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SUMMARY

This thesis uses existing and novel machine learning algorithms to study three related

questions in Alzheimer's disease (AD) research. These questions are -1) What are the

proteomic markers of change in AD?,2) In what sequence do changes take place as AD

progresses?, and3) What are the heterogeneities in disease progression among the AD

population? (�g. 1)

These questions are important due to some key challenges faced in AD research. Dis-

ease aetiology in AD is incompletely understood which has prevented the development of

effective therapies. Though recent drug developments have resulted in disease modifying

therapies (Lecanemab), these drugs have been found to be effective in early disease stages.

Statistics show that early AD detection is a challenge and only a small fraction of peo-

ple with AD are diagnosed early enough when available disease modifying treatments can

show effectiveness. Further, AD is known to have a heterogeneous clinical presentation

which complicates its clinical management. Finally, given the long disease evolution time-

lines which span several decades, collecting data throughout the disease evolution process

has practical challenges and limitations.

The three questions this thesis aims to address are relevant to the above challenges.

Identifying proteomic markers of change in the disease helps to elucidate the proteopathic

changes underlying AD. The identi�ed markers also have diagnostic utility and can be

potentially useful for early disease detection. Understanding the sequence of progressive

changes helps to develop new disease staging systems which are data driven and serve as

early warning systems for the disease. Studying heterogeneity in AD progression helps

to understand variations in important clinical variables such as rate of progression and

cognitive decline, comorbidities, age of onset, and markers of disease pathology. This

understanding about disease heterogeneity can be useful in two important ways. First, it

can aid clinical decision making which helps to move towards a personalized medicine
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approach in AD. Second, it can be useful in clinical trial designs to control for disease

related phenotypic heterogeneity and making the trial more sensitive to treatment effects.

These questions are answered using machine learning models applied to cross-sectional

data, which makes the approaches data economical. Despite using limited data, the learned

models generalize well to new data from external sources and future follow up visits from

patients, which shows the potential utility of these approaches in solving important clinical

challenges. The �rst question (“markers of change?”) is addressed using classic super-

vised learning approaches. The second (“sequence of disease related changes?”) develops

new probabilistic generative algorithms which attempt to construct a disease progression

trajectory from a large number of disease related neuroimaging biomarkers. Finally, the

third question (“heterogeneity in progression”) extends the previous generative algorithm

to model disease progression to take place over one of potentially many disease trajectories.

This thesis makes two main contributions. First, it contributes to a better understanding

of AD. More speci�cally, these are -

1. Identifying the role of dysfunctional sugar metabolism in disease development.

2. Identifying important peptide markers which can be useful for early disease detec-

tion.

3. Inferring a trajectory of disease related neuroanatomical changes which can be useful

in disease staging.

4. Understanding the heterogeneity in disease progression rates, brain regions affected

and cognitive performance which can aid clinical decision making.

The second contribution of this thesis is to introduce new ML algorithms to model

disease progression in AD. These algorithms are -

1. scaled Event Based Model (sEBM): A probabilistic generative approach which mod-

els disease progression as a sequence of biomarker abnormalities. It extends previous
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algorithms by solving important computational challenges, and makes the resulting

algorithm scalable to a much larger number of disease markers.

2. scaled Subtype and Stage Inference (s-SuStaIn): Extends sEBM to infer varying dis-

ease progression trajectories. Experiments show that including a larger set of disease

features to model progression can be helpful in identifying signi�cantly varying dis-

ease progression trajectories.

While these algorithms have been applied to AD in this thesis, these are equally appli-

cable to other neurodegenerative conditions such as Parkinson's Disease, frontotemporal

dementia, and progressive supranuclear palsy.

Publications Chapters from this thesis have resulted in 3 peer reviewed publications

(Chapters 1,4,5), 1 manuscript under review at a biomedical journal (Chapter 2), and 1

manuscript under preparation for submission at a biomedical journal (Chapter 6).
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Figure 1: Pictorial summary. This thesis has three related aims.Aim 1 - “What are the
markers of change in AD?” (Chapters 2-3). This question is studied using supervised learn-
ing techniques applied to proteomic data from healthy CN controls and AD subjects.Aim
2 - “In what sequence do changes take place as the disease progresses?” (Chapter 4). This
is studied by using generative machine learning models which hypothesize a sequence of
abnormalities between healthy CN controls and AD states to arrive at a trajectory of dis-
ease progression.Aim 3 - “What are the heterogeneities in disease progression pro�les?”
This is studied by using generative models developed in Aim 2 and extending them to infer
multiple disease progression trajectories which are referred to as subtypes (Chapters 5-6).
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CHAPTER 1

INTRODUCTION AND BACKGROUND

1.0.1 Alzheimer'sDisease

AD is the most common form of dementia, in which the patient experiences loss of mem-

ory, language skills, decision making, and dif�culties with everyday activities. In 2024,

an estimated 6.9 million people are living with AD in the US where it is the sixth leading

cause of death [1]. Age is known to be the biggest risk factor for AD, with people above

85 years of age being disproportionately affected by it (�g. 1.1). Alzheimer's is a signif-

icantly burdensome disease for the patient (cognitive decline and disability), the caregiver

(emotional and �nancial stress), and society (lost productivity and public health). Despite

these signi�cant challenges posed by AD, limited success has been achieved in treating it's

underlying cause, arresting decline, and better management of associated clinical symp-

toms. Few of the important challenges in AD research and therapy which this thesis tries

to address, are mentioned below.

