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CHAPTER 1

Introduction

1.1 Foundations of Psychiatric and Neurologic Health

The global burden of neurological and psychiatric disorders is on the rise 12 Psy-
chiatric disorders are conditions that manifest as changes in cognition, emotion,
and behavior. Examples include schizophrenia, major depressive disorder, atten-
tion de cit hyperactivity disorder and bipolar disorder. Neurological disorders are
conditions that describe dysfunction of the nervous system. They are the leading
cause of disability, and the second leading cause of death worldwide 3. Neuro-
logical and psychiatric disorders account for a signi cant proportion of disability-
adjusted life years?. As with neurological disorders, the prevalence of psychiatric
disorders ranks among the top 10 worldwide diseases and results in a higher risk
of shorter life expectancies with serious reductions in quality of life 24, highlighting

the urgent need for more studies on brain-based diseases.

1.1.1 Linking biology with mental health is inherently challenging

The phenomenological nature of many brain-based symptoms poses a persistent
challenge to assessing their biological underpinnings. Persistent mood changes are
much more challenging to characterize biologically than the degree of arterial pa-
tency or stenosis in a condition like atherosclerosis. As a result, many of the diag-
nostic criteria that are de nitional to the disease rely on reported symptoms °. The
canonical symptoms of schizophrenia, for example, are delusions, hallucinations,
disorganized speech or behavior, and impaired cognitive ability . None of these
symptoms can be measured via quantitative physical assessment. This stands in

contrast to signs like blood pressure, EKG-derived heart tracings, and estimated



glomerular ltration rate that are so useful in internal medicine. There are an
increasing number of initiatives and approaches aimed at identifying the physi-
ological correlates underpinning complex phenomenological symptoms ‘. These
include neuropsychological testing 8, urine molecular biomarkers °, blood-based

metabolite screenst®, machine learning informed chart review 11, and more.

In this work, we leverage molecular phenotyping to better understand the brain in
states of both health and disease. A wide variety of methodologies and resources
have emerged in recent decades that span genomics, transcriptomics, proteomics,
and metabolites. These methods and resources provide new opportunities to char-
acterize the human body at multiple levels, beginning with DNA as the basic
building blocks of life. The environment in which people live and move plays

a major role in nearly all aspects of health, and this is especially true regarding
psychiatric and neurological health 121314 Nevertheless, numerous studies point
to genetic inheritance as a meaningful risk factor for disease development in this
spacet>16:17.18,19.20The role of genetics in conferring predisposition to psychiatric
and neurological defects is thus a subject of profound interest. Not only can the
identi cation of high-risk individuals enable more effective care, but a fuller char-
acterization of molecular drivers of disease may enable the development of brand-
new therapeutics and disease modifying treatments. To these ends, we seek to
apply and extend the newest "‘omics methodologies to questions of brain health

and to share our ndings to the broader scienti ¢ and medical community.

1.2 Molecular characterization of complex traits

1.2.1 GWAS have enabled molecular associations with human health

In recent years, the genetic characterization of neurological and psychiatric dis-
eases has seen signi cant investment’l, Genome wide association studies of di-

agnoses identify genetic variants that show disproportionate enrichment in study



participants with a particular diagnosis relative to those without. Because genetic
variants are inherited, they are typically not going to be affected by the disease
process. As a result, trait-associated variants are considered to either causally con-
tribute to the trait of interest or, more likely, to tag a nearby causal element 22, GWA
studies have identi ed thousands of genetic variants associated with neurological
and psychiatric diseases?3. This molecular characterization of disease has enabled
the production of polygenic risk scores (PRS). PRS can predict a persons' relative
risk of disease based on their germline genetic sequence date®. In this way, ge-
netic pro les have shown substantial promise as molecular endophenotypes of

brain-based disease.

