builds on the previous one, and

together they outline a path toward AI systems that are not only accurate but also inter-

pretable, e"cient, and broadly applicable to neurological disease analysis.

Chapter 2 explored handwriting as a complementary biomarker for AD screening. As dis-

cussed in Chapter 1, AD a#ects !ne-motor control and handwriting characteristics, and

tasks such as writing, drawing, and copying engage multiple cognitive domains as vi-

suospatial organization, executive planning, semantic memory, and motor coordination,

that are progressively impaired by the disease. The main contribution of this chapter

was demonstrating that AD diagnosis through handwriting analysis is feasible with high

accuracy, reaching 87.99% when training a uni!ed model across all 25 handwriting tasks

simultaneously. This result represents a signi!cant advancement over prior work, where

each task was evaluated independently with dedicated models, and suggests that shared

AD-related patterns such as motor control degradation, spatial disorganization, or cog-

nitive load e#ects can be e#ectively captured when tasks are analyzed jointly rather than

in isolation. The diagnostic performance achieved with ConvNextSmall outperformed

both classical CNNs and Vision Transformers. The chapter also compared two transfer

learning strategies: pre-training on ImageNet (a general classi!cation task) versus pre-
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training on handwritten text recognition (OCR via TrOCR). Interestingly, ImageNet pre-

training proved more e!ective. This can be explained by the fact that TrOCR models are

designed to extract and interpret text content from images, whereas the features relevant

for AD detection are related to neuromotor characteristics such as stroke regularity, pen

pressure variations, and spatial organization, which are better captured by classi"cation-

oriented representations. The analysis of task-speci"c performance further showed that

tasks requiring higher cognitive e!ort and motor coordination were consistently more

informative for diagnosis, independently of the architecture used. This "nding suggests

the potential for protocol re"nement, focusing on the most discriminative tasks to en-

hance clinical e#ciency. At the same time, handwriting should not be interpreted as a

disease-speci"c marker in isolation, particularly in older adults, because reduced manual

dexterity, arthritis, tremor, and other age-related motor comorbidities may also in$u-

ence task execution independently of cognitive decline. Moreover, these results establish

a foundation for future longitudinal studies investigating whether handwriting-based

analysis could serve prognostic purposes, such as predicting conversion fromMCI to AD

dementia.

Chapter 3 moved to structural MRI, which has become central to AI research in AD di-

agnosis and prognosis due to its favorable balance between the richness of morpholog-

ical information it provides and the relatively non-invasive nature of acquisition. As

discussed in Chapter 1, several prior approaches reported accuracies exceeding 90% on

ADNI or its subsets, yet many of these studies lacked methodological rigor in evaluation

protocols, making fair comparison across methods di#cult. Themain contribution of this

chapter was the comprehensive investigation conducted using a standardized ADNI col-

lection explicitly designed to address reproducibility issues and serve as a benchmark for

model comparison. By adopting this collection along with strict subject-level data split-

ting, reproducible preprocessing pipelines, and open-source implementation, the chapter

established a rigorous evaluation framework that directly addresses the reproducibility

concerns highlighted in recent reviews.

The AXIAL framework proposed in this chapter combines the computational e#ciency

of 2D slice-based processing with the spatial context preservation of 3D approaches. AX-

IAL uses pre-trained 2D CNNs to extract features from individual slices across three or-

thogonal planes (axial, coronal, and sagittal), then employs lightweight attention mod-

ules to weight the contribution of each slice and fuse the information into a uni"ed 3D

representation. A key "nding was that the attention-based explainability mechanism

demonstrated remarkable consistency: the model consistently focused on the hippocam-

pus, parahippocampal gyrus, amygdala, and inferior lateral ventricles—regions well doc-

umented in literature as being a!ected early and severely in AD—across di!erent exper-

imental runs and di!erent cross-validation folds. This consistency is in contrast to other

136



attention-based approaches which often produce di!use and inconsistent saliency maps.

The quantitative validation of these attention maps against atlas-de"ned regions, based

on overlap volumes and intensities, moves beyond the qualitative visual inspection that

characterizes most XAI studies in the "eld. Beyond explainability, the proposed approach

achieved superior diagnostic performance compared to the tested alternatives, particu-

larly on the challenging sMCI vs. pMCI task. A double transfer learning strategy, which

"rst trains on the AD vs. CN task (where more data and clearer patterns are available)

before "ne-tuning on the prognostic task, signi"cantly improved the model’s sensitivity

to subtle morphological changes, bringing the MCC from near-random levels to 44.3%.