1.1 Challenges in Alzheimer's disease research and therapy

1.1.1 Incompleteunderstandingof diseaseaetiology

The primary obstacle in developing preventive and curative therapies is the incomplete un-

derstanding of the early molecular events that cause the disease and its underlying aetiology

(�g. 1.3) [3]. This challenge is increased by the multiple disease risk factors (�g. 1.2). To

create disease-modifying treatments that target the underlying mechanisms, as opposed to

palliative therapies that address symptoms, a precise understanding of these mechanisms

is necessary. Currently, this understanding is insuf�cient on an individual level to devise a

curative strategy. Consequently, prevention is likely to have a greater impact on achieving
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Figure 1.1: Annual AD death rates in US, by age and year. Created using data sourced
from [1, 2].

a cure in the coming decades. Additionally, it remains unclear whether amyloid-beta (A� )

and tau proteopathy are the sole molecular events leading to the disease [4, 5]. While they

serve as the hallmark biomarkers of AD, the triggers for their aggregation and their role

in neuron death are still not well understood. A signi�cant number of cognitively normal

subjects are shown to have AD neuropathology [6, 7], which may point to important actors

in disease development and progression beyond A� and tau.

1.1.2 Underdiagnosisandthemissedopportunityfor earlytreatment

Pathophysiological changes of Alzheimer's disease (AD) begin many years before the func-

tional or cognitive decline associated with it. For example, in individuals with dominantly

inherited AD, cerebrospinal �uid (CSF) tau begins to increase 15 years and A� 42 begins

to decline over 20 years prior to symptom onset [10, 11]. Recent trials of Lecanemab

[12] have shown some effectiveness of disease modifying treatments in reducing the rate
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Figure 1.2: Multiple risk factors in AD. Figure reproduced from [8] under a creative com-
mons license.

Figure 1.3: Complex aetiology of AD. Figure reproduced from [9] with permission.
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of cognitive decline in early AD. Given the long evolution of AD pathology before clini-

cal symptoms emerge and the effectiveness of available disease modifying drugs in early

AD, identifying and treating at-risk individuals during early disease stages may be a more

effective strategy to delay or prevent AD dementia onset [13].

However, it is estimated that a signi�cant number of individuals who meet the diagnos-

tic criteria for Alzheimer's and other dementias remain undiagnosed [14, 15, 16, 17, 18].

Underdiagnosis is particularly prevalent in the early stages of dementia when symptoms

are still mild [19]. Fewer individuals with mild cognitive impairment (MCI), which often

precedes dementia, receive a diagnosis, despite this stage being ideal for effective treatment

and planning [20]. A recent study estimates that only 8% of older Americans with MCI

receive a diagnosis [21].

1.1.3 Diseaseheterogeneity

AD is a complex neurodegenerative disorder exhibiting phenotypic heterogeneity in terms

of brain regions affected [22], cognitive pro�les [23, 24], CSF biomarkers [25], and rate of

progression [26] (�g. 1.4). This poses unique challenges for AD diagnosis, prognosis, and

for clinical trials [27, 28], thus impacting not only the clinical management of the disease

but also the development of new disease modifying drugs [29]. An important factor caus-

ing a clinical trial to be unsuccessful is patient cohort selection and recruiting mechanisms

which fail to bring the best suited patients to a trial at a time when they could bene�t [30].

This challenge is even more pronounced in Alzheimer's disease where the variability in

disease progression has signi�cantly hindered the success of potential disease-modifying

treatments over the past twenty years [31, 32, 33]. Effective treatments in some trial par-

ticipants (responders) are often overshadowed by non-responders who ideally should be

excluded from trials [34, 35]. Identifying this heterogeneity across potential trial partici-

pants remains a critical yet unresolved issue. Improved patient strati�cation can be helpful

in �ltering out non-responders which can increase treatment effect sensitivity, and amelio-
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rating allocation biases between the treatment and placebo arms which may arise due to

differences in progression rates among participants [36]. Ability to stratify subjects based

on the heterogeneity in their disease presentation and progression rates will open up av-

enues for personalized medicine approaches in clinical management of AD.

Figure 1.4: Heterogeneity in brain regions impacted by AD subtypes. Subtypes represent
diverse progression trajectories, and stages represent extent of impairment (severity) along
those trajectories. The disease progression trajectories were derived using the s-SuStaIn
algorithm introduced in chapter 5 of this thesis.

