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Apoorva Bharthur Sanjay

TRANSCRIPTOMIC PROFILING IN MILD COGNITIVE IMPAIRMENT AND

ALZHEIMER'’S DISEASE USING NEUROIMAGING ENDOPHENOTYPES

Alzheimer’'s disease (AD) is a devastating neurodegenerative disease affecting
more than 6 million Americans and 50 million people worldwide currently. It is an
irreversible neurodegenerative disease which causes decline in memory,
cognition, personality, and other functions which eventually lead to death due to

complete brain failure.

Recently there has been a lot of research that has focused on enabling early
intervention and disease prevention in AD which could have a significant impact
on this disease, be crucial for life management, assessment of risk for future
generations, and assistance in end-of-life preparation. For a late-life complex
multifactorial disease, such as AD, where both genetic and environmental factors
are involved, integrating multiple layers of genetic, imaging, and other biomarker
data is a critical step for therapeutic discovery and building predictive risk

assessment tools.

The multifactorial nature of AD suggests that multiple therapeutic targets
need to be identified and tested together. Hence, we need a systems-level
approach to build biomarker profiles which can be used for drug discovery and
screening/risk assessment. The research presented in this dissertation focuses on
utilizing a systems level approach to identify promising imaging genetics

biomarkers that provide insight into dysregulated biological pathways in AD
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pathogenesis and identify critical MRNA measures that can be investigated further
within the scope of novel therapeutics, as well as input variables in predictive
models for AD risk, screening, and diagnosis. The overall research goal was the
development of systems level, imaging genetics biomarker signatures to serve as
tools for risk analysis and therapeutic discovery in AD. The specific outcomes of
the analyses were characterization of patterns in gene expression at systems level
using neuroimaging endophenotypes, and identification of specific driver genes
and genotypic variants, which can inform predictive modeling for diagnosis, risk,

and pathogenic profiling in AD.
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Introduction

Alzheimer’s disease (AD) is a devastating neurodegenerative disease affecting
more than 6 million Americans and 50 million people worldwide currently. It is an
irreversible neurodegenerative disease which causes decline in memory,
cognition, personality, and other functions which eventually lead to death due to
complete brain failure. Recently there has been a lot of research that has focused
on enabling early intervention and disease prevention in AD which could be
impactful, and would also be crucial for life management, to assessment of risk for
future generations and assistance in end-of-life preparation. Biomarkers are
essential to this effort, as they are a defined characteristic which can be measured
as an indicator of normal biological process, pathogenic process, or response to
an exposure or intervention. Development of therapeutically relevant biomarkers
is a necessary line of research, as established cognitive instruments commonly
used to diagnose and follow AD disease progression have limited usefulness in

the latent AD stages[1].

The hallmark pathologies observed in AD pathology are the cerebral
extracellular deposition of B -Amyloid (AB) and the intracellular formation of
neurofibrillary tangles by hyperphosphorylated tau. There are several other
conditions that are associated with these hallmark pathologies. Broadly, they are
associated with vascular alterations, systemic inflammation, genetic/epigenetic
status, mitochondrial dysfunction, and lipid metabolism. Valid and predictive re-

symptomatic risk assessments (based in part on A and tau) are needed to define



essential windows in which disease-modifying and preventative interventions for
AD) can be maximally effective. Currently established biomarkers such as positron
emission tomography (PET) (Positron Emission Tomography) amyloid imaging
and cerebrospinal fluid (CSF) levels of (Cerebrospinal Fluid) tau/AB are expensive
and/or invasive. Structural imaging biomarkers, such as gray matter and white
matter volume, while less expensive, can also be non-specific, and may be
confounded by co-morbid medical conditions. Nonetheless, these imaging
techniques are still important for characterizing AD phenotypes. Blood-based
biomarkers such as transcriptomic, proteomic and metabolomics, and other omics
data are important because they represent a more specific, less invasive, and
potentially less expensive approach for aiding in AD detection and monitoring of
disease progression. For a late-life complex multifactorial disease such as AD, in
which both genetic and environmental factors are involved, integration of multiple
layers of genetic, imaging, and other biomarker data is a critical step for the
development of robust risk assessment platforms. Genetic data especially can
provide better understanding of the underlying pathogenesis and be very useful
for both biomarker and therapeutic development. The multifactorial nature of AD
suggests that multiple therapeutic targets need to be identified and tested together.
Hence, a systems-level approach is needed to build biomarker profiles that could

be used for drug discovery and screening/risk assessment.

The purpose of this body of work was to utilize a systems level approach
to identify promising integrative imaging/genetics biomarkers and gene-interaction

networks which could provide insight into dysregulated biological pathways in AD



pathogenesis and to identify critical mMRNA measures that could be investigated
further within the scope of novel therapeutics as well as be used as input variables
within predictive models for AD risk, screening, and diagnosis. The datasets used
for the analyses were data from the Imaging and Genetic Biomarkers of
Alzheimer’s Disease study (ImaGene) and the Alzheimer’s Disease Neuroimaging
Initiative study (ADNI)[2]. The ImaGene dataset consists of longitudinal clinical,
cognitive, imaging, epigenetic, genomic, and transcriptomic data on 160 subjects
(50 Normal controls (NC) and 100 MCI (Mild Cognitive Impairment), 35 of which

converted to dementia during the study.

Background and Justification

Evidence for a genetic component in neurodegenerative disorders such as
AD is overwhelming. The primary risk alleles of apolipoprotein (APP) and
presenilin (PSEN) have been known for several decades[3]. More recently, at least
21 additional genetic risk loci have been identified for the non mendelian form of
Late Onset AD(LOAD) in genome-wide association studies (GWAS) and massive
parallel resequencing (MPS) efforts[4, 5]. These studies reiterate the multifactorial
nature of AD. Analyses of genetic data, such as full genome screens, require large
sample sizes, which make it costly and logistically challenging. Moreover, the
predictive and diagnostic screening for causal mutations accounts for only a small
portion of AD patients. Many mutations in the amyloid precursor protein (APP) and
presenilin 1 and 2 (PSEN1 and PSENZ2) have been reported as the pathogenic
causes of early-onset AD (EOAD), which accounts for up to 5% of all AD cases|6].

Pathogenic mutations are identified in only ~6% of patients through genetic



screening because they focus on APP, PSEN1 and PSENZ2[7]. Massive parallel
sequencing has offered a new diagnostic tool to screen for multiple putative risk
genes, but this requires a reliable, pre-defined disease spectrum gene panel to
eliminate the need for solely clinical diagnostic parameters. However, no such
panel currently exists in the absence of knowledge of clinical symptoms. This
means that predictive diagnoses during the early latent stages of AD (when there

is often no clinical manifestation) is exceptionally difficult.

Emerging data suggest that peripheral blood markers may provide a
suitable surrogate for gene expression patterns identified in CNS disease. For
example, peripheral blood microarray studies have successfully identified
candidate genes for Parkinson’s disease — another common neurodegenerative
disorder in the elderly that, like AD, is caused by misfolding and deposition of
aberrant protein species[8]. In addition, systematic evaluation of gene expression
in blood and brain has shown that whole-blood gene expression profiles share
significant similarities with that of CNS tissues[9]. A significant amount of work has
been conducted in analysis of blood-based markers within the context of predicting
progression of AD, conversion from mild cognitive impairment (MCI) to AD, and
risk for future AD. A set of ten lipids from peripheral blood were identified that
predicted conversion to amnestic mild cognitive impairment (aMCI) or AD in 525
community dwelling older participants [10]; however, these findings have not been
successfully cross- validated. Hye et al. analyzed plasma proteomics from three
independent cohorts and found a set of 10 proteins that predicted progression from

MCI to AD[11]. Another focus in recent years has been on plasma t-tau as a



potential blood-based biomarker for diagnostics and screening[12]. Total tau (t-
tau) and tau phosphorylated at threonine 181 (p-tau-181) are biomarkers for the
presence of Alzheimer's disease (AD) pathology in the brain[13]. However, there
Is no clear correlation between plasma and CSF t-tau concentrations[12, 14], and
this finding of low correlation between CSF and blood biomarkers is reported
frequently[15]. A study examined serum autoantibodies within a classification
analysis and found that the top fifty differentially expressed autoantibodies had
greater than 95% sensitivity and specificity for discriminating MCI from all other
diagnostic categories within a cross-sectional cohort[16]. Taken together, these
studies point towards the utility of using blood-based biomarkers, with an emphasis
on quantitative analytes/metabolites for indexing disease state and progression.
Additionally transcriptomic profiling or studying gene expression from blood can be
a useful tool for risk analysis and therapeutic development, especially in prodromal

AD.

Transcriptomic analyses on brain tissue are restricted to postmortem data,
and thus represent primarily profiles of end-stage AD, which may not be
generalizable to pre-symptomatic or early symptomatic stages of AD. Gene
expression and genetic variant analyses may be a key bridge to the development
of robust blood-based risk assessment platforms, as it has been observed that
80% of the genes expressed in human brain are also expressed in the peripheral
blood lymphocytes[17]. Microarray and RNA-sequencing based transcriptome
studies of postmortem brain in AD and healthy controls have identified differentially

expressed genes and associated functional pathways, yielding a core set of



differentially expressed pathways including immune response, apoptosis, cell
proliferation, energy metabolism, and synaptic transmission[18, 19]. RNA-Seq
analyses of human AD postmortem brains have shown that there are novel
isoforms which are dysregulated in parietal cortex associated with immune

response and lipid metabolism[20].

Gene expression can also be studied as gene co-expression networks,
which looks at relationship between genes, where a node represents a gene and
an edge joining two nodes represents their relationship. Use of gene co-expression
networks may help identify novel gene interactions and subnetworks. Gene—gene
correlation networks offer the potential for identifying new ‘hub genes’ in disease
susceptibility and progression. Using network analysis tools, Miller et al et al.
published a systems-level analysis of transcriptional changes in AD and normal
aging using gene expression data from the CA1 region of hippocampus They
identified conserved modules between AD and aging, as well as other biologically
relevant driver genes[21]. Liang et al recently identified two modules of co-
expressed genes from hippocampal tissue associated with AD clinical severity that
were related to NF-KB signaling and cGMP-PKG signaling pathways. They also
confirmed the validity of the hub genes in AD transgenic mice[22]. The studies
mentioned above reinforce the validity of studying genetic data and gene
expression networks in identification of novel targets or dysregulated pathways,
with the caveat being that most have focused on postmortem brain tissue. We

therefore aimed to address the utility of identifying promising genetic signatures



from blood at the prodromal AD stage with the intent of discovering novel

therapeutic targets.

An accurate interpretation of the association between a genetic variant and
pathogenesis in AD is difficult because of its pathophysiological complexity and
pleiotropy of risk genes. A myriad of molecular factors interacts in multiple
networks dynamically, and at different biological levels. One way to address this
complexity is by combining genetic variant data with gene expression studies. A
fundamental concept of genetics is that the genotype influences the phenotype.
Given the low phenotypic variance explained by any single SNP, it is expected that
groups of SNPs cluster within groups of functionally-related genes within biological
systems|[23]. Using eQTL (expression Quantitative Trait Loci) network analysis,
Fagny et al. found communities (clusters of SNPs) associated with tissue specific
processes, and these clusters elucidate the regulatory role of SNPs in gene
expression networks[24]. In another study, genetic variants in hub genes (genes
with higher connectivity to other genes in the network) are predicted to have a
more profound effect on network dysfunction and disease than other genes in the
network[25]. TYROBP (a receptor-activating subunit component of natural killer
(NK) cells) was identified as a central regulator of the immune/microglia networks,
as were TREM2, MS4A4A, MS4A6A, and CD33[26]. TYROBP is a binding partner
of TREM2, and a genetic variant in TYROBP is reported to regulate TREM2
expression levels[26]. TYROBP is the downstream adaptor and putative signaling
partner for several receptors implicated in Alzheimer's disease (AD)[27].

Additionally, PTK2B has been reported as a hub regulator identified through



microarray meta-analysis in the frontal cortex[28]. PTK2B regulates important
biological processes involved in neuronal differentiation and electrical
maturation[29]. Given the potential utility of understanding interactions between
gene expression and gene networks for biomarker development in AD, we
investigated the genotype-phenotype relationship in AD pathogenesis within the

context of genetic network analyses of peripheral blood-based gene expression.

The need for a cost-effective way that can serve as the first step in a
multistage diagnostic framework in AD is an integral part of biomarker
developmentin AD research. The use of sophisticated computational methods and
statistical modeling for diagnostics and screening could minimize human error and
ultimately would make results readily available to clinicians. Most importantly, it
allows for integration of vast and diverse datasets to facilitate reliable classification
and prognosis. In an effort towards this goal, multiple studies like the Alzheimer’s
Disease Neuroimaging Initiative (ADNI), AddNeuroMed, and ImaGene collect and
store data ranging from clinical data; imaging data; genomic, transcriptomic,
proteomic, and metabolomic data; and gene expression data[30]. Deep-learning
based automated diagnostic frameworks [31] and hyper spectral imaging-based
methods[32] are examples of developments in computational tools for diagnosis.
Huang et al. recently identified candidate AD genes from human brain-specific
gene network data using an support vector machine (SVM) machine learning
approach[33]. In another study, using an eQTL framework, Hu et al. found several
candidate SNPs that have a strong relationship with AD[34]. Integration of gene

expression and genotype data for prediction using machine learning and statistical



modeling will be useful for development of the computation-aided diagnostic
frameworks for AD, and we employed this methodology for assessment of our
transcriptomic measures. External validation of a model’'s predictive performance
Is crucial for determining the reliability and accuracy of model predictions because
variables found with data-driven in sample prediction algorithms do not always
cross-validate very well [10], we validated our models and predictors found through
analyses of genetic and gene expression data from the initial discovery dataset(the

dataset our model was trained and built on) in a second, external dataset.
Neuroimaging endophenotypes

Genetic studies based on case-control analyses and gene expression
makes identification of genetic risk factors and candidate genes implicated in AD
difficult because they are based on clinical diagnosis alone. Putative AD diagnosis
Is based of cognitive impairment that is identified with standard neuropsychiatric
tests. The outcomes of standard cognitive tests may be subject to effects unrelated
to AD, such as fatigue, anxiety, general test-taking ability, and practice effects.
Occasionally, well-educated people suffering from cognitive decline can appear
normal in a clinical setting, whereas cognitively normal individuals with extreme
anxiety may appear to be impaired. There are other late-life dementias that can be
clinically misdiagnosed as AD based on neuropsychiatric test results. Therefore,
the use of brain endophenotypes, which are objective and highly reproducible over
time, may facilitate identification of AD genetic risk factors, more importantly, may
permit understanding of these risk factors’ impacts on processes like amyloid and

tau pathology, hypometabolism, and neurodegeneration. Imaging metrics also



offer versatility in terms of pathophysiological mechanisms such as structural or
(e.g.,), functional changes (e.g., loss in volume, cortical thinning), functional
decline (e.g., altered task- based functional magnetic resonance imaging (,
diffusion anisotropy reduction, white matter pathology, fMRI) activity, altered
resting state fMRI network connectivity), white matter decline (e.g. reductions in
diffusion weighted imaging signal, including white matter volume and/or lesions,
white matter tract integrity), and pathological protein aggregation (e.g. amyloid

and tau, as visualized with PET positivity).

Anatomical information from imaging biomarkers provides crucial disease-
staging information. Neuroimaging can help distinguish the different phases of AD
disease both temporally and anatomically[35]. Volumetric changes can be
observed through analyses of structural MRI data[36]. In AD, overall cortical
thinning, and reduction of gray matter in the hippocampus, the entorhinal cortex
and prefrontal cortex are observed, with hippocampal and entorhinal shrinkage
occurring in preclinical and early stages of disease[37-40]. Amyloid PET provides
information on amyloid aggregation [22]. Studies show that parietal cortices
(posterior cingulate, restrosplenial cortex, precuneus) are key regions of early
deposition[41], which are consistent with post-mortem Braak amyloid stages
(REF). These regions have strong connections to medial temporal lobe, a site of
early tau pathology[42]. Tau pathology correlates strongly with neurodegeneration
and with cognitive impairment, and tau PET imaging can capture histology-based

Braak and Braak staging of tau pathology[43, 44]. Given the importance of these

10



neuroimaging biomarkers, we have incorporated them in our predictive models

with the transcriptomic data.
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Chapter 1: Characterization of gene expression patterns in Mild Cognitive
Impairment using a transcriptomics approach and neuroimaging

endophenotypes

Introduction:

The prodromal stages of Alzheimer's Disease (AD) can provide an essential
window where disease-modifying and preventative interventions can be maximally
effective. Currently established biomarkers like Positron Emission Tomography
(PET), amyloid imaging and cerebrospinal fluid (CSF) tau/AB are expensive and/or
invasive. Structural imaging biomarkers while less expensive are non-specific.
Blood-based biomarkers are important because they represent a less invasive and

potentially cheaper approach for aiding AD detection and therapeutic discovery.