Here it is useful to draw a distinction between disease prediction and mechanis-
tic insight. Predictive algorithms such as PRS typically select SNPs based on their
predictive power with no regard or insight into the biological function of each
SNP. Certain SNPs may be causal while others may be in linkage disequilibrium
with causal genetic features?. Alternatively, in instances of imperfect control of
exogenous variables, certain SNPs may attain predictive power simply by tagging
speci ¢ ancestrally related populations which are exposed to higher or lower risk
due to social or environmental factors 2°. Such SNPs may have little to do with the
disease itself. Multiple methods have been introduced to prioritize subsets of trait-
associated variants that are maximally likely to contribute causally to disease 2.
While these methods are probabilistic, they remain fundamentally limited by the
nature of SNPs as carriers of digital rather than biological information. Localized
to the nuclei of cells and lacking in any inherent enzymatic or metabolic functions,
even “causal' SNPs exert in uence through downstream intermediates. Accord-
ingly, efforts to derive mechanistic insights from genetic variation unfailingly seek
to characterize the effects of SNPs on components of biology such as protein fold-

ing, DNA looping, RNA stability, transcription factor binding ef ciency, and, as in



our primary focus, gene expression.

1.2.2 TWAS have expanded GWAS molecular associations to include transcrip-
tion

Recent work has made major improvements in SNP interpretation via analyzing
the transcriptional consequences of sequence-level variation?’. Transcription is
the process by which a gene is transcribed into an RNA product. The timing and
coordination of gene transcription is highly regulated. The transcription of dif-
ferent genes and gene regulatory networks is the primary means by which cells
with the same genomic DNA differentiate into the diverse collection of different
cell types that comprise complex life 28. Furthermore, the maintenance of home-
ostasis in the presence of different stimuli and local conditions relies on adequate
adaptive responses from appropriate cells. Many such responses are mediated by
changes in gene expressiort®. From differentiation to adaptation to homeostatic
maintenance, the coordination of gene expression is a vital component of healthy

molecular physiology.

Certain SNPs across both coding and noncoding regions of the genome alike can
alter patterns of gene transcription. Canonically, variants that disrupt transcription
factor binding sites or the gene promoter sequences will disrupt the physiological
patterns of gene expression®C. We use the term genetically regulated gene expres-
sion (GReX) to describe gene expression changes that arise from sequence level
genetic variation. The mechanisms by which SNP variants can affect gene expres-
sion regulation are highly varied. Targeted analyses have identi ed speci c vari-
ants that alter gene expression dynamics through speci ¢ mechanisms 3132 Such
analyses are often low throughput and would be inadequate for classifying the
consequences of the thousands of non-coding, disease relevant SNPs identi ed

by GWAS. To address this gap, large cohort studies such as GTEx and PsychEn-



code have taken high throughput approaches to classify the statistical relation-
ship between SNPs and gene expressiort®®% These studies rst quantify tissue
or cell-speci ¢ gene expression levels through RNA-sequencing of large cohorts of
individuals. Then after whole genome sequencing these individuals, the resulting
data is tested for statistically signi cant associations between gene expression and
nearby SNPs (typically within 1-2 Mb). SNPs that are predictive of gene expres-
sion of nearby genes are expression quantitative trait loci (eQTL). By performing
RNA sequencing across many tissues/cells and whole genome sequencing of the
same individuals, cohorts like GTEx and PsychEncode can perform high through-

put identi cation of eQTLSs.

These eQTL reference panels enable researchers to annotate GWAS SNPs accord-
ing to their predictive relationship with gene expression. Thus, many previously
uninterpretable SNPs that demonstrated strong associations with a trait of inter-
est can be mapped to differential expression of speci ¢ genes. eQTL mapping can
be improved by approaches that aggregate multiple SNP predictors to predict ge-
netically regulated gene expression (GReX). When applied to the results of GWAS
studies, this method is called a transcriptome-wide association study (TWAS). Sev-
eral methods of TWAS have been developed, most of which differ in the statistical
approaches to gene expression prediction3°36:37 All such methods nevertheless

use SNPs as genetic instruments to predict associations between GReX and traits.

1.2.3 TWAS represent a major step forward due to their mechanistic relevance
Where GWAS associate SNP variants with disease, TWAS implicate changes in the
quantity of RNA. RNA molecules are frequently exported from the nucleus. Many
forms of RNA are active as signaling molecules, silencing molecules, or possess en-
zymatic activity. Other forms of RNA such as the classic mMRNA are translated into

proteins. The frequent incongruity between RNA expression and protein quan-



tity means that speci c changes in GReX cannot be assumed as representative of
protein fold changes. Nevertheless, in the aggregate, there are many instances and
contexts in which RNA expression and protein quantity are positively correlated 38,
Additionally, the genome is conserved across nearly every cell in the human body
across the lifespan. As a result, GWAS ndings do not intrinsically implicate de-

velopmental time periods or tissue/cell types.