1.1.4 Longandheterogeneousdiseasecoursemakesdatacollectionchallenging

Pathophysiological changes related to AD are known to begin decades before the clinical

symptoms emerge [37]. Studying AD over such long periods of time presents practical

dif�culties such as longitudinal censoring from participant dropouts. Dropouts are more

common in patients with comorbidities or in advanced disease stages, which may lead to
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biased representations of certain disease subtypes and stages in the dataset. Further, no sin-

gle biomarker is dynamic over the entire disease time course [38] and different biomarkers

are known to be dynamic in different disease stages [39, 40] (�g. 1.5). This requires data to

be collected from the diverse disease stages via different biomarkers such as imaging, CSF,

and cognitive tests over a long period of time which presents practical limitations. Also,

the heterogeneous progression pro�les in AD require greater sample sizes which makes

matters more challenging.

Figure 1.5: Disease biomarkers in AD are dynamic in different disease stages, and start
to change many years before the appearance of cognitive impairment. Figure reproduced
from [39] with permission.

1.2 Machine Learning for advancing AD research

The challenges discussed in section 1.1 are important barriers in advancing AD research

and improving patient outcomes. This section reviews recent developments in using ML

for advancing AD research and therapy.
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1.2.1 Machinelearningfor understandingdiseaseaetiology

Machine learning approaches have been applied to different data modalities to identify im-

portant AD biomarkers and study disease related aetiological changes re�ected by them. A

common approach is to use supervised machine learning methods to extract a small subset

of highly predictive markers from different omics datasets - genomics, epigenomics, tran-

scriptomics, metabolomics, and proteomics. A review of ML approaches to omics dataset

to quantify the structures and functions of biological processes at different molecular levels

and pathologies is provided in [41].

ML applied to genomics and epigenomics data in AD Work in [42] uses a suite of

supervised feature selection approaches to identify genetic variants which are potentially

associated with late onset AD. It identi�es new SNPs (single nucleotide polymorphisms)

loci not found by statistical learning techniques such as GWAS and may help to eluci-

date the genetic basis of the disease. In [43], multiple SNPs were identi�ed to construct

a polygenic hazard score that showed utility in stratifying risk of progression in the AD

population. Work in [44] uses supervised ML approaches to show the utility of epigenomic

markers (DNA methylation sites from blood leucocytes) to show the importance of epige-

netic factors such as methylation changes in genes, gene networks, and disease pathways

that were previously known or suspected to play an important role in AD.

ML applied to transcriptomic data in AD Transcriptomic datasets have also been used

towards building models that explain disease progression [45] and disease heterogeneity

[46]. Work in [45] uses a unsupervised manifold learning algorithm with transcriptomic

data to build a disease progression model and shows the progressive impact on different

cell types - neurons, astrocytes, microglia, and oligodendrocytes. Work in [46] uses an un-

supervised ML approach to study the heterogeneity in the expression pro�les of necroptosis

related genes and their utility for AD diagnostics.
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ML applied to proteomic data in AD In [47], Gaetani et. al. apply supervised ML to

CSF proteomics data which identify novel biomarkers that suggest associations between

AD pathology and glucose metabolism, astrocyte and microglia activation, and blood brain

barrier dysfunction. Work in [48] applies supervised ML to identify protein panels for AD

that can have diagnostic utility in diverse ethnicity groups.

ML applied to metabolomics in AD Work in [49] uses supervised machine learning

approaches for identifying differential metabolites in plasma. The metabolites are found to

be linked to fatty acid metabolism, nucleic acid metabolism, and amino acid metabolism.

Similar results are seen from work in [50], which analyzes metabolomics data with machine

learning techniques, and identi�es a panel of diagnostic biomarkers capable of identifying

individuals with MCI and AD. The identi�ed metabolites show that lipid metabolism is

signi�cantly perturbed in those individuals suffering with dementia. In [51], De et. al.

identify changes in the metabolism of amines and oxidative stressors from blood based

measurements.

1.2.2 Machinelearningfor earlyAD detection

Given the long evolution of AD pathology before symptomatic onset, it is widely consid-

ered that early identi�cation and treatment of at-risk individuals may be a more effective

strategy to delay or prevent dementia onset [13]. Also, early identi�cation of at risk AD

subjects will enable effective recruitment for secondary prevention trials. Some of the ways

in which ML is being applied to enable early detection are described below.

ML applied to imaging data Past works have highlighted the use of machine learning

methods with magnetic resonance imaging (MRI) to advance preclinical AD screening. In

[52], authors use feature selection approaches to identify a subset of structural MRI features

that can be useful to identify cognitively normal subjects with abnormal amyloid pathol-

ogy (asymptomatic). While it doesn't replace the gold standard (CSF lumbar puncture and
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PET), it can be useful in maximizing information from previously available scans to lower

the healthcare burden while improving the odds for early disease detection. Work in [53]

uses a combination of deep convolutional networks and ensemble learning applied to struc-

tural MRI for early identi�cation of AD in at risk subjects. Further, work in [54] uses deep

auto-encoders to construct novel biomarkers from PET imaging which can be useful for

predicting progression in MCI subjects.