For a late-life complex multifactorial disease, such as AD, where both
genetic and environmental factors are involved, integrating multiple layers of
genetic, imaging, and other biomarker data is a critical step in identifying distinct
pathogenic profiles and uncovering novel dysregulated pathways/ biological
processes for therapeutics. Additionally, the benefit from biomarker-driven risk
assessment tools lies in eliminating the need for decisions based solely on clinical
parameters, especially during the latent stages of AD where clinical manifestation
is inconclusive. Currently, biomarkers are the only feasible approach for identifying
and estimating disease-related traits in early stages of AD when a therapeutic
intervention can achieve its greatest impact. Evidence for a genetic component in
neurodegenerative disorders like AD is overwhelming. Autosomal dominant

pathogenic mutations in APP, PSEN1 and PSEN2 are identified in only ~6% of

12



patients [7], accounting for a small portion of AD patients. At least 21 additional
genetic risk loci have been identified for the genetically complex sporadic form of
AD in genome-wide association studies (GWAS) and massive parallel
resequencing (MPS) efforts [4, 45]. These studies re-emphasize the multifactorial

nature of AD.

Emerging data suggests that peripheral blood may provide a suitable
surrogate for gene expression patterns identified in the CNS. Peripheral blood
microarray studies have successfully identified candidate genes for Parkinson’s
disease — another common neurodegenerative disorder in the elderly that, like AD,
is caused by misfolding and deposition of aberrant protein species[8] In addition,
systematic evaluation of comparability of gene expression in blood and brain has
shown that whole-blood gene expression profile shares significant similarities with
that of CNS tissues [8]. In contrast to DNA sequencing transcriptomics, the study
of gene expression profiles informs not only about inherited but also non-inherited
genomic signals [4]. Microarray and RNA-sequencing based transcriptome studies
of postmortem brains of AD and control subjects have identified differentially
expressed genes, yielding a core set of differentially expressed pathways including
immune response, apoptosis, cell proliferation, energy metabolism, and synaptic
transmission [18, 19]. Pathways involved in inflammation, DNA damage response,
cell cycle and neuronal homeostasis were found to be dysregulated in peripheral
blood [46]. Several studies have shown that an AD-specific mMRNA signature that
differentiates AD from cognitively normal controls (CN) can be detected in

peripheral blood [47, 48]. There is still a wide gap of knowledge on transcriptomic

13



profiling for risk analysis and how it may, in conjunction with other cognitive,
imaging and blood biomarkers, inform predictive modeling and therapeutic
development. In the following analyses, we aimed to identify relevant

transcriptomic signatures sensitive to cortical atrophy and amnestic MCI diagnosis.

These signatures consist of a limited number of critically important RNA
measures that capture early disease specificity, while minimizing noise and tissue
level variability. We applied a transcriptomics approach integrating genetic and
neuroimaging data using an applied mathematical tool known as persistent
homology (PH) followed by a statistical kernel-based clustering. We further
investigated the driver genes for variants or SNPs which have significant
association with amnestic MCI diagnosis. The clustering solution and genes
obtained from our novel pipeline were further validated in an external dataset

derived from the Alzheimer’s Disease Neuroimaging Initiative (ADNI).
Methods:
Dataset

Our discovery sample included 160 subjects from the Imaging and Genetic
Biomarkers of Alzheimer's Disease (ImaGene) study who were clinically
diagnosed as either (1) MCI (N = 108) or (2) CN (N = 52). The MCI group was
further divided into those presenting with amnestic (aMCI, N = 70) or those

presenting with non-amnestic phenotype (naMCI, N = 38) (Tablel).

Imaging: The detailed imaging protocol has been previously published [10].
All subjects received annual 1.5T MRI scans following the UCLA Alzheimer’s

Disease Research Center protocol consisting of coronal FI3D T1 MPRAGE: TR
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28, TE 4.5, FOV 22 cm, matrix 256x192, slice/gap 1.5/0 mm._Measures of
neurodegeneration were obtained from coronal T1-weighted MPRAGE
sequences. Scans were processed using Freesurfer (version 6.0) longitudinal

pipeline, to obtain region specific and global measures of atrophy [49].

Table 1: ImaGene Demographics

Variable NC aMCI naMClI p-
Mean (std) (N=52) (n=70) (n=38) value
Age 69.03(7.9) | 69.82(8.5) 69.75(8.5) 0.9
Education 17.6(2.04) 15.5(2.7) 16.5(2.88) 0.001*
Gender(M/F) 30/21 26/43 20/18 N.S.
MMSE 28.8(1.2) 27(2.5) 27.9(1.9) <0.001*
Hippocampus vol 8602 7990 8718 0.002*
(mm?) (1092) (1324) (1023)

Microarray-based Gene Expression: All subjects provided yearly peripheral
blood RNA. Total RNA was extracted using the PAXgene blood RNA kit (Qiagen).
Total RNA (200ng) was amplified, labeled, and hybridized on Illlumina Human
BeadChips, querying the expression of ~24K RefSeq-curated gene targets. Slides
were processed and scanned with lllumina BeadStation platform. Raw data were
collected, loaded in the statistical software R, and log transformed. Poor quality
arrays were excluded from further analyses. Data were normalized using quantile

normalization. MRNA levels are logz-transfomed.

Microarray-based SNP _genotyping: All subjects provided DNA at baseline.

DNA was labeled, fragmented, and hybridized on Illumina IM chips according to
lllumina instructions. The lllumina 1M SNP array assays 1.2 min markers per

sample, including over 100,000 copy number variants, providing the highest
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genotyping density available on the market. Arrays were scanned using the
lllumina iScan equipment. Proprietary software performance was compared with
new segmentation methods available within the Bioconductor project (‘affyio’ and
'oligo’ packages) showing improved calling performance over the Illlumina
software. Low confidence calls and SNPs not in Hardy-Weinberg Equilibrium were
excluded from further analyses. We have already imputed all missing genotypes
using MACH and minimac in a two-stage procedure using the 1000 Genomes
project pilot data as a reference panel for inferring missing genotypes. Minimac
yielded the posterior probabilities of the imputed genotypes at un-genotyped
marker loci for everyone. r2 value equal to 0.30 was set as the threshold to accept

each imputed genotype.
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Figure 1. Overview of methods

Preliminary data reduction

To reduce noise and find endophenotype-specific transcriptomic data from blood,
we performed an initial data reduction step by selecting transcripts which were
significantly associated with both hippocampal volume and average cortical
thickness. A simple linear regression model was applied to each of the 25,000

transcripts with hippocampal volume and cortical thickness as the outcome
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variable to select the unique union of transcripts which were significantly (p<0.05)

associated to both neurodegeneration measures.

Univariate surface mapping

An average surface was constructed by computing the Talairach coordinates at
each vertex for each subject [50]. The scans were then averaged together using
FreeSurfer6.0. Vertex-wise regressions for each of the transcripts was performed
using age, gender, and education as covariates to map the association of the gene
expression value with average cortical thickness using a MATLAB toolbox SurfStat

[51]. The beta coefficients were used for the persistent homology pipeline.

Persistent Homology

The topological method known as persistent homology (PH) builds a data-driven
coarse descriptor of a weighted discretized surface while retaining meaningful
geometric information [52]. We analyzed the SurfStat triangular meshes using PH
to characterize each map through the evolution of homological features (Figure 2-
A) across increasing vertex-wise thresholds. Vertices were normalized between
[0,1] across all 3420 cortical genes maps. The PH algorithm analyzes the mesh
and adds a triangle when all tree vertices have weight below or equal to the
threshold. As the thresholds increase, topological features of the surface
(components and holes) appear. These features can disappear either by merging
with older ones in the case of components, or by being filled up in the case of
holes. The birth and death of each feature and the number of features characterize
the shape and intensity of the map. This information can be summarized in Betti

curves which represent the number of features present at different threshold
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values.

The Betti curves are indicative of the global distribution of the Beta

coefficients along the cortical surface. To compare and cluster the maps, we

computed the Manhattan distance[53] between each pair of Betti curves. The

distance between two Betti curves is then the difference in number of features

(components or cycles) across all thresholds (Figure 2-B). Two distance matrices

were built, one for each dimension of the features under study (components and

holes), representing pairwise similarity or dissimilarity in homological features

between the cortical gene maps.

Table 2: ADNI Demographics

Variable CN EMCI LMCI AD p-value
Mean (std) (n=154) (n=215) (n=104) (n=42)
Age 73.69(6.01 | 70.95(7.44 | 72.02(7.37 | 75.31(9.37 | 0.0001*
) ) ) )
Gender(M/F 72/82 115/100 57/47 25/17 N.S
)
MMSE 29.03(1.21 | 28.32(1.49 | 27.60(1.76 | 22.88(1.92 | <0.0001
) ) ) ) *
AV45 SUVR | 1.11(0.19) | 1.16(0.21) | 1.27(0.23) | 1.39(0.22) | <0.0001
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Figure 2: Persistent homology pipeline representation with one gene. (A)The
filtration obtained from the cortical map relative to gene ZMYND11. For increasing
threshold values (on the x-axis), we record the appearance of topological features
of the surface (individual components and holes) and when these features
disappear either by merging with older ones in the case of individual components
or being filled up in the case of holes. We can represent each feature as a
horizontal bar whose extreme points are the birth and death of each filtration value
a-b. Moreover, we can count the number of features present as we increase the

threshold value. This gives us a betti curve indicative of the global distribution of
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Beta values along the cortical surface. (B) Distance matrices- Manhattan distance

matrix for the betti curves with genes sorted according to cluster labels for genes

Unsupervised kernel clustering

Multiple kernel learning is an established framework for representation and
integration of different modalities of data, including vectors, strings, graphs and
topological features [54]. Persistent homology can be fit into the framework via the
mathematical representation of kernel matrices [55]. Based on the Betti curve
differences, we built Laplace radial basis kernels representing pairwise similarity
in homological features between the association pattern of genes and cortical
thickness. We then applied a kernel spectral clustering algorithm from the kernelab
package in R [56]. This clustering algorithm was applied to the components
distance matrix only. To choose the optimum number of clusters, we applied two
methods- the elbow method and the silhouette analysis for choosing the number

of clusters.

Cluster Analysis

To identify disease relevant clusters, we performed principal component
decomposition on each cluster to represent the cluster by its first principal
component or the “eigen-gene” representing the set of genes in that cluster [57].
The eigen-gene represent a data vector of values that summarizes the gene
expression values within a given cluster for a given participant. These individual
eigen-gene values were used to identify clusters which were differentially
expressed in aMCI vs. CN pooled with naMCI (two-Sample t-test). Assumption for

normality was verified for the t-tests. We compared the aMCI group to the

21



combined naMCl and CN group as there were no significant differences between
naMCl and CN (one-way ANOVA, p>0.05). False Discovery Rate (FDR) correction
was applied to identify significant clusters that survived multiple testing correction
and had differential expression at the cluster level between diagnostic groups. For
validation, we permuted a null model with random assignment of cluster number
while maintaining cluster size and distribution for 1000 iterations and calculated
the number of significant clusters (two sample t-test, pwr <0.05) for each iteration

followed by FDR correction.

Gene Enrichment Analysis and Driver Genes Identification

Gene enrichment analysis was performed using the topGO package in R using the
weight01 algorithm [58]. P-values computed by two-sample t-test comparing aMCI
vs. the grouped CN and naMCI subjects were used as scores for the gene ontology
analysis to select the most disease relevant biological processes associated with
the cluster of genes. From the disease relevant clusters, driver genes were
identified by performing differential expression analysis within clusters followed by
FDR correction. REVIGO tool was used to visualize the enriched biological
processes. REVIGO summarizes long Gene Ontology lists by reducing functional
redundancies and visualizes the remaining GO terms in two-dimensional plots and
semantic similarity measures between GO terms are calculated based on pre-
established methods[59]. The GO terms from the gene enrichment analysis were
provided to REVIGO for visualization of enriched processes. The driver genes

were further investigated for role and function in AD pathology.
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Cluster Level Associations

Using the “eigen-gene” approach and vertex-wise regressions with cortical
thickness in SurfStat, we investigated cluster level associations with cortical

thickness to identify patterns or region-specific presentation of cortical atrophy.

Variant Analyses in Driver Genes

We used the tool MAGMA (Multi-marker Analysis of GenoMic Annotation)[60] to
analyze variants in the driver genes. The gene analysis in MAGMA is based on a
multiple linear principal components’ regression model, using an F-test to compute
the gene-variant-phenotype p-value. This model first projects the SNP matrix for a
gene onto its principal components (PC), pruning away PCs with very small
eigenvalues, and then uses those PCs as predictors for the phenotype in the linear
regression model. We first annotated the SNPs onto genes using the imputed raw
genotype data for our cohort and conducted a gene-level analysis step to compute

associations between SNPs in the driver genes and the amnestic MCI phenotype.

Validation in an external dataset

The clusters or sets of genes obtained through our pipelines were validated in an
external dataset which consisted of MRI, gene expression (specific transcripts
used for the discovery analysis), demographic and amyloid PET data. We
identified 515 subjects from the ADNI study [2] with the required overlapping data
types used in our ImaGene discovery datasets (Table 2). Data used in the
preparation of this article were obtained from the ADNI database

(adni.loni.usc.edu). Pre-processed data was downloaded wherein processing for

MRNA values and neuroimaging analyses were performed according to ADNI
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protocol [61]. The gene expression data was quantile normalized and log2
transformed. We applied a logistic regression classification (with age and gender
as covariates) for amyloid positivity and clinical diagnosis using the driver genes
identified from our analyses in the ADNI dataset. Amyloid positivity was predicted
using a logistic regression model positivity (Florbetapir SUVR > 1.11 in ADNI and
Flutemetamol SUVR>1.17 in ImaGene). These cut-offs for Florbetapir and
Flutemetamol [62] have been established according to previously published data.
We also analyzed the Freesurfer derived values for average cortical thickness,
average inferior temporal thickness, and average parietal thickness available in
the ADNI dataset and their association with the significant gene clusters identified

in our discovery dataset.
Results:

Subject demographics and identification of gene set

The three diagnostic groups had no significant difference in mean age and gender
distribution. There was a significant difference in mean number of years of
education, MMSE and hippocampal volume (p<0.05) (Tablel). Using a simple
linear model, we identified 3420 genes from ~25,000 transcripts which were
significantly associated with both hippocampal volume and cortical thickness
which were mapped onto the group average cortical thickness using vertex wise
regression with age, gender and education as covariates to obtain betti distances

from Persistent Homology.
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Cluster analysis and significant clusters

We obtained an optimal clustering solution of 20 clusters from the elbow and
silhouette analysis. Figure 3-A shows the representation of the twenty-cluster
solution. We identified three clusters which were significantly associated with
disease diagnosis post FDR correction (two sample ttest, p<0.05)- cluster-5,
cluster-14, and cluster-20. For the null model validation, 1000 iterations yielded
our 3-cluster solution outside the 95% confidence interval post FDR correction (two
sample t-test, prar <0.05) which provides convincing evidence of the presence of
the three clusters having significant biological relevance and being sensitive to
disease diagnosis. Cluster 5 consisted of 118 genes of which two genes were
differentially expressed (prr<0.05). Cluster 14 consisted of 255 genes of which 53
were differentially expressed (p:r<0.05) and cluster 20 consisted of 157 genes of
which two were differentially expressed (p«r<0.05). All 3,420 genes along with their

clustering solution are summarized supplementary file S1.