Chapter 4 represented the "nal step in the thesis progression, moving from supervised

approaches that require diagnostic labels to unsupervised representation learning. The

motivation behind this shift is straightforward: clinical repositories contain millions of

brain MRI scans acquired for various purposes beyond AD diagnosis, but these scans

typically lack diagnostic labels and are therefore inaccessible to supervised methods. Un-

supervised approaches can learn representations from the underlying structure of brain

imaging data itself, and then adapt to speci"c downstream tasks with minimal labeled

examples. However, applying di!usion-based representation learning to 3D MRI data

has been computationally infeasible, as di!usion autoencoders require iterative denois-

ing processes that are too expensive when applied to full brain volumes. The LDAE

framework introduced in this chapter solved this problem through a three-stage train-

ing strategy: "rst, a perceptual autoencoder compresses brain MRI volumes into a much

smaller latent space (170-fold volume reduction); then, an unconditional di!usion model

is pretrained on these compressed representations; and "nally, a semantic encoder cou-

pled with a gradient estimator learns compact, meaningful embeddings from unlabeled

data. This approach achieved a 20-times speedup in inference time compared to voxel-

space di!usion autoencoders while improving reconstruction quality.

The learned representations were shown to encode clinically meaningful information,

even though no diagnostic labels were used during training. Linear probes trained on the

frozen semantic embeddings achieved strong performance in AD classi"cation and age

prediction, con"rming that the latent space captures morphological changes related to

neurodegeneration and aging. The zero-shot transfer experiments on AIBL and OASIS-3

showed that these representations generalize to unseen datasets acquired under di!er-

ent conditions and in di!erent populations, without any "ne-tuning. Notably, a simple

linear classi"er on LDAE embeddings outperformed a fully supervised encoder on exter-

nal datasets in terms of F1-score and MCC, suggesting that unsupervised pre-training on

diverse data produces representations that are more robust to distributional di!erences

than features learned through supervised training on a single cohort. Beyond classi"-

cation, LDAE’s generative capabilities enabled semantic manipulation of brain scans—
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transforming an AD brain toward a cognitively normal appearance, or vice versa—while

preserving subject identity and age-related characteristics. These manipulations consis-

tently a!ected the hippocampal and ventricular regions most associated with AD, pro-

viding an additional form of interpretability grounded in the generative process. The

interpolation experiments demonstrated that the latent space captures temporally co-

herent progression patterns, generating plausible intermediate brain states between lon-

gitudinal visits with high "delity even at temporal gaps of 24 months. The analysis of

progressive versus stable MCI subgroups further showed that the model captures the ac-

celerated atrophy pattern characteristic of subjects converting to dementia, indicating

that the learned representation encodes a temporally aware disease progression.

Looking across the three chapters, several common themes emerge that connect the indi-

vidual contributions into a coherent body of work. The "rst is the central role of transfer

learning in addressing data scarcity, which is a persistent challenge inmedical imaging. In

Chapter 2, ImageNet pre-training enabled e!ective feature extraction from a handwriting

dataset of only 174 subjects. In Chapter 3, the same strategy supported slice-level feature

extraction from a small standardized MRI collection, and double transfer learning ex-

tended this to the data-scarce prognostic task. In Chapter 4, transfer learning operated at

multiple levels: ImageNet pre-training in the semantic encoder, UK Biobank pre-training

in the compression autoencoder, and unsupervised pre-training on ADNI enabling zero-

shot transfer to external cohorts. This progressive reliance on increasingly sophisticated

transfer strategies re#ects a broader insight: when labeled data are scarce, the ability to

reuse knowledge across tasks and datasets is essential for achieving robust generaliza-

tion.

The second common theme is a consistent preference for 2D or 2.5D processing over full

3D computation. This was not a compromise but a deliberate design choice motivated by

the availability of pre-trained weights and the limited size of medical imaging datasets.

Chapter 2 processed handwriting as standard 2D images. Chapter 3 showed that 2D

slice-based processing with lightweight attention mechanisms could match or outper-

form more complex 3D and transformer-based alternatives on small datasets. Chapter 4

adopted a 2.5D semantic encoder that processes axial slices through a shared 2D back-

bone before aggregating themwith attention—a design validated through ablation studies

showing that a full 3D CNN encoder failed to converge stably. This "nding has practical

implications: well-designed 2D or 2.5D architectures that leverage pre-trained weights

can outperform more complex 3D alternatives in data-limited medical settings.

A third theme is the increasing commitment to methodological rigor across chapters.

Chapter 2 implemented subject-level data splitting to prevent the data leakage that has

in#ated reported performance in prior handwriting analysis work. Chapter 3 adopted a
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standardized dataset, reproducible preprocessing pipelines, open-source code, and quan-

titative XAI validation against neuroanatomical atlases. Chapter 4 extended the evalu-

ation to zero-shot cross-dataset transfer, which is the most demanding test of general-

izability, and included ablation studies to validate key architectural decisions. This pro-

gression directly responds to the reproducibility concerns raised in recent reviews of AI

for AD, where many reported results appear to re!ect dataset-speci"c over"tting rather

than genuine disease-related signal extraction.