ML applied to blood based markers Emerging evidence of systemic changes in blood

cells that re�ect Alzheimer's disease pathology in the brain, has brought to attention the

possibility of developing blood based biomarkers that can be useful for early detection in

AD [55, 56]. Recent studies have shown the utility of ML approaches applied to blood

based gene expression data for early detection of AD [57, 58]. Developing sensitive blood

based diagnostic tests can offer minimally invasive and cost-effective ways for early detec-

tion in AD.

ML applied to other non-invasive markers Several studies have explored the usage

of non-invasive biomarkers with supervised machine learning algorithms to enable early

screening in AD [59, 60, 61, 62]. Work in [61] shows the utility of supervised ma-

chine learning classi�ers that use non-invasive biomarkers such as electroencephalography

(EEG), demographics, genotype and neuropsychological test scores to screen for preclini-

cal AD. Other work in [63] also uses supervised feature selection approaches to identify a

subset of neuropsychological test scores that can be optimal for screening mild cognitive

impairment (MCI).

1.2.3 MachineLearningfor characterizingdiseaseheterogeneity

It has been long known that AD is a heterogeneous condition which shows variability in

clinical presentation and progression [64]. Recently, efforts have been made to use machine

learning approaches to characterize phenotypic variance in the presentation of AD (disease
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subtypes) using diverse data modalities such as imaging, omics and cognitive tests to name

a few. In [65], the authors use unsupervised ML clustering algorithms applied to data from

electronic health records (demographics, comorbidities, symptoms etc.) to identify disease

subtypes. Similarly in [66], authors used common clinical variables related to demograph-

ics, brain MRI volumetrics, and neuropsychological scores for low dimensional analysis

followed by unsupervised clustering to identify 4 sub-clusters which varied in brain region

volumes and cognitive performance. Work in [67] also uses an unsupervised ML approach

(coupled non-negative matrix factorization) for an integrative analysis that jointly uses MRI

imaging data and neuropsychological test results to identify different clusters with different

atrophy progression patterns and cognitive skills impacted. Statistical learning approaches

applied to genomic data (gene wide association studies) has been used to identify genetic

variants which may be impacting disease related heterogenetiy. Work in [68] identi�es late

onset AD subtypes using GWAS in a cohort of Japanese. The subtypes varied in genotypes

known for immune related and kidney related disorders. Work in [46] studies the hetero-

geneity in the expression pro�les of necroptosis related genes and identi�es two distinct

clusters using unsupervised clustering approaches, which show differences in the immune

landscape and pathways enriched.

The recent advent of data driven disease progression modeling (section 1.2.4) has also

been used to identify variations in progression patterns. While many of these models were

introduced with an homogeneity assumption, i.e. all subjects in the dataset progress in

similar ways, novel extensions allow these models to capture heterogeneous trajectories of

disease progression. Event based model (EBM), a popular probabilistic generative model

of disease progression which initially assumed a single progression trajectory ([69, 70,

71]) has been extended to the SuStaIn algorithm (subtype and stage inference) which mod-

els progression as a mixture of simpler EBMs. SuStaIn has been applied to infer AD

subtypes from MRI data ([72]), PET data ([73]), and neuropsychological data ([74]). Con-

trastive learning approaches have been used to identify disease subtypes from multi-omics
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data (epigenomics, proteomics, metabolomics, and transcriptomics) [75]. Another emerg-

ing ML approach for modeling AD progression, hypothesize that disease related changes

emerge from a combination of pathophysiological processes (misfolded protein propa-

gation, hypometabolism, atrophy etc.) and individual contributing factors are assigned

weights. Hence individuals can vary in terms of the weights of the contributing processes

[76, 77].

Finally characterizing heterogeneity in AD can be useful for patient strati�cation and

clinical trial design. Recent work in [78] analyzed a past secondary prevention trial and

showed that the Subtype and Stage Inference (SuStaIn) algorithm [72] can be useful to

detect neurodegenerative heterogeneity. The study showed that this heterogeneity if not

controlled for, can potentially obscure the treatment effects in the trial.