Biological processes associated with clusters and driver genes

The gene enrichment analysis identified the overrepresented biological pathways
in the significant clusters based on the p-values from the differential expression.
Gene enrichment results using differentially expressed genes are summarized in
supplementary Table 5. Positive regulation of apoptotic processes and cell
proliferation were the most significant biological processes associated with
cluster 5 (Figure 3-B). Driver gene analysis yielded 2 differentially expressed
cluster 5 genes SPINK6 and ZMYND11 (ptr<0.05). Cluster 14 was associated with

NF-kappa B signaling pathway (Figure 3-C). There were 53 differentially
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expressed genes in the cluster. For cluster 20, the main overrepresented pathway
was cellular response to retinoic acid and mitochondrial respiratory chain

complex processes (Figure 3-D).
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Gene enrichment results with the top ten enriched biological pathways using all
genes within the significant clusters are summarized in supplementary Table S2.
Figure 4 represents gene networks of the significant clusters with nodes grouped
by top overrepresented biological processes based on the gene ontology analyses.
GO analyses using all genes in the cluster yielded ‘activation of GTPase activity’,
as the significantly overrepresented pathway for cluster 5. For cluster 14,
significant biological processes were ‘positive regulation of translation’ and
‘chaperone-mediated protein complex assembly’ and for cluster 20,
‘transmembrane transport’, ‘cellular response to interleukin-1" and ‘cellular
response to tumor necrosis factor’ (Supplementary Table 6). All 57 driver genes
were downregulated in aMCIl. The driver genes and their fold change are

summarized in Table 3.
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Table 3: Driver genes and their fold change

Downregulated in amnestic MCI sample

Driver-Gene fold change p-value (prar)

AGPS -0.012 0.009
AP4E1 -0.013 0.001
ARID4B -0.013 0.007
ARMC10 -0.018 0.001
B3GNT2 -0.017 <0.001
BCAP29 -0.017 <0.001
Cé6orfl1l -0.021 <0.001
CAB39 -0.016 0.004
CAMSAP1 -0.013 0.001
CASC4 -0.013 0.001
CKS2 -0.016 0.005
C0OQ2 -0.015 0.005
DDX1 -0.014 0.007
DERL1 -0.015 0.002
DNAJA2 -0.014 0.006
DYNCI1LI2 -0.009 0.009
FAM3C -0.017 0.001
FASTKD3 -0.014 <0.001
HMGCS1 -0.016 0.001
HNRPK -0.021 <0.001
HSD17B4 -0.011 0.004
HSZFP36 -0.013 0.004
IDH1 -0.012 0.004
INSIG2 -0.016 0.003
KIAA1468 -0.02 0.004
KIAA1826 -0.022 <0.001
LASS6 -0.015 0.006
MATR3 -0.011 0.011
NDFIP1 -0.017 0.004
PAPD4 -0.016 0.009
PPP1R2 -0.017 0.007
PRDM10 -0.014 0.001
RASA1 -0.019 0.001
RFWD2 -0.013 0.002
ROCK1 -0.016 0.012
RPS6KB1 -0.017 0.005
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SCAMP1 -0.02 0.001
SLC22A5 -0.014 <0.001
SLC44A1 -0.016 0.006
SMAD4 -0.017 0.002
SNX4 -0.019 0.001
SPINKG6 -0.007 0.001
SSR1 -0.013 0.006
TAF4 -0.019 <0.001
TBC1D15 -0.02 0.001
TBCE -0.015 0.002
THAP1 -0.015 0.003
THOC3 -0.016 0.006
TICAM2 -0.013 0.005
TMEM144 -0.012 0.006
VPS26A -0.014 0.007
ZDHHC17 -0.02 0.001
ZMYND11 -0.008 0.001
ZNF654 -0.016 0.001

The molecular signature for the driver gene expression data is shown in
Figure 5. In the ImaGene sample, the aMClI group shows a marked downregulation
of the driver genes compared to normal controls and naMCI (Figure 5-A). In the
ADNI sample, the LMCI and AD groups show reasonable under expression of the
driver genes compared to the other two groups; CN and EMCI, but this difference

was not as pronounced as it was in the ImaGene sample (Figure 5-B).
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Figure 5: Molecular signatures of driver genes across diagnostic groups in A)
ImaGene and B) ADNI. Rows represent driver genes and columns represent

subjects. Color blocks represent cluster data(row) and diagnosis(column)

Cluster Level Associations

SurfStat mapping of cluster-level associations with cortical thickness showed AD-
like patterns (Figure 6) [63]. All three clusters showed negative association with
cortical thickness in the medial, inferior, and lateral temporal, the precuneus,
posterior cingulate, the lateral parietal and the frontal lobes. These were most
significant for Cluster 5 (regulation of apoptotic processes and cell
proliferation) and least significant for Cluster 14 (NF-kappa B signaling

pathway).
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Figure 6: Cluster association(T-statistic) with cortical thickness(T>1.96, p<0.05).

(A) Cluster 5 (B) Cluster 14 and (C) Cluster 20

Variant Analyses:

We identified two driver genes ARMC10 and KIAA1468 from the 57 driver genes
with SNPs significantly associated with aMCI in our sample. 47 SNPs were
annotated to the ARMC10 gene on chromosome 7, which had a significant
association to aMCl phenotype with p-value of 0.02 and Z-statistic 1.998. For
KIAA1468 on chromosome 18, 537 SNPs were annotated to the gene which had
a significant association to aMCI phenotype with p-value 0.04 and Z statistic 1.697.
The results from the variant the MAGMA variant analyses are summarized in Table

4. We further investigated the association of individual SNPs within the genes to
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disease phenotype using PLINK[64] GWAS tools but none of the individual SNPs

had a significant genome wide association post FDR correction.

Table 4: Variant analyses within driver genes

Gene Name | Chromosome Start (bp) Stop (bp) ZSTAT P-value
ARMC10 7 102715174 102740210 2.00 0.02
KIAA1468 18 59854506 59974355 1.70 0.04
SNX4 3 125165488 125239058 1.46 0.07
PAPD4 5 78908243 78982471 1.37 0.09
ROCK1 18 18529701 18691812 1.36 0.09
AP4E1 15 51200780 51298097 1.27 0.10
ZMYND11 10 180405 300577 1.09 0.14
TICAM2 5 114914339 114952142 0.97 0.17
DNAJA2 16 46989274 47007625 0.95 0.17
PPP1R2 3 195241221 195270224 0.92 0.18
TMEM144 4 159122749 159176439 0.81 0.21
LASS6 2 169312759 169631644 0.77 0.22
IDH1 2 209100951 209120478 0.77 0.22
DERL1 8 124025404 124054663 0.77 0.22
CAMSAP1 9 138700333 138799060 0.73 0.23
PRDM10 11 129769601 129872730 0.68 0.25
Cé6orf111 6 99846534 99873263 0.67 0.25
DDX1 2 15731745 15771235 0.65 0.26
CKS2 9 91926113 91931618 0.52 0.30
ZNF654 3 88108394 88193814 0.51 0.30
ZDHHC17 12 77157854 77247481 0.47 0.32
NDFIP1 5 141488324 141534008 0.47 0.32
VPS26A 10 70883908 70932617 0.32 0.38
RPS6KB1 17 57970407 58027787 0.23 0.41
SPINK6 5 147582357 147594700 0.20 0.42
RFWD2 1 175913967 176176386 0.20 0.42
CAB39 2 231577557 231685790 0.19 0.43
THAP1 8 42691817 42698474 0.16 0.44
SLC22A5 5 131705396 131731306 0.10 0.46
SMAD4 18 48556583 48611412 0.04 0.48
FASTKD3 5 7859272 7869150 0.01 0.49
B3GNT2 2 62423262 62451866 0.01 0.50
ARID4B d 235330210 235491532 -0.05 0.52
THOC3 5 175386534 175395318 -0.05 0.52
TAF4 20 60549854 60640866 -0.13 0.55
AGPS 2 178257471 178408564 -0.15 0.56
MATR3 5 138609441 138667366 -0.18 0.57
SSR1 6 7281283 7313541 -0.20 0.58
TBC1D15 12 72233487 72320629 -0.35 0.64
CASC4 15 44580909 44707959 -0.51 0.70
INSIG2 2 118846033 118867604 -0.52 0.70
coQ2 4 84184972 84206067 -0.57 0.72
TBCE 1 235530728 235612280 -0.58 0.72
HSD178B4 5 118788138 118878030 -0.59 0.72
RASA1 5 86564070 86687743 -0.59 0.72
BCAP29 7 107220422 107263762 -0.59 0.72
HSZFP36 19 11832080 11849824 -0.67 0.75
FAM3C 7 120988905 121036422 -0.82 0.79
SCAMP1 5 77656339 77776562 -0.92 0.82
DYNCILI2 16 66754796 66785526 -1.03 0.85
SLC44A1 9 108006906 108200785 -1.14 0.87
KIAA1826 11 105878629 105892981 -1.30 0.90
HNRPK 9 86582998 86595692 -1.48 0.93
HMGCS1 5 43287572 43313614 -2.00 0.98
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Validation in ADNI

Our logistic regression model (with age and gender as covariates) to predict
amyloid positivity using the driver gene transcripts yielded an AUC (Area Under
Curve) of 0.74 in ADNI and 0.73 in ImaGene (Figure 7A). Our logistic regression
model to predict amnestic MCI or AD diagnosis in ADNI produced an AUC of 0.71
and 0.78, respectively (Figure 7B). Cluster 5 and cluster 20 were significantly
associated with average cortical thickness, inferior temporal thickness (Figure 7 C-

D) and inferior parietal thickness in the ADNI dataset (p<0.05, data not shown).
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Figure 7: ROC using driver genes from each significant cluster for ADNI (blue)
and ImaGene(red). (A) amyloidosis and (B) MCI and AD diagnosis in ADNI cohort.
(C) Cluster level association with average inferior temporal thickness and (D)

average cortical thickness (x-axis: eigen gene value, y-axis: thickness measure).

Discussion:

The need for a cost-effective way that can serve as the first step in a multistage
diagnostic framework in AD is an integral part of biomarker development in AD

research. With the evidence being what it is about the multifactorial nature of AD,
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multiple therapeutic targets need to be identified and tested together with respect
to the various phenotypic manifestations of the disease. While there are many
highly sensitive plasma and fluid biological markers which have shown promising
results in predictive and prognostic models, mMRNA measures can be critical and
add to this paradigm because they are directly correlated to physiological changes
and have multiple downstream and upstream processes which can be used for

therapeutic intervention and risk assessment/screening.

Using a data driven approach, we successfully reduced large and noisy
transcriptomic data from peripheral blood to a significantly smaller gene set
specific to neurodegeneration and sensitive to disease diagnosis. Through our
novel pipeline, we identified transcripts from peripheral blood that are associated
with the amnestic MCI phenotype and can also help in risk prediction for
conversion to AD. Persistent homology allowed us to compress in single summary
the shape and intensity of each brain map giving less weight to small fluctuations
in the spatial distribution of the Beta coefficient values across the cortex. Moreover,
the topological summaries are an optimal tool to reduce the redundancies in the
weighted triangular meshes in a way that allowed us to use sophisticated and

memory expensive algorithms in a large gene pool.

We identified many AD-relevant genes and few novel genes that can
potentially be important therapeutic targets. For cluster 5, the main driver genes
identified were ZMYND11 (Zinc Finger MYND-Type Containing 11) and SPINK6
(Serine Peptidase Inhibitor Kazal Type 6). ZMYND11 is a protein coding gene that

has been associated with mental retardation, and autosomal dominant non-
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syndromic intellectual disability [65] . SPINK6 is a kazal-type serine protease
inhibitor that acts on kallikrein-peptidases in the skin. It is a gene associated with
keratinization [66]. To date, SPINK6 has not been linked to central nervous system

processes or diseases.

Cluster 14 which was mainly associated with NF-kB signaling had 53
differentially expressed driver genes. 18 of these genes were found to have a direct
relevance in AD pathophysiology. Three of the driver genes (ROCK1, SMAD4 and
RPS6KB1) are associated with the TGF-beta signaling pathway (Table 7). The
neuroprotective cytokine TGF-beta is increased in AD and is associated with
chronic  neuroinflammation  which is  hypothesized to lead to
neurodegeneration[67]. ROCK1(Rho-associated protein kinase 1) is increased in
AD and ROCKZ1 depletion reduces amyloid beta levels in the brain[68]. SMAD4
regulates TGF-Beta signaling pathway through feedback mechanism[69].
Reducing RPS6KB1 expression has shown to improve spatial memory and
synaptic plasticity in a mouse model of AD[70]. NDFIP1, TICAM2 and ZDHHC17
are associated with positive regulation of I-kappaB kinase/NF-kappaB signaling
which is a key regulatory mechanism in innate immunity and known to be
associated with AD pathogenesis. Lower expression of NDFIP1 has been reported
to be associated with AD pathogenesis through decreasing DMT1 degradation and
increasing iron influx[71]. TICAMZ2 is involved in Toll receptor signaling (TLR4
signaling). TLR4 mediated signaling has been reported to contribute to the
pathogenesis of age-related neurodegenerative diseases, including AD[72].

ZDHH17 is a protein coding gene involved in palmitoylation. Disruption of protein
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palmitoylation has been implicated in pathogenesis of neurodegenerative
diseases, including AD[73], Huntington’s disease, schizophrenia and intellectual
disability. Detailed description of driver genes relevant to neurodegeneration and

AD along with their molecular function are summarized in supplementary table S3.

The driver genes in cluster 20 were FASTKD3 and SLC22A5. FASTKDS3 (Fas-
activated serine/threonine kinase domain 3) has been associated with neural tube
defects, folate-sensitive and disorders of intracellular cobalamin metabolism [74].
FASTKD3 interacts with components of mitochondrial respiratory and translation
machineries [75]. A polymorphism in the pro-apoptotic gene FASTKD?2 (fas-
activated serine/threonine kinase domains 2; rs7594645-G), a member of the
same family of proteins has been associated with better memory performance and
hippocampus structure in older adults [76]. SLC22A5 (Solute Carrier Family 22
Member 5) is a gene involved with fatty acid metabolism in mitochondria [77]. It is
a well-studied solute carrier in the blood brain barrier that acts upon carnitine,
stimulates the synthesis of acetylcholine, decreases oxidative stress, and prevents

neurodegeneration [78].

Variant Analyses using the driver genes identified that SNPs within genes
ARMC10 and KIAA1468 had significant association with disease diagnosis.
Overexpression of ARMC10 in neurons has been reported to prevent abeta
induced mitochondrial fission and neuronal death[79]. KIAA1468(RELCH)
regulates intracellular cholesterol distribution from recycling endosomes[80].
Although individual SNPs did not survive genome wide association(pr>0.05),

further studies are warranted in a larger sample size for identification of disease
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relevant variants or eQTLs in these genes. When applied to an external dataset
with the same driver gene data available, we found that our set of genes validated
reasonably well in predicting MCI and AD, and in predicting amyloid positivity. This
is an important finding since external validation of a model's predictive
performance is extremely crucial to examine how reliable and accurate model
predictions are. It is important to note that historically many variables found using
prediction algorithms do not cross-validate very well [81] which was not the case
here. The ambiguity of identifying gene transcripts spotted on microarrays based
on annotation makes it harder to cross reference genes based on gene accession
number, clone identifier, or even the sequence of a complete gene, and probes on
both microarray platforms may hybridize to different gene regions with different GC
content. Therefore, we have limited our validation in ADNI to a smaller set of
transcripts identified from the discovery dataset which are potentially biologically
relevant despite acquisition methods. In efforts to standardize and improve cross-
platform analyses, data harmonization methods which enable meta-analyses of
gene expression data and cross validation of the entire pipeline in external cohorts
are warranted as an important future direction of the current analyses. While there
are obvious challenges when it comes to data harmonization due to multiple
processing platforms and standardization issues, important biological markers
should validate in external datasets. In a recent study using ADNI, AddNeuroMed
and ANM2 data sets, classifiers trained on blood gene expression only were able
to classify AD with AUC of 0.657, 0.874, and 0.804 for ADNI, ANMI, and ANM2,

respectively. In the external validation, the best AUCs were 0.697 (training: ADNI
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vs. testing: ANM1), 0.764 (training: ADNI vs. testing:ANM2), 0.619 (training: ANM1
vs. testing: ADNI), 0.79 (training: ANM1 vs. testing: ANM2), 0.655 (training: ANM2
vs. testing: ADNI), and 0.859 (training: ANM2 vs. testing: ANML1), respectively
[82]. Our analysis incorporating neuroimaging data yielded more accurate
prediction (AUC=0.73 in ImaGene and AUC=0.74 in ADNI for amyloidosis;

AUC=0.71 and AUC=0.78 for MCI and AD prediction in ADNI, respectively).