Attention mechanisms also played an important role across Chapters 3 and 4, serving a

dual purpose. On one hand, they improved model performance by adaptively weighting

themost informative features or slices. On the other hand, they provided interpretable ex-

planations of the model’s decisions. In Chapter 3, the attention distributions consistently

converged on the brain’s inferior regions where the medial temporal lobe structures re-

side, supporting the clinical interpretation of the results. In Chapter 4, the two-stage

attention mechanism in the semantic encoder identi"ed the most informative slices for

encoding brain morphology, while the semantic latent space enabled a complementary

form of interpretability through controllable generation. This dual utility of attention—

both as a computational tool and as an interpretability mechanism—makes attention-

based architectures particularly suitable for medical imaging, where transparency is not

optional but a prerequisite for clinical deployment.

Despite the contributions of this thesis, several limitations should be acknowledged, as

they point to important directions for future work. The datasets used, while carefully

selected and rigorously processed, remain relatively small. Chapter 2 relied on 174 sub-

jects, Chapter 3 on a standardized subset of 639 subjects, and even the full ADNI cohort

used in Chapter 4 is much smaller than the datasets used to train foundation models in

other domains. Scaling to millions of unlabeled brain scans from diverse clinical reposi-

tories, while addressing challenges such as scanner variability, protocol di#erences, and

demographic diversity, is a natural next step. The temporal modeling in Chapter 4, based

on linear and spherical interpolation in the latent space, assumes smooth trajectories of

brain change. While the results showed good "delity even at long temporal gaps, incorpo-

rating explicit non-linear progression models could better capture the complex dynamics

of neurodegeneration. Similarly, the three separate plane-speci"c models in Chapter 3

could be integrated into a uni"ed multi-view architecture that captures cross-plane cor-

relations during training rather than combining them afterward.

An important open question concerns clinical validation. While the quantitative XAI

analysis in Chapter 3 and the expert-reviewed manipulations in Chapter 4 provide en-

couraging evidence of clinical alignment, none of the proposed systems has been tested

prospectively in clinical work!ows. Bridging this gap will require close collaboration
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between AI researchers and clinical practitioners, addressing not only performance eval-

uation but also interface design, uncertainty communication, and integration with elec-

tronic health records. Furthermore, the potential of combining handwriting-based screen-

ing with neuroimaging-based diagnosis and foundation model-derived representations

has not been explored in this thesis, yet such amulti-modal approach could enable a more

comprehensive assessment spanning behavioral biomarkers, structural brain changes,

and learned disease representations.

From a translational perspective, moving these methods toward clinical or regulatory

validation would require substantially more than retrospective accuracy estimates. Fu-

ture studies should assess robustness across sites, scanners, acquisition protocols, and

populations, while also documenting calibration, failure modes, and reproducibility un-

der prospectively de!ned evaluation criteria. In parallel, the generative components dis-

cussed in Chapter 4 raise ethical considerations that are particularly relevant in medical

imaging. Although controllable generation and counterfactual manipulation can sup-

port interpretability and hypothesis exploration, they also require careful governance to

avoid overinterpretation of synthetic outputs, unintended ampli!cation of dataset biases,

or misleading clinical use outside validated settings. For this reason, methodological ad-

vances in generative modeling should be accompanied by transparent reporting, expert

oversight, and clear boundaries between exploratory research use and clinically action-

able evidence.

In summary, the methodologies developed in this thesis contribute to a broader shift in

medical AI: moving from narrow, task-speci!c tools toward general-purpose systems that

are interpretable and can learn from large quantities of unlabeled clinical data. The hand-

writing framework in Chapter 2 demonstrates that accessible, non-invasive biomarkers

can complement neuroimaging for AD screening. The AXIAL framework in Chapter 3

shows that diagnostic accuracy does not have to come at the cost of interpretability,

and that quantitative validation against clinical knowledge can help build the trust nec-

essary for adoption. The LDAE framework in Chapter 4 demonstrates that unsuper-

vised di"usion-based learning can extract clinically meaningful representations from 3D

brain MRI at scale, enabling zero-shot transfer to unseen datasets, counterfactual ex-

planations, and temporal modeling within a single architecture. Together, these contri-

butions address some of the fundamental barriers—data scarcity, lack of transparency,

computational cost, and limited generalizability—that have so far prevented AI systems

from achieving meaningful clinical impact in AD analysis. The path forward will require

scaling these approaches to larger and more diverse datasets, integrating complemen-

tary biomarker modalities, and, most importantly, validating them in prospective clinical

settings where the ultimate measure of success is improved patient outcomes.
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