1.2.4 Inferringlongtermdiseaseprogressiontrajectoriesfromcross-sectionalorshort-term

longitudinaldata

Data driven disease progression models are an emerging set of computational tools which

aim to construct long term disease trajectories from cross-sectional or short-term longitu-

dinal data [79]. Collecting longitudinal data over the entire disease course is challenging

due to multiple reasons, some of which are detailed in section 1.1. While large datasets

over long terms are becoming available [80, 81], data from most subjects does not capture

all stages of their disease progression. The recent advent of data driven disease progres-

sion modeling aims to solve this problem by constructing a disease time axis from data,

for staging subjects along this axis. An excellent review of the state of disease progression

modeling in neurodegenerative diseases is provided in [79]. Disease progression models

can be broadly categorized into phenomenological and pathophysiological models. Phe-

nomenological models jointly learn biomarker trajectories and the disease time axis, which

is used for patient staging. These models can be further categorized as discrete or contin-

uous depending upon the disease time axis. Popular discrete models includes the family
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of event-based model ([69, 70, 71, 72]). Continuous models include mixed-effect models

([82, 83, 84, 85]), pseudo-time approaches ([45, 86, 87]), latent time models ([88, 89]) and

differential equation based models ([90]). Pathophysiological models construct the disease

time axis in terms of pathophysiological changes occurring in the condition. An impor-

tant subclass of pathophysiological models include dynamical system models of disease

progression which simulate the dynamics of disease related misfolded proteins over the

structural brain network [91, 92, 93, 94]. Some of the above disease progression models

have also been extended to model heterogeneity in disease presentation ([72, 75, 95]).

1.3 Thesis contributions and outline

This thesis broadly addresses the challenges in AD research laid out in section 1.1 by

using existing and novel ML methods. More speci�cally, the thesis tries to advance the

understanding of three related aspects of AD progression.

1.3.1 Aim 1 : Proteomicmarkersof diseaserelatedchanges

Chapters 2-3 study the question - “What changes in AD?” from the point of quanti�ed

proteomics in brain tissues and cerebrospinal �uid (CSF). In both chapters, supervised

machine learning approaches for feature selection were used to identify a small subset

of predictive polypeptide markers that can be useful for elucidating disease proteopathy

(section 1.1.1) and facilitating early diagnostics (section 1.1.2).

In chapter 2, a small subset of proteins are identi�ed (using backward feature selection

approaches) which are useful in predicting disease status across 6 datasets. This subset

of predictive proteins is found to be enriched in sugar metabolism related functions and

provides evidence for the role of dysfunctional sugar metabolism in Alzheimer's disease

[96].

In chapter 3, a subset of predictive peptides are identi�ed in cerebrospinal �uid (CSF)

samples using backward selection, which can be useful in stratifying progression risk in
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subjects showing disease pathology, but having no cognitive symptoms. These peptides are

validated in two datasets. In each dataset, they are validated using two ML approaches - a)

discriminative methods using supervised classi�ers, and b) generative methods of disease

progression. The analysis shows the importance of this small peptide panel in predicting

progression among non symptomatic AD subjects.

Publications Chapter 2 has been published in the Journal of Alzheimer's Disease ([97]).

Chapter 3 is under peer review at the time of writing this thesis, and a preprint is available

as [98].

1.3.2 Aim 2 : Sequenceof diseaserelatedchanges

Chapter 4 addresses the second question of this thesis - “In what sequence do the changes

take place?” Hypothetical models of disease progression in AD have suggested a cascade

of pathological changes preceding the emergence of disease [39] (�g. 1.5). Building upon

this hypothesis, Chapter 4 in this thesis develops new models of disease progression which

characterize progression as a sequence of abnormalities to de�ne a disease trajectory from

a large number of markers. In doing so, it extends previous probabilistic generative models

of disease progression [71], by addressing their prohibitive computational costs which scale

disproportionately with the number of disease markers. This contribution is useful in the

context of a multiscalar and multifactorial neurodegenerative condition such as AD, where

multiple brain regions and physiological processes are known to be impacted by the disease.

This sequence of changes is shown to be useful in staging subjects for their progression risk,

hence enabling early detection (section 1.1.2) from cross-sectional data (single observation

per subject) which is easier to collect than longitudinal data (section 1.1.4).

Publications The contents of Chapter 4 have been published in the proceedings of a peer

reviewed ML conference - Information Processing in Medical Imaging (IPMI), 2023, as

([99]).
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1.3.3 Aim 3: Heterogeneityin diseaserelatedchanges

A body of previous work has shown that AD has a heterogeneous clinical presentation.

Chapter 5 extends the disease progression algorithm introduced in Chapter 4 to infer disease

subtypes that follow different disease trajectories. These trajectories are inferred from a

large number of disease related markers, hence advancing previous approaches ([72]) by

making them scalable to larger feature sets. Here too, the disease trajectories are learned

from cross-sectional data (single time point per subject). Hence, this chapter addresses

important research challenges related to disease heterogeneity (section 1.1.3) while being

data economical and enabling early disease detection.

Chapter 6 builds upon chapter 5 to analyze the utility of modeling heterogeneous dis-

ease progression. It uses methods developed in chapter 5 to identify disease subtypes which

differ in comorbidities, demographics, age at onset of symptoms, and brain regions im-

pacted. The disease stages in the inferred subtypes are shown to be associated with risk

of progression to dementia, genetic risk scores, a range of neuropsychological test perfor-

mances and sugar hypometabolism as measured via FDG-PET.