There have been several other studies that have addressed the utility of
using transcriptomic data from blood. One study aimed at establishing a 5 gene-
set signature for classifying normal controls vs MCI and normal controls vs AD
based on their differential expression pattern, using publicly available datasets in
Gene Expression Omnibus. They reported AUCs of 0.47 and 0.5 respectively for
GSE4229 and GSE85426 in classifying AD vs control using PBMCs as the RNA
source[83]. Our gene-set has better classification performance and is also
associated with amyloid and neurodegeneration biomarkers. A recent study
conducted a meta-analysis of gene expression in AD identified 207 differentially
expressed genes using different AD tissue microarray datasets in the NCBI_GEO
database[84]. We found that 22 of the driver genes from our analyses were also

downregulated in the MCI and AD cohorts from their gene signature set.

Some limitations of the study merit consideration. Considering recent success of
ultrasensitive AB and p-tau plasma assays [85, 86], it is less likely that gene
expression data will be clinically useful, but blood gene expression does help
understand critical peripheral biological pathways associated with AD risk. Given

the smaller sample size (N=160) of our discovery dataset, we have validated the
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driver genes and clusters in a larger external dataset (ADNI, N=515) with
reasonable success but to build more robust predictive models and screen for
targets, the genes identified from our analysis warrant further investigation for
potential role in diagnostic prediction algorithms and as therapeutic targets through

experimental validation.

Overall, our analysis has contributed towards identification of gene
expression biomarkers associated with baseline diagnosis of MCI and future
conversion to AD dementia and aided in improvement of our understanding of
critical disease-related pathways and systematic changes that occur in prodromal

AD using blood-based biomarkers.
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Table 5: Gene Ontology analyses for the differentially expressed genes within the
significant clusters

Cluster 5
Annot | Rankin Classic weigh
GO.ID Term ated classic Fisher | Fisher t01
GO:004
2 | 3065 positive regulation of apoptotic process 3 198 1| 0.015
GO0:000
1| 8283 cell proliferation 15 125 0.307 | 0.015
GO0:200
3| 1237 negative regulation of extrinsic apoptosis 3 43 0.066 | 0.028
GO0:007
4 | 0268 cornification 2 27 0.044 | 0.034
GO:004
5| 2981 regulation of apoptotic process 9 101 0.191 | 0.046
GO0:005
6 | 1607 defense response to virus 2 28 0.044 | 0.046
GO:004 | positive regulation of I-kappaB kinase/N.F
7 | 3123 kappB 2 199 1| 0.063
GO0:003 | positive regulation of tumor necrosis
8 | 2760 factor production 2 200 1| 0.073
GO0:000
7268 chemical synaptic transmission 4 201 1| 0.075
1| GO:000
0 | 6325 chromatin organization 5 71 0.109 | 0.095
Cluster 14
Annot | Rankin Classic weigh
GO.ID Term ated classic Fisher | Fisher t01
GO:004 | positive regulation of I-kappaB
1| 3123 kinase/NF-kappB 5 524 1| 0.016
GO0:000
2 | 6879 cellular iron ion homeostasis 3 525 1| 0.026
GO0:000
3| 1541 ovarian follicle development 2 77 0.084 | 0.036
GO0:003
4 | 2868 response to insulin 4 166 0.163 | 0.038
GO:003 | positive regulation of protein
5| 1398 ubiquitination 3 526 1 0.04
GO0:000
6 | 7346 regulation of mitotic cell cycle 8 527 1| 0.046
GO0:001
7 | 8105 peptidyl-serine phosphorylation 4 528 1| 0.049
GO0:190
8 | 3595 positive regulation of histamine secretion 2 78 0.084 | 0.053
GO0:005
5085 transmembrane transport 14 529 1| 0.059
1| GO:000
0 | 6625 protein targeting to peroxisome 4 530 1| 0.059
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Cluster 20

Annot classic weigh

GO.ID Term ated Significant Fisher t01
GO:004

1| 2493 response to drug 11 0.18 | 0.025
GO0:007

2 | 1300 cellular response to retinoic acid 2 1| 0.033
GO0:003

3| 2355 response to estradiol 3 1 0.08
GO0:000

4| 0122 negative regulation of transcription by ... 6 1| 0.136
GO0:000

5| 6814 sodium ion transport 3 0.051 | 0.137
GO0:005

6 | 2106 quorum sensing 1 0.017 | 0.138
GO0:006 | positive regulation of intestinal epithelial

7 | 0731 structure maintenance 1 0.017 | 0.138
GO:007 | sodium-dependent organic cation

8 | 0715 transport 1 0.017 | 0.138
GO:190
2603 carnitine transmembrane transport 1 0.017 | 0.138

1| GO:003 | mitochondrial respiratory chain complex

0 | 3617 assembly 1 0.017 | 0.142
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Table 6: Gene Ontology analyses for all genes within the significant clusters

Cluster 5
Annota | Rank in classic | classic weight

GO.IDb Term ted Fisher Fisher 01
G0:0090

1| 630 activation of GTPase activity 2 239 1| 0.033
GO0:0001

2| 525 angiogenesis 6 240 1| 0.055
GO0:0043 | negative regulation of apoptotic

3 | 066 process 5 75 0.25 0.068
GO0:0006

4 | 457 protein folding 2 241 1| 0.081
GO0:0070 | positive regulation of ERK1 and

51| 374 ERK2 cas... 3 242 1| 0.082
G0:0000

6 | 186 activation of MAPKK activity 2 243 1| 0.128
GO:0001 | long-chain fatty acid metabolic

7 | 676 process 1 244 1 0.138
G0:0006

8 | 633 fatty acid biosynthetic process 1 245 1| 0.138
GO0:0042
632 cholesterol homeostasis 1 246 1 0.138

1 | GO:0006

0| 637 acyl-CoA metabolic process 2 247 1| 0.138

Cluster 14
Annota | Rank in classic classic weight

GO.ID Term ted Fisher Fisher 01
G0:0045

1| 727 positive regulation of translation 4 658 1| 0.047
GO:0051 | chaperone-mediated protein

21131 complex assembly. 2 659 1| 0.048
GO:0045 | positive regulation of cyclin-

3| 737 dependent ... 2 660 1 0.053
GO:0042 | snRNA transcription by RNA

4 | 795 polymerase Il 6 661 1 0.062
G0:0000

5] 186 activation of MAPKK activity 4 662 1| 0.067
G0:0035

6 | 556 intracellular signal transduction 41 608 0.8 | 0.077
G0:0032 | positive regulation of ATPase

7| 781 activity 3 663 1| 0.081
GO0:0006

8 | 457 protein folding 9 664 1 0.085
G0:0019 | antigen processing and
886 presentation of e... 2 665 1 0.09

1 | GO:0070 | mitochondrial translational

0] 125 elongation 4 666 1| 0.098

45




Custer 20

Annota | Rank in classic classic weight

GO.ID Term ted Fisher Fisher 01
GO:0055

1] 085 transmembrane transport 14 287 0.02
GO0:0071

2 | 347 cellular response to interleukin-1 2 288 0.041
GO:0071 | cellular response to tumor necrosis

3 | 356 fact... 2 289 0.041
GO0:0010 | positive regulation of G2/M

41971 transition o... 2 290 0.046
GO:0045 | positive regulation of cyclin-

51| 737 dependent ... 2 291 0.046
GO:0006 | transcription initiation from RNA

6 | 367 polymerase 3 292 0.048
GO0:0007 | mitotic metaphase plate

7 | 080 congression 2 293 0.063
G0:0030

8 | 198 extracellular matrix organization 2 294 0.079
GO0:0001
974 blood vessel remodeling 2 295 0.084

1 | GO:0010 | positive regulation of neuron

0| 976 projection... 2 296 0.11
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Table 7: AD relevant driver genes identified from significant clusters

Tissues Function Alzheimer’s

Expressed Disease/Neurodegeneration
(RNA Relevance

expression)

Detected in all; | Catalyzes the | Processing of APP results in the
low tissue | conversion of acyl- | formation of APP intracellular
specificity DHAP to alkyl-DHAP | domain (AICD) and Amyloid Beta

through the exchange of
the acyl chain in acyl-
DHAP for a long chain
fatty alcohol. Important
enzyme for plasmalogen
synthesis.

(AB). AICD increases AGPS
transcription and protein level
leading to increased synthesis of
plasmalogens under normal
physiological conditions.
Pathological levels of AR increases
ROS production which oxidize
plasmalogens and reduce their

levels [87]
Detected in all; | Armc10 protein shown | Overexpression of Armcl0O in
low tissue | to regulate | hippocampal neurons plays a
specificity mitochondrial trafficking | protective role against Ap induced
via interactions with | mitochondrial fragmentation [79]
KIF5/Miro/Trak2
complex.

Detected in all;
low tissue
specificity

Catalyzes the final steps
in the synthesis of
CoQ10

COQ2 mutations result in COQ10
deficiencies and are associated
with increased risk for multiple
system atrophy [88]

Detected in all; | ATP dependent RNA | Biomarker for AD progression [89]
low tissue | helicase

specificity

Detected in all; | Component of ER- | Involved in the translocation of APP
low tissue | associated degradation | for degradation. HtrA2 (protease)
specificity (ERAD). Recognizes | get  recruited to complexes

substrates in the ER and
works in a complex to
translocate it across the
ER membrane into the
cytosol for degradation

containing Derlin-1 and assist with
ERAD. HtrA2 may regulate cellular
levels of APP via ERAD [90]

Detected in all;
low tissue
specificity

Co-chaperone of
Hsp70s in protein folding

May suppress/limit tau aggregation.
It was also found to be significantly
effective at suppressing tau prion
activity (an ability of tau aggregates
that can induce aggregation of
soluble tau). It was also found to be
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upregulated in brain tissue samples
of patients with MCI and AD. The

levels were diminished in AD
patients compared to MCI
suggesting that DNAJA2 could
have a protective role in early
neurodegeneration progression
[91]

Detected in all;
low tissue
specificity

Acts on peroxisomal
beta-oxidation pathway
for fatty acids. Catalyzes
the formation of 3-
ketoacl-CoA

intermediates from both
straight-chain and 2-
methyl-brnached-chain
fatty acids

Docosahexaenoic acid (DHA)
(omega-3-FA) has been shown to
decrease the risk of developing AD
and levels of DHA are reduced in
the brains of AD patients. The liver
plays an important role in supplying
DHA to the brain. Liver tissues of
AD patients have been shown to

have reduced DHA levels but
increased levels of
tetracoashexanoic acid (DHA

precursor) suggesting a defect in
the beta-oxidation of this precursor
to DHA by D-bifunctional protein
(DBP). DBP is encoded by
HSD17B4, and the expression of
this gene is reduced in AD [92]

Detected in all;
low tissue
specificity

Ceramide synthase that
catalyzes formation of
ceramide from
sphingosine and acyl-
CoA substrates, with
high selectivity toward
palmitoyl-CoA as acyl
donor. Ceramides
generated play a role in
inflammatory response

Downregulated in AD [93]

Detected in all;
low tissue
specificity

regulation of DNA virus-

mediated innate
immune response by
assembling into the

HDP-RNP complex

Activities of MATR3 decreased in
AD [93]

Detected in all;
low tissue
specificity

Activates Nedd4 family
E3 ubiquitin ligases and
is essential for T
regulatory cell stability
and function

Increased expression of divalent
metal transporter 1 (DMT1) has
been shown to play a role in iron
dyshomeostasis and AB generation
in the brain of AD patients. Ndfipl
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can degrade DMT1 via
ubiquitination and reduce
intracellular  iron accumulation.
Ndfipl immunoreactivity was shown
to be decreased in the cortex and
hippocampus of APP/PS1
transgenic mice compared to WT

[71]

Detected in all;
low tissue
specificity

Key regulator of actin
cytoskeleton and cell
polarity

ROCK1 levels are significantly
elevated in MCI and AD patient
brains. ROCK1 knockout mice
showed decreased levels of APP.
ROCK1 may be a therapeutic target
for decreasing AB production[68]

Detected in all;
low tissue
specificity

Acts downstream of
mTOR  signaling in
response to growth
factors and nutrients to
promote cell
proliferation, cell growth
and cell cycle
progression. Regulates
protein synthesis via
phosphorylation of
EIF4B, RPS6 and
EEF2K and contributes
to cell survival by
repressing the  pro-
apoptotic function of
BAD

Deletion of 22 amino acid residues
in the RPS6KB1 sequence
associated with AD [94]

Detected in all;
low tissue
specificity

binds to smad-binding
elements (SBE) regions
on DNA and regulate
transcription of certain
genes involved in cell
growth and proliferation

Smad4 expression shown to be
increased In AD patient brain
tissue. This correlated with
increased levels of APP and TGF-[3
[69]

Detected in all;
low tissue
specificity

Involved in regulation of
endocytosis and
intracellular trafficking.
Involved in the recycling
of endocytosed
transferrin receptors and
prevent their
degradation.

Significantly decreased levels of
SNX4 protein in late-stage AD
patient brains compared to controls.
In mouse studies, it was found that
SNX4 was increased in the brains
of young APP/PS1 mice and
decreased in older mice.
Overexpression of SNX4 resulted in
increased BACE-1 levels and led to
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increased BACE-1 mediated APP
processing, whereas knockdown of
SNX4 resulted in the opposite
effects [95]

Detected in all;

Involved in beta-tubulin

TBCE knockdown mouse neurons

low tissue | folding. Needed for the | resulted in an accumulation of
specificity proper maintenance of | misfolded tubulins that were not
neuronal microtubule | incorporated in  microtubules.
network Knockdown also resulted in the
accumulation of phosphorylated tau
in the neuronal cell bodies. This
suggests that disruption of normal
tubulin/microtubule biosynthesis
may be associated with tau

accumulation [96]
Detected in all; | carbohydrate Downregulated in the ACC in
enriched in | transmembrane Dementia with Lewy Bodies
Brain transporter patients. Regulated by miR-25 [97]
Detected in all; | Palmitoyltransferase Nicotinamide mononucleotide
low tissue | specific  for  certain | adenylyltransferase (NMNAT2) is
specificity neuronal proteins. Might | an NAD-synthesizing enzyme that
be involved in the |is supplied to axons from neuronal

targeting of important
proteins involved in the
initiation of endocytosis.

cell bodies and is crucial for their
survival. Decreases in supply of
NMNAT2 may contribute to axon
degeneration. Palmitoylation of
NMNAT?2 is necessary for it to be
targeted to post-Golgi vesicles.
Several ZDHHC
palmitoyltransferases, in particular
zDHHC17, play a role in in
NMNAT2 palmitoylation and
localization [98]
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Chapter 2: Transcriptomic profiling of brain amyloidosis and Alzheimer’s
disease phenotypes identifies important novel gene targets from peripheral
blood gene expression data

Introduction:
Alzheimer’s disease (AD) is a devastating neurodegenerative disorder and the only
top 10 cause of death in the United States that cannot be cured, prevented or even
slowed [99]. AD places a huge burden on the healthcare system, with annual costs
exceeding a quarter of a trillion dollars [99]. A fundamental approach to address
this multifaceted disease is biomarker development and identification of novel
therapeutics for the early disease stages. For a late-life complex multifactorial
disease, such as AD, where both genetic and environmental factors are involved,
integrating multiple layers of genetic, imaging, and other biomarker data is a critical
step for the development of robust risk assessment platforms and for identifying
important therapeutic targets for disease intervention. There are many factors that
contribute to AD pathology like amyloid deposition, such as vascular alterations,
systemic inflammation, genetic/epigenetic status, tau phosphorylation,
mitochondrial dysfunction and more; however, the hallmark pathologies observed
in AD are the cerebral extracellular deposition of B-amyloid (AB) and the
intracellular formation of neurofibrillary tangles (NFT) by hyperphosphorylated tau
[100-102].

Although AR deposition as a pharmacological target has been supported by
genetic and experimental data, therapeutic approaches focused on slowing AR
production or removing AR deposition have not had much success to date [101].