Gene expression pro les by contrast differ across time, as well as tissues and cell
types. The same SNPs may in uence gene expression differently depending on the
cellular or temporal context 340 This characteristic of gene expression results in
GReX associations that may only be detected in speci ¢ spatiotemporal contexts 4%,
The leap from GWAS to TWAS generally enables richer biological contextualiza-

tion of molecular correlates of disease.

But even with this advance, molecular features such as RNA are hard to map to
characteristics like “short term memory' and “cognitive decline'. Apart from the
hyper-regulated production of neurotransmitters, endocrine hormones, and their
respective receptors, efforts to interpret molecular disease correlates are limited
by the complexity of the human brain. The mapping of psychiatric symptoms to

physiocal processes remains a challenge.

1.3 Integrating Neuroimaging with molecular phenotyping

Neuroimaging has emerged as a useful way of examining the biological basis for
brain-based diseases. The use of MRI is already common practice in the clinical di-
agnosis and management of many neurological conditions including Alzheimer's
Disease and Parkinson's diseasé?. The high resolution of MRl combined with
its sensitivity to uid and soft tissue changes are positive aspects of this modal-
ity in the brain. A broad spectrum of neurological conditions have been asso-

ciated with “neurological signatures' 4344 MRI is increasingly being used in the



research context to identify organ-level correlates of psychiatric and neurologic
conditions. Large neuroimaging cohort studies have identi ed reproducible differ-
ences in structure, structural connectivity, and functional connectivity in individ-
uals with Schizophrenia, Bipolar disorder, or post-traumatic stress disorder com-

pared to healthy controls 424647

1.3.1 The neuroimaging correlates of disease inform disease pathophysiology
The neuroimaging correlates of brain-based diseases often provide insight into the
biological and neurological origins of symptoms experienced by those with the
condition. For example, the progressive symptomatology in Parkinson's disease
has been documented to correspond with the progression of regional cortical thin-
ning 8. A fundamental limit to observational neuroimaging studies is the inability
to identify the direction of causation. Neuroimaging changes may be the result
of the primary disease process. Some neuroimaging changes may be concurrent
but non-contributory to the disease process. Other neuroimaging changes may be
compensatory responses initiated by the body to help mediate the severity of on-
going disease. As such, neuroimaging biomarkers of disease are limited in their

contribution to mechanistic disease questions 4°.

1.3.2 Integration of genomic and neuroimaging associations improves biolog-
ical insights of brain-based disease

Several insightful studies compare the spatial distribution of genes in the brain
to neuroimaging pro les derived from clinically ascertained cohorts  4°. This ap-
proach seeks to identify genes whose spatial patterns of measured expression are
correlated with neuroimaging patterns of disease. A variety of authors have iden-

ti ed instances in which disease-associated genes demonstrate expression enrich-
ment in brain regions that are different in affected individuals °°. This colocaliza-

tion of disease genes and disease associated neuroimaging measures supports a
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meaningful relationship between the genes, the brain, and the different diseases.
Nevertheless, this study design shares the limitation that the directional relation-
ships between disease, brain regions, and gene expression changes are challeng-
ing to unveil. Speci cally, enriched expression of a gene in a particular region of
the brain does not indicate what regions of the brain would be most impacted by
this differential expression. The complex network architecture of the brain trans-
mits pathology and dysregulation across distances in ways that are challenging to
characterize. This is well-described in the pathological spread of tau through cel-
lular connections ®! and the phenomenon of “diaschisis' wherein cell death in one
region of the brain induces atrophy or dysfunction in the functionally connected
regions®2. As a result, characterizing the consequences of spatial changes to gene

expression requires further studies.