Publications The contents of Chapter 5 have been accepted to a peer reviewed machine

learning conference ([100]) - Conference on Health Inference and Learning (CHIL), 2024,

and will appear in the proceedings of machine learning research (PMLR). Contents of

Chapter 6 are being used to prepare a manuscript which will be soon submitted to a biomed-

ical journal.
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CHAPTER 2

MACHINE LEARNING SELECTION OF MOST PREDICTIVE BRAIN

PROTEINS SUGGESTS ROLE OF SUGAR METABOLISM IN ALZHEIMER'S

DISEASE

The contents of this chapter have been published in the Journal of Alzheimer's Disease and

is publicly available as [97]. As the �rst author, I was directly responsible for performing

all analysis, and drafting the manuscript.

Abstract The complex and not yet fully understood etiology of Alzheimer's disease (AD)

shows important proteopathic signs which are unlikely to be linked to a single protein.

However, protein subsets from deep proteomic datasets can be useful in stratifying patient

risk, identifying stage dependent disease markers, and suggesting possible disease mech-

anisms. The objective of this chapter was to identify protein subsets that best classify

subjects into control, asymptomatic Alzheimer's disease (AsymAD), and AD. Data com-

prised of 6 cohorts; 620 subjects; 3,334 proteins. Brain tissue-derived predictive protein

subsets for classifying AD, AsymAD, or control were identi�ed and validated with label-

free quanti�cation and recursive feature elimination (backward selection). A 29-protein

subset accurately classi�ed AD (AUC=0.94). However, an 88-protein subset best predicted

AsymAD (AUC=0.92) or Control (AUC=0.92) from AD (AUC=0.98). Biomarkers were

dynamically separable across disease stages. Predictive proteins were found to be signi�-

cantly enriched for sugar metabolism.

2.1 Introduction

Early elucidation of AD is pivotal for constructing clinically impactful treatments. How-

ever, the pathophysiology of AD and the driving biochemical changes are not fully under-
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stood. Assessment of changes in protein expressions in the brain may assist in elucidation

of multi-factorial biochemical changes that lead to AD [101]. Given the complexity and

heterogeneity of AD, no single protein is likely to be predictive of all mechanisms or phe-

notypes which result in AD [102]. Nonetheless, predictive protein models may suggest

novel disease mechanisms, improve assessment of patient risk, and signify disease stage-

dependent biomarkers [103].

This work identi�es protein subsets that differentiate diagnostic labels for Alzheimer's

Disease. AD diagnosis is often based on clinically measured functional cognitive decline.

AD diagnosis is typically determined using a battery of neuropsychological tests in com-

bination with suggestive imaging, genomic, or other clinical features. Common cognitive

tests used in AD diagnosis include the Montreal Cognitive Assessment (MOCA) or Consor-

tium to Establish a Registry for Alzheimer's Disease (CERAD) neuropsychological battery

[104]. There is no universal de�nition of asymptomatic AD (AsymAD). Asymptomatic

AD is typically characterized by changes in age-adjusted biomarkers, such as increase in

amyloid-� and tau in the brain, without overt presence of cognitive decline [105]. Control

subjects typically show no overt cognitive losses and no signi�cant change in age-adjusted

biomarkers.

In particular, identi�cation of subsets of proteins that better predict and stratify the

asymptomatic AD stage is pivotal. Earlier identi�cation of patients likely to transition to

AD could enable earlier intervention. The ability to intervene early is likely key to im-

proving outcomes, such as slowing progression or improving symptom-related quality of

life. The amyloid-� cascade, tauopathy, and Apolipoprotein E (ApoE) are known aber-

rant protein signatures in AD [106, 107, 108, 109]. However, other proteins may provide

earlier clues during asymptomatic changes. For example, metabolomic [110], lipidomic

and in�ammation-related proteins have also been suggested to be involved in aging and

dementia [111].

The study goal was to determine which proteins in the brain [beyond amyloid-� and
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phosphorylated tau] are most important for classifying a human subject as either control,

AsymAD, or AD. Data consisted of 3,334 brain tissue-derived proteins measured via label-

free quanti�cation (LFQ) [103] in six different clinical cohorts. Machine learning classi-

�cation with recursive feature elimination was used to select the “best” or most predictive

proteins.

2.2 Methods

Methods consist of: data collection and preprocessing; protein selection using a machine

learning algorithm to identify the “best” subset of proteins to predict patient diagnostic

classi�cation; validation of the algorithm to accurately classify control, AsymAD, or AD

patients using only the identi�ed “best” subset of predictive proteins; and assessment of

predictive protein functions. All data preprocessing, machine learning, and analysis was

performed in Python 3.6.

Patient diagnostic class labels Note that the patient diagnostic labels (Control, Asy-

mAD, AD) were inherited from previously published work. Brie�y, according to the def-

initions outlined by Johnson et. al. [103], the neuropathological diagnostic classes were

determined using CERAD criteria to quantify neuritic plaque distribution and Braak stag-

ing to quantify extent of neuro�brillary tangle pathology.