Recent advances have identified numerous factors including mitochondrial failure,
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oxidative stress, inflammation, iron accumulation, cellular trafficking impairment
and lipid metabolism alterations to contribute to the neurodegenerative
pathological process in AD [103]. The multifactorial nature of AD suggests that
multiple therapeutic targets need to be identified and tested together. Hence, we
need a systems-level approach to build biomarker profiles which can be used for
drug discovery and screening/risk assessment. While there are many highly
sensitive plasma and fluid biomarkers which have shown promising results in
predictive and prognostic models, mMRNA measures add to this paradigm because
they are directly correlated to physiological and pathophysiological changes and
can shed light on multiple downstream and upstream processes. Transcriptomic
analyses in AD are largely restricted to postmortem brain tissue and thus reflect
only end-stage AD and not the therapeutically desirable pre-symptomatic and early
symptomatic stages. Given that that 80% of the genes expressed in human brain
are also expressed in peripheral blood lymphocytes [8], peripheral blood gene
expression analyses can be fundamental to the development of robust blood-
based risk assessment platforms. In an effort towards pre-symptomatic risk
assessment and precision medicine and biomarker development for AD, we used
a transcriptomic data analysis approach to evaluate the efficacy of characterizing
and clustering peripheral blood gene expression data with respect to brain

amyloidosis.

52



Methods:
Datasets

Discovery Dataset: ADNI: The discovery dataset used in the preparation of this

article were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI)

database (adni.loni.usc.edu). ADNI recruited participants at 57 sites in the US and

Canada. 356 participants ADNI who had corresponding blood gene expression,
Florbetapir SUVR, neurodegeneration measures and CSF measures (CN
(Cognitively Normal) =120, EMCI (Early Mild Cognitive Impairment) =130, LMCI
(Late Mild Cognitive Impairment) =72 and AD=34) were identified from the ADNI

study (Table 8).

Microarray-based Gene Expression: ADNI Gene expression data were produced

using the Affymetrix Human Genome U 219 array (Affymetrix, Santa Clara, CA).
Peripheral blood samples were collected using PAXgene tubes for RNA analysis.
Total RNA was extracted using the PAXgene Blood RNA Kit, following the protocol
provided by the manufacturer. The quantity and quality of extracted RNA were
assessed using the NanoDrop and the Agilent Bioanalyzer, respectively. Samples
were randomized to plates, with checks to ensure sex and diagnosis balance, and
hybridized to Affymetrix Human Genome U219 array plate. Array hybridization,
washing, staining, and scanning were carried out in an Affymetrix GeneTitan
system. The quality of gene expression data, including sample quality and
hybridization, and overall signal quality, were analyzed using Affymetrix
Expression Console software and Partek Genomic Suite 6.6, according to

standard QC criteria provided by each software package. Raw expression values
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obtained directly from CEL files were pre-processed using the Robust Multi-chip
Average normalization method. The Affymetrix HG U219 Array contains 530,467
probes for 49,293 transcripts. All Affymetrix U219 probe sets were mapped and
annotated with reference to the human genome (hg19). The ADNI Genetics Core
performed several additional QC steps using the RMA(Robust Multichip Average)

normalized expression array data [61, 104].

Amyloid PET imaging data: Preprocessed AV45 (florbetapir) PET data with
summary and composite measures of standardized uptake value ratio (SUVR,;
standardized uptake values in cerebrum, intensity-normalized to cerebellum) were
downloaded from the ADNI database and matched to gene expression data cross-
sectionally. The image acquisition and processing pipelines are as previously
established [105, 106]. The [*®F]-florbetapir PET acquisition and preprocessing

protocols are available at http://www.adni-info.org. In our main analyses, we used

a subset of SUVR values from University of California, Berkeley downloaded from

the ADNI database (http://adni.loni.usc.edu). The composite variable was derived

by averaging the SUVRs across the frontal, anterior and posterior cingulate, lateral
parietal, and lateral temporal gray matter regions. The University of California,
Berkeley, protocols for [*8F]-florbetapir preprocessing, coregistration, and

normalization have been previously described [107].

T1l-weighted structural MRI data and analyses: Processed FreeSurfer data with

cortical volumes and thickness measures were downloaded and matched to gene
expression data using timepoint/visit and subject ID as unique identifiers. Cortical

reconstruction and volumetric segmentation were performed with the FreeSurfer
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image analysis  suite, freely  available  for  download online
(http://surfer.nmr.mgh.harvard.edu/). The technical details of these procedures are

described in prior publications [108, 109].

Biomarker data: CSF AB1-42, total tau (t-tau) and phosphorylated tau at position

181 (p-taul81) concentration data generated using the Research Use Only (RUO)
INNOBIA AlzBio3 immunoassay (Fujirebio, Belgium) were downloaded from the
ADNI database and matched to the visit at which gene expression data were

obtained.

Genome-wide array genotyping data: ADNI1/GO/2 sample data whole-genome

sequenced (WGS) at high coverage and genotyped using the Illumina Omni
2.5M BeadChip were downloaded for 812 subjects from the ADNI database

http://adni.loni.usc.edu). Detailed genotyping protocols were described previously

[61, 104]
Table 8: ADNI demographics table
DX CN EMCI LMCI AD p-value
(n=120) (n=130) (n=72) (n=30)
Age, years 73.5(6.1) | 70.3(7.1) | 71.5(6.9) | 74.5(9.5) | <0.01
Mean (SD)
Sex (% male) 46% 51% 52% 60% 0.8
Education, years | 16.6(2.6) | 16.1(2.5) | 17.0(2.4) | 15.3(2.7) | 0.006
Mean (SD)
MMSE 28.3(2.1) | 28.1(1.9) | 27.6(2.5) | 26.9(3.1) | <0.01
Mean (SD)
Amyloid SUVR | 1.11(0.18) | 1.17(0.2) | 1.28(0.2) | 1.40(0.2) | <0.01
Mean (SD)
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Validation dataset: ImaGene: Our validation sample included 160 subjects from

the Imaging and Genetic Biomarkers of Alzheimer’s Disease (ImaGene) study who
were clinically diagnosed as either (1) MCI (Mild Cognitive Impairment) (N = 108)
or (2) CN (Cognitively Normal) (N = 52). The MCI group was further divided into
those presenting with predominantly amnestic (aMCI, N = 70) or those presenting
with non-amnestic phenotype (naMCI, N = 38) (Table 9). All subjects had gene
expression and 1.5T MRI data available. In addition, a subset of the sample (n=57)

had [*8F]-futemetamol amyloid PET SUVR data available.

Microarray-based Gene Expression: Total RNA was extracted using the PAXgene

blood RNA kit (Qiagen). RNA was extracted in batches using a semi-automated
extraction system (Qiagen Qiacube). RNA was stored at -80C. RNA quantity was
assessed with Nanodrop spectrophotometer, and quality was checked with Agilent
Bioanalyzer Nanochips. Total RNA (200ng) was amplified, labeled, and hybridized
on lllumina Human BeadChips, querying the expression of ~24K RefSeq-curated
gene targets. Slides were processed and scanned with lllumina BeadStation
platform. Raw data were collected, loaded in the statistical software R, and log
transformed. Low-level quality-control analysis was performed using several
indices, including inter-array Pearson correlation, and clustering based on
variance. Poor quality arrays were excluded from further analyses. Data clustering
allowed for detection and correction of batch effects, a potential confounder in this
kind of studies. Data were normalized using quantile normalization. mRNA levels

are logz-transfomed.
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Table 9: ImaGene demographics

Variable NC aMCl naMCI p-value
Mean (std) (n=52) (n=70) (n=38)
Age 69.0(7.9) 69.8(8.5) 69.8(8.5) 0.9
Education 17.6(2.04) 15.5(2.7) 16.5(2.88) 0.001
Sex (Yomale) 57% 37% 52% 0.7
MMSE 28.8(1.2) 27.0(2.5) 27.9(1.9) <0.001
Hippocampal 8602 7990 8718 0.002
vol (mm?) (1092) (1324) (1023)

Data availability

Data used in preparation of this article were obtained from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). Data from the

ImaGene dataset will be made available upon request.

Gene expression analyses

Transcripts which were differentially expressed between the diagnostic groups in
the ADNI study were identified (p-value corrected for false discovery rate prr<0.05,
ANOVA(ANOVA). When multiple probes mapped to same gene, the median value
of transcripts was used. A distance matrix using the pairwise Euclidian distance
between the expression values was built and followed by k-means clustering. The
optimal number of clusters were determined by silhouette analysis and elbow plot
(Supplementary Figure 1). Principal component (PC) decomposition with rows
representing genes and subjects as columns was performed to analyze the cluster
level expression per subject in our sample, and identify the first PC data vector

representing each gene cluster also known as the “eigengene” [57]. The variance
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explained by the first PC for each cluster was >40%. This method of eigengene
representation has been adapted from previously published methods [57]. All the

above analyses were done using MATLAB (2019a).

Gene Enrichment and cluster-level associations

Gene enrichment analysis was performed using the topGO package in R using the
weight01 algorithm [58]. The p-values from the differential expression analyses
described above were used in the topGO analysis to select the most significant
disease-relevant biological processes associated with the given cluster. The
eigengene scores for each subject were used to perform cluster-level correlations
with relevant AD phenotypes - age, education, hippocampal volume, amyloid

SUVR, CSF p-taul81, CSF ABR1-42, CSF t-tau (Pearson correlation, p<0.05).

Driver Genes analyses

To identify specific mMRNA measures or genes that are critical to AD pathogenesis,
such as those driving the association with amyloidosis in the brain, we determined
the driver genes for each cluster. We defined driver genes as genes with
significantly higher Pearson correlation with amyloid PET SUVR than the
eigengene’s correlation at the p<0.05 significance level. We next investigated the
between-group expression differences for these driver genes (ANOVAANOVA,
p<0.01) as well as their function and role in AD pathogenesis. To externally
validate our results, we tested the association of the driver gene variables
discovered in the ADNI dataset with brain amyloidosis and MCI diagnosis in the
ImaGene dataset and validated their predictive accuracy using support vector

machine (SVM) and logistic regression classifiers.
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Variant Analyses

We used the tool Multi-marker Analysis of GenoMic Annotation (MAGMA) to
analyze variants in the driver genes[60]. MAGMA uses a multiple linear principal
components’ regression model and linear regression statistics to compute the
gene variant-phenotype p-value. This model first projects the SNP matrix for a
gene onto its principal components (PC), pruning away PCs with very small
eigenvalues, and then uses the remaining PCs as predictors of the phenotype of
choice in the linear regression model. We first annotated the SNPs onto genes
using the imputed raw genotype data for our cohort and conducted a gene-level
analysis step to compute associations between SNPs in the driver genes and the

AD diagnosis phenotype.

Imaging and Spatial Parametric Mapping analyses

To visualize the regional pattern of associations in 3 dimensions, we downloaded
all preprocessed [*8F]-florbetapir PET data from the Laboratory of Neuroimaging

Image Data Archive (https://ida.loni.usc.edu). We aligned the PET images to the

corresponding MRI from the same visit, normalized them to MNI space using the
transformation matrices obtained from the MNI spatial transformation and
intensity-normalized the voxel values in the cerebrum to the average intensity
value of the whole cerebellum, which resulted in standardized uptake value ratio
(SUVR) images. To explore the spatial distribution of the associations, we
reproduced the final linear regression models using voxel-wise regression in
SPM12. Because of the exploratory nature of our secondary results, we allowed a

less stringent visualization threshold: voxelwise threshold of p<0.01 (uncorrected)
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with the minimum cluster size (k) dependent on the minimum threshold level with

prwe((Family Wise Error) <0.05.

Results:
Gene expression analyses

Our differential expression analysis yielded 864 genes from ~49,000 transcripts
which were differentially expressed across diagnostic groups (p:r<0.05). K-means
clustering based on Euclidian distance with optimized clustering solution provided
5 distinct clusters of genes (Figure 8A). The raw gene expression values once
ordered by clustering labels and diagnosis showed distinct expression patterns
between groups and across clusters (Figure 8B). The gene expression matrix
heatmap similarly showed distinct clusters of genes sharing similar expression
profiles when ordered by the clustering labels obtained from our analysis (Figure

8C-D).
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Figure 8: Visualization of k-means clustering (A) and raw gene expression data
ordered by clustering solution and diagnosis (B). Heatmap of the gene-gene

network before (C) and after clustering (D)
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Gene enrichment and cluster level associations

Gene enrichment analysis using topGO and the weight01 algorithm provided five
main broad biological pathways that were overrepresented for each cluster with
reference to Alzheimer’s Disease phenotype. The main overrepresented pathway

in cluster 1 was mitochondrial function with the top significant node in the
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directed acyclic graph (DAG) representing mitochondrial respiratory chain
complex assembly (GO: 0022108). The main enriched pathway in cluster 2 was
protein complex oligomerization with the top significant nodes being protein
heterooligomerization and oxygen transport (GO:0051291 and GO:0015671,
respectively). In cluster 3 the main significant node in the DAG was,
Transforming Growth Factor B (TGF-f) receptor signaling pathway (GO:
0007179). Cluster 4 was significantly associated with protein
autophosphorylation (GO:0046777) and cluster 5 with activation of MAP

(Mitogen-activated Protein) kinase kinase (MAPKK; GO :0000186).

We found that all five clusters were significantly associated with amyloid SUVR
with cluster 1 (mitochondrial function), cluster 2 (Protein oligomerization), and
cluster 5 (MAPKK activation) having negative association while cluster 3 (TGF-3
receptor signaling) and cluster 4 (protein autophosphorylation) having positive
association (all p<0.05; Figure 9). CSF levels of ABR1-42 were significantly
associated with all five clusters (all p<0.05), and the direction of association was
always opposite the one observed with amyloid PET SUVR. The TGF-f3 signaling
cluster was positively associated with CSF p-tau levels (p=0.004), while the
mitochondrial function and MAPKK clusters were negatively associated with CSF
p-tau levels (p=0.025 and, p=0.015, respectively) the TGF-B. The associations with
CSF tau species were always opposite of those seen with AB1-42. The protein
autophosphorylation cluster was negatively associated with hippocampal volume
(p=0.018) while the mitochondrial function, protein oligomerization and MAPKK

activation clusters were positively associated with hippocampal volume in the
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sample (p=0.011, p=0.004 and p=0.041, respectively). These associations were in
the opposite direction to those observed with amyloid PET SUVR. The TGF-8
signaling cluster was negatively associated with education (p=0.015). None of the

clusters were associated with age.

Figure 9: Visualization of the associations of each cluster with relevant clinical
and biomarker traits. Positive correlations are in green; negative correlations are
in red. The color intensity depicts the strength of the correlations. The numeric

values are p-values for the correlation.
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Driver gene analyses

Across the five clusters we identified 28 driver genes defined as having stronger
correlation with [*8F]-florbetapir SUVR than the cluster-level correlation of the
eigengene (i.e., first PC). We used one-way between-subject ANOVA to analyze
the differential expression of the driver genes between diagnostic groups followed
by Tukey’s post hoc test to identify pairwise differences. The statistical analyses

for the driver genes in the ADNI dataset are summarized in Table 10.