Studies of spatial transcriptomics often use healthy individuals to identify where

in the brain different genes are expressed®3. The examination of healthy cohorts
is an excellent way of establishing homeostatic relationships, but it may be of lim-
ited use when seeking to characterize disease-mediated changes. Current litera-
ture suggests that disease status induces major shifts in gene expression across the
brain >45556 As a result, transcriptomic pro ling through RNA sequencing may

not resemble the hypothesized model in patients with the disease of interest.

1.4 Thesis Overview

In our work we seek to address these challenges through a modi ed study design.
Using genomic data linked with spatially encoded transcriptomic information, it

is possible to characterize how SNPs relate to regional patterns of gene expres-
sion. This information is contained in gene expression models that aggregate SNP
data to predict regionally encoded expression pro les. By using these models in

the context of TWAS, it becomes possible to predict how regional changes in gene



expression affect a trait. Neuroimaging features are traits that can be quanti ed.

As such performing a TWAS of neuroimaging data represents a means of asso-
ciating regional gene expression measures with a diverse range of brain charac-
teristics. This study design enables the examination of how GReX in one area of
the brain relates to the structure or function of distal brain areas. By assessing the
consequences of regional gene expression on the same, proximal, and distal brain
regions, we describe a methodology that is more oriented towards an integrated

view of the brain as a connected system spanning molecules, cells, and intrare-

gional relationships.

1.4.1 Brain-Heart Transcriptomic Pleiotropy

The utility of the methodologies presented here are not limited to the brain. Gene
expression in a variety of tissues can be tested for association with brain morphol-
ogy. We conduct a broad examination of this capacity in chapters 2 and 7. One sub-
ject of clinical interest that we explore in depth is that of cardiac associations with
neurologic damage. Heart diseases are frequently accompanied by neurologic dys-
function ®/. Congenital heart diseases are strong predictors for neurodevelopmen-
tal and psychiatric disorders while late-stage heart failure and coronary artery dis-
ease are associated broadly with cognitive impairment °859.60.61 The growth of
accessible genetic data has enabled new discoveries concerning the links between
brain and heart health. Thus, in addition to multiple well-described genetic syn-
dromes, neurologic disease in cardiac patients is also strongly associated with al-
terations in epigenetic regulations 2. Examples of organ level pleiotropy in which
expression dynamics of a single gene affect multiple organs have been heavily doc-
umented in clinical contexts including for conditions such as Gilbert disease, type

| autoimmune polyendocrinopathy syndrome, Cornelia de Lange Syndrome, Dia-

betes mellitus and others®3. There may be undiscovered instances in which GReX



of genes has signi cant impact on the health of both the heart and the brain. We

examine this question in greater detail in Chapter 7.

1.5 Chapter Overview
1.5.1 Chapter 2: A Transcriptomic Atlas of the Human Brain Reveals Geneti-
cally Determined Aspects of Neuropsychiatric Health

The UK biobank documented associations between over 3,000 neuroimaging de-
scriptors of regional brain structure, structural connectivity, and functional connec-
tivity. We perform TWAS on each of these features using gene expression models
trained on brain and brain-related bulk tissue samples. We provide replication,
methodological validation, and in-depth analyses of the resulting data along with
an application in which we examine neuroimaging transcriptomics for Schizophre-

nia.

1.5.2 Chapter 3: Neuroimaging Transcriptomics and Genomics in Alzheimer's
Disease

Alzheimer's disease is a devastating neurological condition with both strong ge-

netic correlations and dramatic neurological changes observable on neuroimaging.

We perform neuroimaging transcriptomic analyses of multiple forms of Alzheimer's

risk including AD clinical diagnosis, family history, and genetic risk to identify

neuroimaging features in AD linked to molecular endophenotypes of disease.

1.5.3 Chapter 4: Neuroimaging transcriptomic analyses of Parkinson's disease
highlight molecular, cellular, and neurobiological mechanisms

We examine the genetic basis of idiopathic Parkinson's disease and identify grey

and white matter correlates of its transcriptomic signature. Additionally, we em-

ploy a multi-modal gene prioritization framework to identify two genes with in-

teresting implications for Parkinson's pathophysiology.
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1.5.4 Chapter5: Admixed Gene Expression Models Expand Molecular and Neu-
rological Insights into 6 Major Psychiatric Disorders

The utility of TWAS is limited by the SNP coverage of the gene expression models

used in the analysis. We characterize the consequences of gene expression models

trained in individuals of admixed genetic ancestries on the accuracy and yield of

TWAS analysis for 6 psychiatric conditions.