Data used for protein biomarker identi�cation Six public data sets were utilized [103]:

Baltimore Longitudinal Study of Aging (BLSA) [112], Banner Sun Health Research In-

stitute (Banner) [113], Mount Sinai School of Medicine Brain Bank (MSSB) [102], Adult

Changes in Thought Study (ACT), Mayo Clinic Brain Bank and University of Pennsylvania

School of Medicine Brain Bank. Four data sets (n = 419 subjects) were utilized for initial

model construction and “best” protein selection: BLSA, Banner, ACT and MSSB. Two data

sets (n = 201 subjects) were used to independently validate the ability of the selected best

protein subset to classify the diagnostic label of subjects: Mayo and UPenn cohorts. For
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all cohorts except Mayo, the tissue was taken from the dorsolateral prefrontal cortex. For

the Mayo cohort, the tissue was taken from the temporal cortex. Fig. Figure 2.1 illustrates

the overall distribution of amyloid-� , tau, amyloid precursor protein (APP), CERAD score,

and Braak in the data sets used for protein selection. Because amyloid-� (A� ) and tau were

utilized to determine the class labels [103] in the original data sets, tau and amyloid-� lev-

els are not explicitly utilized as part of the protein identi�cation and selection process here.

Inclusion of amyloid-� and tau would have resulted in a circular analysis that confounded

results. However, their pathways are indirectly represented via upstream biomarkers like

APP.

As shown in �g. 2.2a as part of data preparation, missing values were imputed using

the k-nearest neighbor (the optimal number of neighbors for missing values imputations

was determined to be 20). Fig. Figure 2.2b shows the number of subjects and quanti�ed

proteins for each cohort.

Protein selection using machine learning As shown in the protein selection row of

�g. 2.2, proteins from the selection cohort (data from BLSA, Banner, ACT and MSSB)

were selected using a combination of classi�cation algorithms with recursive feature elim-

ination (RFE). RFE is a feature selection algorithm which recursively eliminates less im-

portant data features until a prede�ned number of features remain in the dataset. In this

study, the “features” are the quanti�ed proteins. This iterative procedure is an instance of

backward selection [114]. RFE [114] is used to determine the most predictive proteins for

successful classi�cation. The resultant predictive protein subset was then used to classify

each subject as either control, AsymAD, or AD.

RFE is a wrapper-based feature selection algorithm where recursive rounds of elim-

ination are used to determine the subset of proteins that best predict patient diagnostic

classi�cation. The �nal set of selected predictive proteins is, in part, sensitive to the classi-

�cation method. Thus, two popular linear classi�cation methods were independently used
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Figure 2.1:(a-c) Distribution of amyloid-� , Tau, APP across the subjects in the 4-cohort
data (Banner, BLSA, MSSB, ACT) used to identify protein biomarkers.(d, e)Distribution
of CERAD and Braak scores across the same set of subjects.

with RFE in the scikit-learn package of Python: support vector machine (SVM) and lo-

gistic regression (LR), both with linear kernels [115]. The two classi�ers, SVM and LR,

separately select a speci�ed number of most predictive proteins equal to the RFE criterion.

The RFE criterion is the number of proteins the algorithm is allowed to retain. Note that

other classi�ers were also tried in place or in combination with SVM and LR. However, the

intersection of proteins selected by SVM and LR was most consistent and accurate; hence,

all results shown utilized this method.

Proteins are selected based on their superior classi�cation ability as quantitatively mea-

sured by the area under the receive operating curve (AUROC). The intersecting most pre-

dictive proteins become the “best proteins”. The RFE algorithm assessed RFE criterions

ranging from 10 to 150 proteins. For example, the Venn diagram of �g. 2.2 for protein

selection illustrates that an RFE criterion of 50 for SVM and LR resulted in an intersecting
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set of 29 best proteins. Upon completion of protein selection using RFE, a new SVM clas-

si�er is constructed, trained and validated to classify diagnosis (AD, control, AsymAD)

using only the selected best proteins. With three classes (control, AsymAD, AD) a one

versus rest approach was utilized (AD vs NonAD, AsymAD vs non-AsymAD, Control vs

Non-Control).

Note that alternative methods to RFE to identify the most predictive proteins were con-

sidered and tried on LFQ as well as held out data: penalized lasso, random forest feature

importance, and statistical differential protein expression using the f-statistic. Results from

these analysis can be found in the publication associated with this chapter [97]. Also, ran-

dom forests were coupled with RFE to have a more stringent selection criterion - including

a protein only when it is selected by 3 algorithms – SVM, logistic regression and random

forests (Supplementary Figure S8 in [97]). Performance comparison to neural network,

which played no role in feature selection, is also shown in Supplementary Figures 5-8 in

[97]. In some cases, the alternate methods shown in the supplementary �gures performed

marginally better on the UPenn dataset, which has only binary labels (Control/AD). In all

cases, RFE chosen proteins performed substantially better on the LFQ dataset which has

more samples (n=419), classes (Control/AsymAD/AD), and comprised 4 different datasets

(ACT, Mt. Sinai, Banner, BLSA) – �g. 2.2. Because of its superior multi-class perfor-

mance and generalizability, the RFE-based primary method shown in �g. 2.2a was used to

produce all results shown in the main article.