Table 10: Differential peripheral blood expression levels by clinical diagnosis for

driver genes
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Gene-Mean CN EMCI LMCI AD
(SD) (n=120) (n=130) (n=72) (n=34) p-value
<0.0001**
BAIAP3 4.02(0.26) | 4.04(0.22) | 4.07(0.22) | 3.87(0.29) | *
<0.0001**
E2F2 9.37(0.72) | 9.4(0.65) |9.34(0.62) | 8.82(0.67) | *
<0.0001**
PSMF1 9.44(0.43) | 9.47(0.42) | 9.44(0.42) | 9.13(0.37) | *
<0.0001**
SMOX 7.78(0.78) | 7.8(0.75) | 7.81(0.73) | 7.22(0.71) | *
<0.0001**
UBE20 5.68(0.75) | 5.76(0.66) | 5.69(0.63) | 5.22(0.56) | *
TNS1 7.21(0.93) | 7.26(0.96) | 7.16(0.88) | 6.57(0.94) | 0.001***
MCMBP 7.4(0.26) | 7.48(0.23) | 7.46(0.27) | 7.57(0.18) | 0.002*
NMI 9.94(0.27) | 9.91(0.27) | 9.92(0.25) | 10.1(0.24) | 0.002***
PRDM16 2.02(0.16) | 1.98(0.12) | 2.01(0.14) | 1.92(0.13) | 0.002***
RNF11 4.57(0.83) | 4.66(0.77) | 4.61(0.75) | 4.09(0.73) | 0.002***
10.05(0.5 | 10.01(0.5
TRIM58 9.97(0.56) | 7) 2) 9.63(0.64) | 0.002***




TCF3 5.03(0.33) | 5.08(0.32) | 5.03(0.3) | 4.86(0.27) | 0.004**
CD99L2 3.45(0.24) | 3.37(0.2) |3.43(0.2) |3.35(0.18) | 0.005*
ST6GALNAC4 | 4.66(0.74) | 4.65(0.64) | 4.68(0.61) | 4.24(0.51) | 0.006***
10.39(0.1 | 10.42(0.1 |10.39(0.1 |10.48(0.1
DECR1 6) 5) 6) 1) 0.008*+*
11.58(0.1 |11.57(0.1 |11.59(0.0 |11.63(0.0
CLIC1 1) 1) 9) 9) 0.01%**
FAM46C 8.67(1.02) | 8.73(0.98) | 8.62(0.93) | 8.11(0.99) | 0.01***
FAM92B 2.63(0.24) | 2.54(0.18) | 2.59(0.19) | 2.56(0.19) | 0.01**
KANK2 4.9(1.16) |4.92(0.98) | 4.83(1.06) | 4.27(0.96) | 0.01**
PAX3 2.29(0.17) | 2.26(0.15) | 2.24(0.16) | 2.2(0.14) | 0.01*
PDDC1 4.45(0.29) | 4.4(0.29) | 4.41(0.31) | 4.26(0.29) | 0.01*
SH3GLB2 6.19(0.46) | 6.18(0.42) | 6.14(0.38) | 5.93(0.37) | 0.01***
TAS2R40 2.44(0.13) | 2.41(0.12) | 2.41(0.1) |2.37(0.1) |0.01*
WNK3 2.09(0.22) | 2.01(0.18) | 2.09(0.26) | 2.05(0.18) | 0.01**
EIFAG3 6.66(0.33) | 6.7(0.28) | 6.68(0.26) | 6.83(0.22) | 0.02*
11.47(0.1 |11.48(0.1 |11.48(0.1 |11.54(0.0
ITM2B 1) 2) 2) 8) 0.02%**
MMP12 2.71(0.15) | 2.66(0.13) | 2.67(0.16) | 2.66(0.14) | 0.02**
RFWD2 9.62(0.2) |9.64(0.19) | 9.64(0.19) | 9.73(0.19) | 0.02*
*MCIvs AD  ** CN vs MCI **% CN vs AD

Next, we identified the transcripts corresponding to the driver genes in our
validation dataset (ImaGene) and tested for correlations with amyloidosis ([*8F]-
flutametamol (Flutametamol SUVR, N=57). The correlations of the driver genes

with amyloid SUVR for both datasets are summarized in Table 11.
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Table 11: Driver genes’ correlations with amyloid SUVR in ADNI and ImaGene

ADNI ImaGene
(n=356) (n=57)
Correlation | p- Correlation p-
Gen Function Cluster with va with va
e Florbetapir lu | Flutemetamol | lu
SUVR e SUVR e
0. 0
E2F2 | apoptotic signaling pathway -0.16 00 0.08 Sé
3
PSM 0. 0
F1 proteasome function 1 -0.13 02 0 9%
- 5
Mitochondr 5
in bindi i ial function .
TNS actin blndlng{5|gnal 011 03 0.09 0.
1 transduction 5 52
TRIM o 0
erythropoiesis -0.13 01 -0.02 .
58 5 87
I 0.
CLIC activation of cCAMP 0.
1 dependent PKA 0.14 080 0.07 62
. . . 0.
DEC mltochondrlgl fatty acid beta 0.15 00 0.25 0.
R1 oxidation 5 06
. 2-Protein 0.
ITM2 | amyloid peta A4 precursor oligomeriz 015 00 0.11 0.
B protein processing . 43
ation 6
0. 0
NMI IL2 signaling pathway 0.13 01 0.2 1é
3
RFW 0. 0
proteasomal degradation 0.15 00 -0.25 i
D2 6 06
CcD9 0. 0
oL cell adhesion process -0.15 050 -0.12 37
0. 0.
FAM cilium biogenesis 0.15 00 0.37 00
92B 3-TGF- B 5 5
signaling 0
athwa .
MMP TGF beta signaling pathway P y -0.15 00 -0.06 0.
12 6 67
PAX neural development and 0.
. -0.15 00 0 1
3 myogenesis 4
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PRD repressor of TGF beta 0.
M16 signaling 0.16 030 -0.04 74
TAS Taste receptor -0.17 (())O -0.18 0.
2R40 P ' A ' 18
WNK 0. 0
lon channel transport -0.15 00 -0.07 |
3 4 59
. . L 4-Protein 0.
EIF4 cyFoklne signaling in autophosp 0.15 00 0.11 0.
G3 immune system . 42
horylation 3
recycling of secretory 0. 0
BAIA vesicle transmembrane -0.12 00 -0.22 1‘
P3 proteins 3
. 0.
KAN proapoptotic proteasomal ) 0.
K2 degradation 0.13 071 011 42
RNF inflammatory signalin 0. 0
ry sighaling -0.12 02 0.3 :
11 pathway 7 02
SH3 0. 0
GLB endocytosis -0.16 00 -0.04 7%
2 5-MAPKK 3
SMO role in neurotransmission activation 0. 0
through regulation of cell -0.12 01 -0.16 .
X - 23
surface receptor activity 8
ST6 0
GAL | biosynthesis of ganglioside . 0.
NAC GD1A from GM1B 0.12 o 0.12 36
4
TCF transcriptional regulator of 016 (())0 016 0.
3 neuronal differentiation ' 3 ' 23
UBE NF kappaB activation 0. 0.
20 negative regulation 0.14 01 0.18 18

While the driver genes did not achieve significant association in the ImaGene

dataset due to the much smaller sample size, we observed that the direction of the

correlations was largely in agreement and that the coefficient values were

comparable for most of the transcripts across both datasets (Table 11). FAM92B
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and RNF11 were two driver genes that were significantly associated with
amyloidosis in the ImaGene dataset (r=-0.37, p=0.005 and r=-0.3, p=0.02,
respectively). A logistic regression model which included the 28 driver genes
(Table 11) and age and sex as covariates predicted amnestic MCI diagnosis in
ImaGene (n=160) with an AUC of 0.82. A radial basis function SVM classifier
provided an identical AUC of 0.82 for diagnosing amnestic MCI (Figure 10A).
Next, we used the four gene transcripts with significant or trend-level (0.05 < p <
0.1) [*®] Flutametamol SUVR correlation values in ImaGene - RNF11, RFWD2,
FAM92B and DECR1, along with age and sex as covariates in a logistic regression
and a SVM classifier tasked with predicting amnestic MCI diagnosis. These models

yielded an AUC of 0.75 and 0.77, respectively (Figure 10B).
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Figure 10: ROC curves in the validation sample (ImaGene) for driver gene
prediction of amnestic MCI diagnosis (n=160, panel A) and amyloid positivity

(n=57, panel B)
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Variant Analyses:

One of the driver genes, KANK2, and overall, 28 of the differentially expressed
genes had SNPs significantly associated with AD and MCI phenotype (Table 12).
To identify potentially important SNPs within these genes, we performed a
standard association analysis using Fishers exact test to generate significance
with the GWAS toolset plink[64] and extracted a gene-based report for the 29
genes. We found that 14 genes contained SNPs with significance of p<0.05 and 6

of those genes contained SNPs with significance of p<0.01(Table 13).
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Table 12: Variant analyses in differentially expressed genes and driver genes

Gene Chromosome NSNPS Z-stat P-value

KANK2 19.00 45.00 1.74 0.04
BCL2L1 20.00 23.00 1.80 0.04
CSNK1E 22.00 21.00 2.20 0.01
CYP4A11 1.00 14.00 3.25 <0.01
GOLGA3 12.00 60.00 2.33 0.01
GPR3 1.00 3.00 1.87 0.03
LY75 2.00 93.00 1.77 0.04
MT1X 16.00 2.00 1.90 0.03
NDUFA5 7.00 6.00 1.91 0.03
NEFM 8.00 5.00 3.61 0.00
PLXNB3 X 1.00 2.13 0.02
RPL34 4.00 4.00 1.80 0.04
SELE 1.00 23.00 2.67 <0.01
TRAPPC10 21.00 48.00 1.78 0.04
UCP2 11.00 4.00 1.82 0.03
YWHAG 7.00 22.00 1.67 0.05
YBX3 12.00 9.00 1.84 0.03
PRKRA 2.00 7.00 2.00 0.02
EIF5B 2.00 15.00 1.74 0.04
PHTF1 1.00 23.00 2.82 <0.01
VAX1 10.00 3.00 1.85 0.03
COPZz1 12.00 13.00 2.70 <0.01
CARDS8 19.00 64.00 2.23 0.01
KANK2 19.00 45.00 1.74 0.04
RSBN1 1.00 29.00 2.10 0.02
SARNP 12.00 29.00 1.95 0.03
ZNF518B 4.00 27.00 1.75 0.04
OR9A2 7.00 2.00 1.84 0.03
DEFB124 20.00 3.00 1.93 0.03
MIA3 1.00 31.00 2.01 0.02
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Table 13: Significant SNPs identified through GWAS analyses

Gene CH | SNP BP BETA SE t p
R
BCL2L1 |12 kgp1109473 | 12233244 | 0.2177 | 0.0840 |2.59 | 0.00976
3 5 2
12 rs885720 12248099 | 0.1024 | 0.0366 | 2.797 | 0.00528
2 7
LY75 2 rs11690478 | 16038690 | 0.09657 | 0.0363 | 2.658 | 0.00801
3 3 2
2 kgp1452043 | 16042560 |-0.3617 | 0.1214 |-2.98 | 0.00296
1 ) 8
HTF4 1 rs34258372 | 11409575 | 0.07979 | 0.0304 | 2.62 | 0.00895
0 5 8
COP1 12 kgp1895034 | 53008372 | -0.4451 | 0.1715 |- 0.00960
6 2.596 |3
12 kgp1132949 | 53015076 | 0.09267 | 0.0327 | 2.83 | 0.00477
3 5 1
CARD8 |19 kgp1151166 | 53409877 |-0.2934 | 0.1086 | - 0.00704
6 2701 |7
19 rs1978616 53413825 | 0.08562 | 0.0329 | 2.597 | 0.00958
7
MIA3 1 kgp3780310 | 22087246 | -0.2898 | 0.0925 | - 0.00179
9 2 3.133 |5
KANK2 |19 kgp574740 11166791 | -0.1274 | 0.0560 | - 0.02328
6 2.273
BCL2L1 |12 rs2909009 12218529 | -0.1022 | 0.0516 | - 0.04835
8 1.977
12 kgp4814914 | 12219367 | -0.1018 | 0.0517 | - 0.04929
1 1.969
12 kgp1896842 | 13190565 | -0.7145 | 0.3271 | - 0.02923
3 8 2.184
LY75 2 rs1863218 16036878 | - 0.0288 | - 0.03023
7 0.06258 | 3 2.171
2 rs11693108 | 16042858 | -0.0572 | 0.0283 | - 0.04388
7 4 2.018
2 kgp1493271 | 16045111 | -0.7155 | 0.2833 | - 0.01175
7 1 2.525
2 kgp1442835 | 16045250 | - 0.0283 | - 0.04099
0 6 0.05808 | 7 2.047
NEFM 8 kgp1684425 | 24829265 | -0.3827 | 0.1896 | - 0.0439
2.018

72




8 kgpl722736 | 24830332 | 0.1144 | 0.0520 |2.196 | 0.02841
8
RPL34 4 kgp2910324 | 10977028 | 0.07488 | 0.0374 | 1.998 | 0.04602
3 7
YWHAG |7 kgp1359574 | 75812297 | 1.29 0.5657 | 2.28 | 0.02287
4
7 kgp1365483 | 75821885 | -0.428 0.2153 | - 0.04711
2 1.988
HTF1 1 kgp2282782 | 11405164 | -0.353 0.1717 | - 0.04017
1 9 2.055
1 kgp937647 11405799 | - 0.0330 | - 0.0276
6 0.07298 |7 2.207
1 rs7554019 11408572 | - 0.0278 | - 0.03309
3 0.05937 |1 2.135
VAX1 10 kgp7774102 | 11888536 |-0.4166 | 0.18 - 0.02086
4 2.315
10 kgp4602200 | 11888552 | - 0.0278 | - 0.01649
3 0.06687 | 3 2.403
10 kgp2167921 | 11888655 | -0.4298 | 0.2148 | - 0.0457
7 1 2.001
COPZ1 12 rs665089 53015294 | -0.3325 | 0.1581 | - 0.03581
2.103
12 rs583766 53023161 | - 0.0285 | - 0.01461
0.06997 |9 2.447
12 kgp1876701 | 53023745 | -0.515 0.2538 | - 0.04276
3 2.029
CARD8 | 19 kgp3239623 | 53405497 | - 0.0274 | - 0.02373
0.06212 |1 2.266
19 kgp4183224 | 53408899 | 0.08221 | 0.0409 | 2.01 | 0.04475
19 rs7256400 53411448 | 0.06866 | 0.0320 | 2.144 | 0.03231
2
19 kgp2154172 | 53411790 |-0.7145 | 0.3271 |- 0.02923
2 2.184
CARD8 | 19 kgp302691 53415028 | - 0.0273 | - 0.04792
0.05426 |9 1.981
RSBN1 1 kgp6226105 | 11413661 | 0.2683 | 0.122 2.199 | 0.02813
8
RSBN1 1 rs1217225 11413999 | - 0.0271 | - 0.02845
1 0.05964 |7 2.195
RSBN1 1 rs4838994 11415160 | - 0.0432 | - 0.02706
6 0.09573 | 3 2.215
ZNF518 | 4 kgp2648435 | 10053431 | -0.0635 | 0.0266 | - 0.01738
B 4 2.383
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MIA3 rs437078 22086862 | -0.1109 | 0.0468 | -2.37 | 0.01801
7

MIA3 rs439513 22088449 | - 0.0396 | - 0.01689
8 0.09497 | 7 2.394

MIA3 rs368664 22088703 | -0.1424 | 0.0717 | - 0.04765
5 9 1.984

3D SPM analyses:

The top driver genes that showed maximum pairwise differences in CN vs AD and

MCI vs AD in ADNI were BAIAP3, E2F2, PSMF1, SMOX, UBE20 and RNF11. We

used voxel-wise multiple regression in SPM12 with age and sex as covariates to

visualize the pattern of association of the expression of these genes with brain

amyloidosis. All six genes had negative association with amyloidosis, meaning

lower expression of these genes was associated with higher amyloid deposition in

agreement with the direction of the correlations with mean SUVR shown in Table

11. The transcripts showed strong association with brain amyloid deposition in the

lateral temporal, lateral parietal and temporo- and parieto-occipital areas, in

addition to regions of the frontal lobe (Figure 11).
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Figure 11: Association pattern of driver genes with brain amyloidosis in the ADNI

sample (n=356)

BAIAP3

Discussion:

A multifactorial complex disease like AD, with multiple pathogenic mechanisms
working together, calls for robust and reliable gene panels which can be used to
uncover novel therapeutic targets and build models for risk assessment and
screening. Targeted personalized therapies based on neurodegenerative and
pathogenic profiles should be based on a broad, multitarget systematic approach.
We derived predictive information from a large and inherently noisy peripheral
blood transcriptomic dataset and analyzed it with respect to brain amyloidosis and

clinical disease manifestations. Using a data-driven method and employing prior
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information, we identified and characterized networks associated with important
pathogenic mechanisms in AD and further reduced the transcriptomic data to a
few critical mMRNA measures. We observed clean separation of differentially
expressed genes into distinct clusters, which may suggest a shared expression
profile for certain pathogenic mechanisms. A systems approach like this can help
provide novel targets which can be screened for potential therapeutic

interventions.

The gene enrichment analyses identified several significant clusters of
biological pathways that were overrepresented in AD. Mitochondrial dysfunction,
represented within cluster X, is a highly relevant biological process in AD
pathogenesis [110]. The driver genes in this cluster were E2F2, TNS1 and
TRIM58. E2F2 plays a crucial role in control of cell cycle and regulates the activity
of tumor suppression proteins. It is transcriptionally induced in neuronal cells after
DNA damage and apoptotic response [111]. E2F2 showed strong associations
with disease status and brain amyloidosis. Altered expression of TNS1 in
astrocytes in the immune response pathway has been associated with Alzheimer’s
Disease[112]. TRIM58 was significantly downregulated in whole blood mRNA of

patients with Parkinson’s Disease[113].

The protein oligomerization cluster (cluster Y) likely represents the
pathogenic mechanisms involved in the formation of neurotoxic AB oligomers and
plagues, and neurofibrillary tangles. ITM2B, DECR1 and CLIC1 were the main
genes identified in this cluster. ITM2B gene has been associated with

accumulation of amyloidogenic BRI2-derived peptides impairing synaptic long-
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term potentiation [114]. CLIC1 plays a role in AB-induced generation of reactive
oxygen species by microglia [115] and can be a potential target for
neuroinflammatory management. DECR1 encodes an enzyme engaged in beta-
oxidation and metabolism of unsaturated fatty enoyl-CoA esters. This gene is
dysregulated in mice fed with cholesterol rich diet and associates with disruption

of liver-brain axis signaling and metabolic stress [116].

The TGF- B signaling cluster is linked with the chronic inflammation and
plays a role in both AR clearance and deposition. It has been shown to be
dysregulated in AD, and hence, targeting the TGF- 8 network may lead to novel
therapies [67, 117]. FAM92B, CD99L2, WNKS3, PAX3, PRDM16 and TAS2R40
were the main driver genes in this cluster. CD99L2 (CD99 Molecule Like 2) is
protein coding gene which plays a role in leukocyte extravasation and has been
associated with chorioangioma and cerebral palsy. It plays a role in blood-brain
barrier and Immune cell transmigration signaling pathway [118]. WNK3 (WNK
Lysine Deficient Protein Kinase 3) is involved in an important signaling cascade
that regulates the cation-chloride cotransporters. Inhibition of WNK3 Kinase
signaling has been reported to reduce brain damage in ischemic neuroglial injury
and suggests its potential role as a therapeutic target for neuroprotection in mouse
models [119]. PAX3 (paired box gene 3) is a transcription factor which plays a
critical role during fetal growth and is active in neural crest cells for neural
development and neurogenesis. It has been found to be one of the differentially
methylated genes in hippocampal samples from a cohort of pure AD patients and

controls [120]. The putative role of PAX3 in adult neurogenesis has been linked to
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hippocampal-dependent learning and memory tasks [121-123] and has been
shown to be reduced with aging [124, 125]. PRDM16 (PR/SET Domain 16) is a
transcriptional regulator gene which plays a crucial role in neurovascular signaling
and angiogenesis during cortical development and formation of neurovascular
network [126]. TAS2R40 (Taste 2 Receptor Member 40) is a taste receptor gene.
Dysregulation of selected olfactory and frontal cortex in a gradient comparable to

Braak staging has been reported in AD mouse models [127].

Numerous studies have reported that altered protein phosphorylation states
of several proteins, like AR precursor protein and tau, are closely linked with AD
[128]. Regulating signaling cascades in phosphorylation provide promising
avenues for therapeutics [128, 129]. The driver genes identified from the protein
autophosphorylation cluster were EIF4G3 and MCMBP. EIF4G3 is a translation
initiation factor, the splicing of which is frequently disrupted in autism[130]. EIF4G3
microexons suppress the expression of critical synaptic proteins and mice deficient
in the gene display social behavior and memory deficits [130]. MCMBP
(Minichromosome Maintenance Binding Protein) has been found to play a major
role in Colorectal Carcinoma[131], but it has not yet been implicated in AD
pathophysiology.

Cluster 5 was enriched in genes associated with MAPKK activation. MAPK
pathways are involved in the pathophysiology and pathogenesis of AD. All MAPK
pathways, i.e., the extracellular signal-regulated kinase (ERK), c-Jun N-terminal
kinase (JNK) and p38 pathways, are activated in vulnerable neurons in patients

with AD [132-134]. BAIAP3, SMOX, UBE20 and RNF11 were the main driver
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genes in this cluster and were also strongly associated with brain amyloidosis. The
roles and utility of these genes as therapeutic targets for AD need to be further
investigated. BAIAP3 (BAI1 Associated Protein 3) gene encodes a brain specific
angiogenesis inhibitor and is associated with optic atrophy and Alpha
Thalassemia-Intellectual Disability Syndrome Typel [135]. SMOX (Spermine
oxidase) is a member of polyamine oxidases and has been reported to be involved
in ischemic brain damage. It has been found to be an important mediator of
cerebral ischemia injury. SMOX downregulation decreased neuronal apoptosis
and inflammatory reactions in rat studies [136]. UBE20O (Ubiquitin Conjugating
Enzyme E2 O) mediates monoubiquitination of target proteins. RNF11 (RING
finger protein 11) is also a member of ubiquitin-editing protein complex. Both
UBE20 and RNF11 negatively regulate NF-kB activation [137, 138], which results

in tissue specific brain inflammation and is implicated in AD and aging [139].

The variant analyses of the driver genes and differentially expressed genes
identified 29 genes containing SNPs which have significant association with
disease phenotype. Six of these genes also had individual SNPs with significant
associations with (disease phenotype, amyloidosis). BCL2L1 is a protein coding
gene. Higher levels of Bcl-xl, a gene product of BCL2L1, have been found in
reactive microglia from patients with AD and other neurological diseases[140].
Lymphocyte antigen 75 gene (LY75) codes for CD205, a dendritic cell surface
receptor that interacts with MHC class | molecules20 and plays an important role
in T cell function[141, 142]. COPZ1 is involved in coat protein complex | (COPI)-

dependent trafficking. It has been shown that a reduced COPI-dependent
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trafficking in vivo leads to a decrease in the amyloid plaque burden in an AD mouse
model, and an improvement of the memory impairment observed in those mice .
Twelve SNPs in COPI genes have been previously associated with AD risk[143].
Other genes with significant SNPs were CARD8 and MIA3. CARDS8 has been
associated with increased AD risk in women[144]. MIA3 encodes the protein
TANGO1 (Transport and Golgi organization protein 1) and has been linked to

diabetes and alcoholic neuropathy; it has not yet been implicated in AD[145].

A classifier built on these driver genes showed a promising AUC of 0.82 in
predicting amnestic MCI and an AUC of 0.77 for detecting brain amyloidosis in an
external validation sample (ImaGene). Given that the relationship of these genes
to AD pathophysiology validates in an external sample, these genes might be good
candidates for further investigation as potential targets for early-stage screening

and/or intervention.

To the best of our knowledge, this is one of the first studies to systematically
evaluate transcriptomic data and gene networks from peripheral blood with respect
to amyloidosis and clinical phenotypes. We identified several genes which warrant
further investigation in experimental setting and animal models. Some limitations
of the study merit consideration. In light of recent success of ultrasensitive A and
p-tau plasma assays [85, 86, 146], it is less likely that gene expression data will be
clinically useful; however, whole blood gene expression does aid in the
understanding of critical biological pathways associated with AD risk in a way that
single analyte plasma protein assays cannot. Whereas polygenic risk scores and

genome-wide association studies have uncovered the contribution of single
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nucleotide polymorphic variants to AD, there is still a wide gap in knowledge about
the pleiotropy of these risk genes and the potential myriad downstream processes
associated with them. Gene expression data can be critical in bridging this gap. In
summary, our study has made use of openly available transcriptomic data to
systematically evaluate and identify specific mMRNA measures associated with
brain amyloidosis and clinical diagnosis from pathways that have been associated

with AD.
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Chapter 3: Transcriptomic profiling in Mild Cognitive Impairment using
peripheral blood gene co-expression networks

Introduction:

Alzheimer's disease (AD), the most common neurodegenerative disease
worldwide, is estimated to affect 6.2 million people over 65 years of age in the
United States and represents the 5th cause of death in this same age group. It is

expected to affect 13.8 million people by 2060[147].

AD is a progressive disease that causes a decline in cognitive performance,
that ultimately leads to inability to independently function in society. This disease
is characterized by three main clinical stages: a preclinical state, followed by mild
cognitive impairment and ultimately the AD dementia stage[35]. Given this clinical
continuum, it is important to develop biomarkers which can help in the distinction
among these states and the determination of risk factors for progression. With the
multifactorial nature and complex pathogenesis of the disease, the exact
pathophysiological mechanisms remain largely unknown with multiple theories
being formulated throughout the years. The hallmark findings are the accumulation
of neurofibrillary tangles and neuritic plaques and neuronal cell death[148]. The
study of gene expression patterns as networks in the prodromal stages of the
disease can be useful in determining novel therapeutics and provide better
understanding of systemic dysregulated processes, and the use of blood based

genetic data is useful to this effort. [149]

Co-expression network analysis is a methodology that allows the analysis

of complex nonlinear gene-gene interactions in biological systems and can help to
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create a robust risk assessment platform and identify important therapeutic
targets[150]. Gene co-expression networks, while incredibly useful for assessing
disease relevant genes and their interactions, are also inherently noisy due to the
vast the complexity of the biological systems and it can be tricky to tease apart
specific disease relevant networks and genes from regular although essential
networks for biological processes. It is therefore important to remove redundant
edges and identify a backbone of the network, to find driver nodes pathogenic
interactions [151]. This approach allows to identify the genes that can inform
therapeutic and biomarker development in MCI and AD. In the present analyses,
we modeled transcriptomics data in the MCI stage as a gene co-expression
network while applying a backbone method. Our goal was to identify sensitive

modules and hub genes associated with prodromal AD.
Methods:
Dataset

Our discovery sample included 160 subjects from the Imaging and Genetic
Biomarkers of Alzheimer's Disease (ImaGene) study who were clinically
diagnosed as either (1) MCI (Mild Cognitive Impairment) (N = 108) or (2) CN
(Normal Controls) (N = 52). The MCI group was further divided into those
presenting with amnestic (aMCI, N = 70) or those presenting with non-amnestic

phenotype (naMCI, N = 38) (Table 14).
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Table 14: ImaGene sample demographics

Variable NC aMCI naMCI p-
Mean (std) (N=52) (n=70) (n=38) value
Age 69.03(7.9) | 69.82(8.5) 69.75(8.5) 0.9
Education 17.6(2.04) 15.5(2.7) 16.5(2.88) 0.001*
Gender (M/F) 30/21 26/43 20/18 N.S.
MMSE 28.8(1.2) 27(2.5) 27.9(1.9) <0.001*
Hippocampus vol 8602 7990 8718 0.002*
(mm?) (1092) (1324) (1023)

Microarray-based Gene Expression: All subjects provided yearly peripheral blood

RNA. Total RNA was extracted using the PAXgene blood RNA kit (Qiagen). Total
RNA (200ng) was amplified, labeled, and hybridized on lllumina Human
BeadChips, querying the expression of ~24K RefSeq-curated gene targets. Slides
were processed and scanned with lllumina BeadStation platform. Raw data were
collected, loaded in the statistical software R, and log transformed. Poor quality
arrays were excluded from further analyses. Data were normalized using quantile

normalization. MRNA levels are logz-transfomed.

Imaging: The detailed imaging protocol has been previously published [10]. All
subjects received annual 1.5T MRI scans following the UCLA Alzheimer’s Disease
Research Center protocol consisting of coronal FI3D T1 MPRAGE (magnetization-
prepared rapid gradient-echo imaging). Measures of neurodegeneration were
obtained from coronal T1-weighted MPRAGE sequences. Scans were processed
using Freesurfer (version 6.0) longitudinal pipeline, to obtain region specific and

global measures of atrophy [49].
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Differential expression and gene co-expression matrix

We identified transcripts which were differentially expressed between the
diagnostic groups in the ImaGene study (p-value corrected for false discovery rate
prar<0.05, ANOVA). When multiple probes mapped to same gene, the median
value of transcripts was used. A co-expression profile for the differentially
expressed genes was derived by building an adjacency matrix using pairwise
Pearson correlation coefficients for the gene expression values. A network is fully
specified by its adjacency matrix a ij, a symmetric n X n matrix with entries in [0, 1]
whose component a ij encodes the network connection strength between nodes i
and j. To calculate the adjacency matrix, an intermediate quantity called the co-
expression similarity sj is first defined. The default method defines the co-
expression similarity sjj as the absolute value of the correlation coefficient between
the profiles of nodes i and j:sjj = |cor(Xi, X )|[150]. These weighted undirected gene
co-expression networks represent complex biological systems which can uncover

important information on disease pathology and underlying biological pathways.

Network backbone construction

Weighted graphs are often used to capture distance associations among a set of
node variables: every edge is a positive real number denoting a distance between
the linked nodes. Most real-world network data like biological networks are semi
metric, this means that the triangle inequality of Euclidean geometry where the
shortest distance between at least two nodes in the graph is the direct edge
between them is not observed for every edge in the graph and an indirect path via

other nodes can be the shortest distance. For a full network, there is an invariant
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sub-graph of the original graph that does not change with the closure computation,
and which is sufficient to compute all shortest paths. We refer to this subgraph as
the metric backbone of a complex network. The size of the backbone subgraph, in
relation to the size of the original graph, defines the amount of redundancy in the
network: edges not on this backbone are superfluous in the computation of
shortest paths, as well as all network measures derived from shortest paths (e.qg.
efficiency, betweenness, centrality)[152]. We constructed network backbones for

the gene co-expression networks using the shortest path method.

Clustering and module Eigengene

To identify communities of functionally related genes, we used the mathematical
technique hierarchical clustering which groups genes into smaller clusters and
then orders the clusters into higher-level systems. The correlations are ordered,
and a node is created between the highest-scoring (geometrically closest) pair of
rows—the two gene sequences that were most nearly coregulated. The matrix is
then modified to represent the joined elements as a single node, and all distances
between the newly formed node and other gene sequences (rows) in the matrix
are calculated. It is not necessary to recalculate all correlations because only those
involving the two rows joined in the new node have changed. Typically, the node
is represented by a link in the dendrogram, the height of the link being directly
proportional to the strength of the correlation. The process of creating proportional
links and joining genes into clusters continues until all genes in the experiment
have been joined into a single hierarchical cluster through links of appropriate

length. We employed hierarchical clustering using the standard R function
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hclust[153]. The number of clusters were defined using the Dynamic Tree Cut
package in R[154]. We performed principal component decomposition on each
cluster to represent the cluster by its first principal component or the “eigen-gene”
representing the set of genes in that cluster [57]. The eigen-gene represent a data
vector of values that summarizes the gene expression values within a given cluster

for a given participant.

Network Analyses:

We further investigated clusters assigned through hierarchical clustering were as
individual networks/ subnetworks. The top cluster showing most significant
association with amnestic MCI diagnosis was identified (p:r<0.0001). Network
visualization tools were used to visualize the clusters and the backbones. The hub
nodes were identified using degree centrality measure. Degree centrality assigns
an importance score based on the number of links held by each node. In gene co-
expression networks, the highest degree nodes or hubs can be useful regulators
or drivers of their specific biological networks. We interpreted these hub nodes and
backbone edges within the context of biological processes and relevance to AD
pathology. We analyzed the biological processes associated with the cluster using
the topGO package in R applying the weightO1 algorithm[58]. The weightO1
algorithm in the topGO package is a combination of weight and elim algorithms.
The elim method investigates the nodes in the GO graph bottom-up and the weight
method uses significance scores of connected nodes to compare and detect the

locally most significant terms in the GO graph[58].
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Univariate surface mapping

An average surface was constructed by computing and then averaging the
Talairach coordinates at each vertex for each subject [50]using FreeSurfer6.0.
Vertex-wise regressions for each of the hub gene transcripts was performed using
age, gender, and education as covariates to map the association of the gene
expression value with average cortical thickness using a MATLAB toolbox SurfStat
[51].

Results:

We found 2062 genes differentially expressed between the diagnostic groups from
24,500+ transcripts(p<0.05). The adjacency matrix was built for these differentially
expressed genes, followed by network backbone construction using the shortest
path method. Hierarchical clustering with dynamic tree cut algorithm gave us 42
clusters of genes. We can visualize the heatmap of the co-expression profile with
the full network and network backbone in Figure 12. The backbone (Figure 12B)
Is much cleaner and has less noise, defined as redundant network edges
compared to the original full network (Figure 12A). The heatmaps are organized
by cluster assignments and there is a visible separation of clear clusters with
significantly less noisy, potentially non-specific clusters in the backbone compared

to the original network.
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Figure 12: Heatmap representation of co-expression networks. A) Full co-
expression network without clustering. B) Backbone network without clustering.

C) Full co-expression network, ordered by cluster. D) Backbone network ordered

by cluster.
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Clusters with significance to amnestic MCI phenotype

To find most disease specific clusters, we used the eigengene method to find the

cluster with the strongest association with aMCI phenotype. Of the 42 clusters, one

cluster, cluster 37 had the strongest correlation to aMCI phenotype post FDR

correction (r=0.45, pwr<0.0001). There are 46 genes in this cluster (Table 15).