Validation of “best” protein subsets to classify diagnosis As shown in the Protein Val-

idation row of �g. 2.2a, the trained SVM classi�er was independently tested using vali-

dation cohort data (Mayo, UPenn data sets). As part of independent validation, the best

set(s) of proteins determined during protein selection with RFE was used to predict val-

idation cohort diagnostic classes. However, there were a couple of exceptions due to

required data harmonization. In the Mayo cohort, one of the “best” proteins was not
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quanti�ed (CROCC—Q5TZA2) and a different protein isoform was quanti�ed for APP;

APP—A0A0A0MRG2 was included for Mayo, instead of APP—E9PG40). Similarly,

for the UPenn cohort, two of the “best” proteins were not quanti�ed (C4A—P0C0L4,

DMXL1—Q9Y485), and a different isoform was quanti�ed for APP (APP—A0A0A0MRG2

instead of APP—E9PG40).

Confusion matrices illustrate true positives (TP), false positives (FP), true negatives

(TN), and false negatives (FN) used to calculate classi�cation performance. Additionally,

a receiver operator characteristic curve (ROC) is generated to assess aggregate �nal model

performance. ROC assesses the model's classi�cation accuracy when using only the “best”

protein subsets to classify diagnosis. ROC is a plot of precision versus recall. Recall is

de�ned as [TP/ (TP + FN)], and precision is de�ned a [TP/(TP+FP)]. Area under the curve

(AUC) provides an aggregate measure of performance across all classi�cation thresholds.

A separate unsupervised learning technique, t-stochastic neighbor embedding (t-SNE),

was used to assess separability of AD, AsymAD, and Control subjects using only the se-

lected best proteins subsets determined during supervised learning with RFE.

Finally, principal component analysis (PCA), a dimensional reduction technique, was

used to explore and validate RFE criteria. The scree plot and elbow method were used to

separately verify how many proteins are necessary to explain the preponderance of vari-

ance. The elbow approximated the number of intersecting proteins selected during RFE for

optimal diagnostic classi�cation.

Analysis of Protein Function Modules Selected proteins were matched to their protein

function using the color modules and algorithms published by Johnson et. al. [103]. There

are 14 possible functional modules comprising the entire protein data set (n = 3334 unique

proteins). The percent composition of speci�c functional modules in the selected “best”

protein subsets were compared to the original, full protein set. Signi�cant differences were

assessed using two-sided binomial tests at an alpha of 0.05.
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2.3 Results

A machine learning classi�cation and recursive feature elimination process (�g. 2.2a) de-

termined which of 3,334 possible clinically measured proteins were most important for

classifying control, asymptomatic Alzheimer's Disease (AsymAD), or Alzheimer's Dis-

ease (AD). Recursive feature elimination (RFE) was used to identify the proteins that best

predicted diagnostic class. Six public data sets were utilized (�g. 2.2b). Four data sets (n =

419 subjects) were for protein selection, which consisted of identifying the “best proteins”.

Two data sets (n = 201 subjects) were used for independent protein validation. Indepen-

dent validation on unseen data ensured the model was generalizable. Hence, the model can

correctly classify the diagnosis of new subjects using only the selected best protein sub-

set(s). An RFE criterion of 50, which resulted in 29 best proteins, was found suf�cient to

distinguish AD from control. However, an RFE criterion of 150, which resulted in 88 best

proteins, was found necessary to optimally distinguish AsymAD from AD.

Classi�cation performance with 29 best proteins Amyloid precursor protein (APP) is

linked to the well-known amyloid-� pathway [116]. It was also selected by RFE as one

of the 29 best proteins. Hence, it was important to carefully assess if APP was impacting

or biasing classi�cation compared to other proteins. Figure 2.3 illustrates the classi�ca-

tion performance using APP alone (�g. 2.3a-c), the selected 29 best proteins (�g. 2.3d-f),

and APP excluded from the panel of 29 proteins (�g. 2.3g-i) for the three datasets (LFQ,

Mayo and UPenn). Figure Figure 2.3d illustrates the confusion matrix for the LFQ cohort,

�g. 2.3e the Mayo validation cohort, and �g. 2.3f the UPenn validation cohort, with the

selected 29 best proteins. For the LFQ cohort, the model correctly classi�ed 186 of the

230 AD patients (80.9%), while 25 AD patients (10.9%) were misclassi�ed as AsymAD,

and 19 AD patients (8.3%) were misclassi�ed as control. For the Mayo validation cohort,

where proteins were measured in the temporal cortex, 71 AD patients (86.5%) were cor-

rectly classi�ed, whereas 11 AD patients were misclassi�ed as control. For the UPenn
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