Table 15: Genes in cluster 37

MANEAL LOC390748
ADRA1A LAMB3
LMX1A GABRA4
PPFIBP2 ACSL5S
SYNE2 CERKL
GPR133 FNBP1L
CCDC106 FBXWS8
CHI3L2 Clorfl41
NATS LOC439985
NEGR1 C210rf129
TSPAN11 COCH
C4orfé HIST1H2AH
RAG2 NTS
ETV3L ERCCA4
CALCR OR51F1
SNTG1 SPRR2E
PAX2 MAEL
NLRP13 NETO1
IPF1 STEAP2
OR2G6 ARHGAP4
FOXAl SLN
PCDHB13 KAT2A
OR13A1 CNGA1l
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Network Analyses on cluster 37

Using the metric backbone method, the number of network edges in cluster 37
were pruned from 1035 edges to 210 edges. The co-expression networks for
cluster 37 can visualized in Figure 13. The overlaying backbone represents all
nodes in the network with significantly lower number of edges. Due to cluster
significance, there are potential gene-gene interactions that are involved in the
disease pathology or can represent specific systemic changes occurring at a group
level in our cohort, who represent early stages of AD. There were 10 hub nodes
identified based on degree centrality, CERKL, NLRP13, OR13Al, SNTGI],
ERCC4, C40rf16(AP1AR), HIST1H2AH, RAG2, CCDC106 and C210rf129 (Figure
14). Gene ontology analyses using the degree centrality measures as scores gave
us enriched biological processes associated with the cluster. The top significant
nodes identified through topGO analyses were GO:0007568, biological processes
associated with aging, GO:0001843, biological processes associated with neural
tube closure, GO:0007608, biological processes associated with sensory
perception of smell, GO:0006310, biological processes associated with DNA
recombination” and GO:0050906, biological processes associated with Detection

of chemical stimulus involved in sensory perception.
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Figure 13: Network representation of cluster 37. A) Full network with edges

represented as blue dashed lines. B) Full network with backbone, full network

edges represented in dashed blue lines and backbone edges as solid red line. C-

D) Magnified view of A and B, resp., to visualize edges of the network.
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Figure 14: Cluster 37 network representation (blue) with hub nodes in red
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Hub genes associated with cortical atrophy:

5 of the 10 hub nodes identified showed significant patterns of association with
cortical atrophy (Figure 15). ERCC4 and CCDC106 had a positive association with
cortical thickness in the parietal lobe. C210rf129 showed positive association in
parietal and frontal regions. CERKL showed negative association with regions in
the temporal and frontal lobes. RAG2 showed positive association in temporal,

inferior temporal, and occipital regions.
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Figure 15: Association of hub genes with cortical thickness (T-maps) (T>1.96,

p<0.05)
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Discussion:

In the present study, we performed a data driven comprehensive analyses of co-
expression networks in mild cognitive impairment, a critical prodromal stage of AD
using blood-based transcriptomic data. We constructed a gene co-expression
network using differentially expressed genes between diagnostic groups (NC,
aMCl, and naMCI), capturing important transcriptomic signatures associated with
the disease. We used a novel network backbone construction method, to eliminate
redundancy and identify salient features of the network nodes or genes and

specifically investigate gene-gene interactions or hub genes that are potentially
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important genetic markers in AD pathophysiology. The co-expression network was
clustered into 42 clusters or modules, and we further investigated the cluster with
highest correlation to disease status (aMCI) containing 46 genes. With the
backbone method, we were able to reduce the number of redundant edges in co-
expression network significantly and visualize gene-gene associations for the
cluster. Further, using degree centrality measures on the cluster backbone, we
were able to identify 10 important hub genes or nodes that are potentially important
genes driving pathogenic systems within the network. Previous studies have
shown that intra-modular hubs, i.e., hubs central to specific modules/clusters in the
network, like the ones we identified, are more relevant functionally in biological
networks as opposed to inter-modular hubs, which are central to the entire
network[155, 156]. We found that 5 of these hub genes also had significant
associations with cortical atrophy in our cohort, in commonly affected
neurodegenerative regions of the brain[157]. These are potentially promising
Imaging-genetic signatures which can be used for tracking disease progression
and investigated further for therapeutical developments in preventing or controlling
neurodegeneration.

An important outcome of the analyses is the identification of these reduced
critical mMRNA hub measures from a large and inherently noisy transcriptomic
dataset and novel gene-gene interactions in backbone metric of the differential co-
expression network module. CCDC106 is a gene which promotes the degradation
of p53/TP53 protein and inhibits its activity[158]. P53 is a transcription factor

controlling many important cellular pathways including apoptosis. Higher levels of
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p53 are associated with AD and other neurodegenerative diseases in both animal
models and human samples[159-161]. C4orf6 and C21orf129 are affiliated with
long non-coding RNA. C4orf6 has been associated with neuroblastoma and has
not been implicated in AD pathogenesis yet[162]. The RAG2 gene is involved in
formation of the RAG complex, which is essential for the activity of B cells and T
cells, involved in innate and adaptive immunity. Reduced B-amyloid pathology was
observed in RAG2 knock out mice[163]. SNTG1- a member of the syntrophin
family, is involved in enhancing neurotrophic activity and has been associated with
idiopathic scoliosis but not yet with AD pathogenesis[164]. NLRP3 codes for a
protein that forms the NLRP3 inflammasome, a type of cytosolic multiprotein
complex, which plays a crucial role in innate immunity. Experimental evidence has
shown that the activation of NLRP3 inflammasome is closely related to
neurodegenerative diseases[165, 166]. Due to AB plaques and tau aggregates,
microglia and astrocytes mediate chronic neuroinflammatory response, neuronal
death and pyroptosis[167] through intracellular NLRP3 inflammasome, thereby
driving the progression of AD[168, 169]. Also, pharmacological inhibition of NLRP3
inflammasome has shown to exhibit neuroprotective effects[170]. OR13Al is an
olfactory receptor which initiates the neuronal response that triggers the perception
of smell. Olfactory dysfunction in AD is associated with pathological changes of
tau protein in the olfactory bulb and olfactory projection area[171, 172]. A study
monitoring predictive value of olfactory recognition and function in AD showed that
47% of MCI patients with olfactory impairment yet only 11% of MCI patients with a

normal sense of smell eventually developed AD[173], making olfactory receptors
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promising biomarker candidates for risk assessment and early diagnosis. CERKL
- a gene associated with retinitis pigmentosa that has been shown to protect
neuronal cells from apoptosis in oxidative stress conditions[174], is an interesting
candidate to prevent neurodegeneration and promote cell survival. ERCC4 is gene
involved in DNA repair through the nucleotide excision repair mechanism[175].
Oxidative DNA damage and age-related decline in DNA repair are associated with
progression of AD[176, 177]. HIST1H2AH is a gene which codes for a core
component of a nucleosome. Nucleosomes are structural units crucial for gene
expression and regulation and are altered by epigenetic modifications. Epigenetic
regulation is important in learning and memory, mediating critical mechanisms of
neuroplasticity[178]. These hub genes and their function shed light on important
pathogenic mechanisms during disease progression. Due to them having the
greatest number of connections with other genes in the network, they are likely
driving or at least indicative of expression/regulation of larger systemic processes
dysregulated in AD like DNA damage and/or impaired DNA repair due to oxidative
stress and a downstream cascade of interconnected processes such as immune
response, neuroinflammation and apoptosis. They warrant further investigation in
in vivo/in vitro experiments and as potential biomarker candidates.

There have been other studies that have looked at gene co-expression
networks in AD. These studies, focused on gene co-expression networks from
brain tissue, have found novel genes and dysregulation of biological processes
like immune function in AD relative to normal controls samples[179, 180]. Another

study looked at gene co-expression networks from normal, MCI and AD stages
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and found novel genes and miRNAs related to AD[149]. Our analyses add to this
knowledge base by providing candidate genes identified from peripheral blood
gene expression and looking into specifically, the prodromal stage of AD.
Additionally, the network backbone method employed in our analyses has helped
identify critical measures within the network, reducing noise and redundancy.
There are limitations to the study that should be considered. Firstly, there are
sensitive AR and p-tau plasma assays which might have more clinical utility than
transcriptomic data from blood as biomarkers, but the study of gene co-expression
data adds better understanding of critical biological pathways and provides
promising targets for therapeutic discovery. Secondly, genes which are co-
expressed are not always functionally related[181], but employing measures to
reduce noise and incorporating disease specific signals when modeling networks
is more advantageous in finding functionally related gene systems.

In summary, we were able to identify novel genes related to the prodromal
stage of AD using the backbone metric method applied to co-expression networks.
These can be useful in building risk assessment platforms and screening targets

for novel therapeutics.
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Summary

Overall, the work presented in this thesis focused on analyzing transcriptomic data
from peripheral blood from the ImaGene study (which consists of 108 MCI and 52
cognitively normal controls) and the ADNI study, a nationwide multisite study
consisting of thousands of participants with genetic, clinical, imaging and fluid
biomarker data. As mentioned previously, the multifactorial nature of AD demands
integration of multiple layers of clinical, genetic, and imaging data, to build more
robust risk assessment platforms and to inform novel therapeutics.

In addition, data-driven approaches may also aid in the precision medicine
paradigm in AD as well as help in diagnostic biomarker stratification in clinical trials
of AD based on pathogenic profiles and AD progression as defined by
combinations of gene expression signatures. With this overall objective, we used
neuroimaging endophenotypes, clinical disease status, and genotype data to
identify novel biomarkers; the transcriptomic data were the primary outcome
variables. Given that blood transcriptomic data is inherently noisy and dynamic,
finding robust, disease-specific signals across the entire transcriptome is difficult.
To attempt to boost signal detection, we employed novel data reduction methods

to detect disease-sensitive genetic signatures.

In chapter 1, we integrated MRI and peripheral blood-based gene expression
data using persistent homology followed by kernel-based clustering to characterize
gene-expression patterns at the MCI stage to identify critical mMRNA measures and
gene clusters associated with cortical atrophy, disease status and AD

pathogenesis. We identified three clusters of genes significantly associated with
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diagnosis of aMCI. The biological processes associated with each cluster
were mitochondrial function, NF-kappaB signaling and apoptosis. Cluster-level
associations with cortical thickness displayed canonical AD-like patterns. Driver
genes from clusters were also validated in an external dataset for prediction of
amyloidosis and clinical diagnosis, and variant analyses found two genes
containing variants, associated with disease. We found a disease-relevant
transcriptomic cluster signature sensitive to prodromal AD and cortical atrophy and
identified a subset of potential therapeutic targets associated with AD
pathogenesis. An important future direction of this work is the validation of
persistent homology-kernel clustering pipeline in external larger datasets, to be
used as a predictive modelling tool when assessing risk or screening for
therapeutics. Additionally, the driver genes and their associated pathways need to
be investigated in experimental set ups to evaluate utility as therapeutic targets or

biomarker measures.

In chapter 2, we evaluated the efficacy of characterizing and clustering
peripheral blood transcriptomic data with respect to brain amyloidosis. 356 ADNI
participants with blood gene expression, Florbetapir SUVR, neurodegeneration
measures and CSF measures (CN=120, EMCI=130, LMCI=72 and AD=34) were
identified. Differentially expressed genes from ~50,000 transcripts (p<0.001) were
identified. Pairwise euclidean distance between genes was used to construct a
gene-gene distance matrix followed by K-means clustering. Gene enrichment
analysis was performed on each cluster to identify biological processes associated

with the cluster. “Eigengene”; a data vector representing the whole cluster was
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obtained for each cluster using Principal Component Analyses. The top driver
genes were identified from each cluster. We used the tool Multi-marker Analysis
of GenoMic Annotation (MAGMA) to analyze variants in the driver genes. Voxel-
wise multiple regression in SPM12 with age and sex as covariates was used to
visualize the pattern of association of driver gene expression with brain
amyloidosis. The association of the transcripts identified through our analyses to
amyloid SUVR, and disease diagnosis were validated in the external ImaGene
dataset. We identified five clusters with distinct biological processes highly relevant
in AD. All five clusters were significantly associated with Florbetapir SUVR and
CSF APmeasures (p<0.05). 28 driver genes were identified (Table 3). Six driver
genes (BAIAP3, E2F2, PSMF1, SMOX, UBE20 and RNF11) had negative
association with brain amyloidosis in the lateral temporal, lateral parietal, and
temporo- and parieto-occipital areas, in addition to regions of the frontal lobe. One
of the driver genes, KANK2, and overall, 29 of the differentially expressed genes
had SNPs significantly associated with the AD and MCI phenotypes. The top driver
genes showed similar correlation to amyloid SUVR in the ImaGene dataset. A
logistic regression model with 28 driver genes, and age and sex as covariates
predicted aMCI diagnosis in the external dataset with an AUC of 0.82. Using a data
driven approach we identified novel gene targets from peripheral blood which
directly correlate to amyloid-related pathogenesis and AD phenotype. An important
future direction of this work is investigation of the genes for therapeutic discovery
and potential utility in repurposing drugs that target these biological pathways to

alleviate symptoms. Their direct association with amyloidosis also makes them
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useful candidates in building predictive models for pre symptomatic risk and

tracking AD progression.

In chapter 3, we evaluated peripheral blood transcriptomic data as gene co-
expression networks constructed from differentially expressed genes between
normal controls and MCI subjects to identify co-expressed modules associated
with prodromal AD. Data from the ImaGene study was used. This included 160
subjects clinically diagnosed with amnestic MCI (n=70), non-amnestic MCI (n=38)
and normal controls (n=52). Quantile-normalized and log-transformed mRNA
levels were obtained from peripheral blood. Preliminary analysis was performed
by selecting 2062 genes which were significantly differentially expressed between
normal controls and MCI (two sample t-test, p:r<0.05). Gene co-expression
networks were built by creating correlation matrices of the differentially expressed
MRNA values. Network backbones were then built using the shortest path
computation to remove redundancy and identify important edges. Hierarchical
clustering was performed on the co-expression matrix to identify important
communities or clusters within the network. We identified the strongest cluster
associated with aMCIl phenotype (pr<0.0001) by using the first principal
component of the cluster as the eigen gene. The genes within the cluster and
edges within the backbone were investigated. Upon backbone computation, the
number of edges compared to original correlation matrix reduced significantly
thereby reducing noise. Hierarchical clustering yielded 42 clusters of genes. One
cluster (eigen gene) had the strongest association with aMCI

phenotype(p<0.0001) post FDR correction (r=0.45). This cluster consisting of 46
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genes was further investigated in terms of biological processes and interactions
with other nodes in the cluster backbone. 10 hub genes were found in the cluster
based on degree centrality measures. which had highly significant association with
aMCI. This approach can also help build models for risk assessment, gene therapy
and help identify novel therapeutic targets/ dysregulated pathways. An important
future direction of this analysis is looking into gene ontology networks and protein-
protein networks that associate with the identified backbone modules, to further
learn about the biological systems, which are potentially capturing important
information about pathogenic processes and drivers. Additionally, another
direction is to investigate expression Quantitative Trait Loci (eQTL) networks
associated with gene co-expression network and build bipartite eQTL-gene
expression networks. After computation of the network backbone, we can
hypothesize finding important communities of SNP-gene pairs associated with AD

risk and pathogenesis.

In summary, the work presented in this dissertation has contributed to
identification of transcriptomic biomarkers associated with baseline diagnosis of
MCI and future conversion to AD dementia and improved our understanding of
critical disease-related pathways and system-level changes that occur in
prodromal AD using blood-based biomarkers. At a systems level, the common
biological processes which were identified across the different gene signatures
seen in the three chapters were mitochondrial dysfunction, innate immune
response, NF-xB signaling, apoptosis, oxidative stress response,

neuroinflammation and dysfunctional proteostasis. These biological processes
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and pathways have also been previously reported to be associated with
Alzheimer’s Disease pathology, but we have successfully contributed to the body
of this knowledge and provided interesting gene targets to be further explored for
therapeutics. This work has also provided key insight into pathogenesis at the early
stages of AD and improved our understanding of systemic processes that drive
progression towards dementia. Through an integrated, systematic evaluation of
transcriptomic data and neuroimaging endophenotypes, this work contributes
towards pre-symptomatic risk assessment, precision medicine and biomarker
development in AD while potentially identifying key gene targets and pathways for

therapeutic intervention.
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