1.5.5 Chapter 6: Using Admixed Gene Expression Models in Neuroimaging
Transcriptomics Enables Molecular Insights into Neurological Structure
and Function

Observing the increase in TWAS vyield mediated by use of admixed gene expres-

sion models, we apply the same models from Chapter 5 to the neuroimaging

GWAS analyses conducted by the UK biobank to expand and enrich the Neuroim-

aGene resource. We explore diaschisis in greater detail through identi cation of

anatomically contiguous, functionally related NIDPs through transcriptional pro-

les alone.

1.5.6 Chapter 7: Genetically Regulated Expression of ALDH2 and UQCC1 may
Confer Risk to Heart and Brain Health

Neurological defects are reported at greater rates in children with congenital heart

disorders and it is thought that genetic susceptibility plays a role in the mediation

of this clinical observation. We perform in-silico screening of genetically regu-

lated expression measures to assess for transcripts associated with both cardiac

structure and neurological morphology. In doing so we highlight 7 genes with sta-

tistically signi cant associations with structure of both the heart and the brain as

determined from large cohort studies. Two of these genes, we prioritize as high-

interest candidates owing to phenome-wide association study results and plausi-

ble metabolic mechanisms of action.
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1.5.7 Chapter 8: Conclusions, Limitations, and Future Directions

We summarize the main ndings presented in this thesis. This includes discussing
conclusions, highlighting the signi cance of select ndings and methods, and elab-
orating on limitations inherent in the research. In the future directions subsection,

we highlight avenues for further research inquiries related to this work.
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CHAPTER 2

A Transcriptomic Atlas of the Human Brain Reveals Genetically Determined

Aspects of Neuropsychiatric Health

The content of this chapter has been published under the same title in the American

Journal of Human Genetics

2.1 Introduction

Several transcriptome-wide association studies (TWAS) have identi ed associa-
tions between genetically regulated gene expression (GReX) and neuropsychiatric
traits. The contribution of GReX variation to disease pathophysiology remains an
active area of research, with critical implications for our understanding of disease
mechanismst®19:17 Toward this end, we develop a publicly available resource,
NeuroimaGene, for identifying the neurophysiological consequences of variation
in GReX. We link 2 well-validated intermediate phenotypes: endogenous gene ex-
pression under genetic control and neurophysiology as captured by a broad array

of neuroimaging derived phenotypes (NIDPs) from MRI|  35.64.65.66.67

GReX characterizes the component of endogenous gene expression that is driven
by germline variation in nucleotide sequence. This measure of genetic in uence
can be used to illuminate the biologic mechanisms of neuropsychiatric disease.
GReX has been associated with a broad range of neuropsychiatric traits®®. By
guantifying the component of gene expression under genetic control, this measure
is to be distinguished from gene expression changes that result from environmen-
tal and trait-determined in uences ©’. Since multiple SNPs often affect regulation
of a gene, this transcription-targeted approach improves statistical power relative

to single-SNP analyses by concentrating multiple SNP effects onto relatively fewer,
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biologically-informative (gene) targets ©°.

In this study, we leverage the UK Biobank (UKB) neuroimaging data to identify
associations between variation in GReX and over 3,400 NIDPs. These quantitative
descriptors of the structure, connectivity, and functional activation of the brain
have been associated with neuropsychiatric health /0:71.72.73.74 The UKB's appli-
cation of automated image processing pipelines to magnetic resonance imaging
permits standardized measurements for an enormous number of cerebral data
points >:76:77.78 These data capture structural information, such as the volume,
thickness, and surface area of brain regions; organizational variation describing
the white matter connections between these components; and functional informa-

tion, such as networks of synaptic activity associated with speci c tasks or resting
states?576.74,77,79

Through analysis of GReX in a population-based cohort, NeuroimaGene captures
the expression-mediated genetic architecture of neurological structure and func-
tion, facilitating the identi cation of speci c genes and anatomic measurements

involved in neurocognitive homeostasis 8°. In our application, we replicate and
extend evidence characterizing the neurogenic pathophysiology of schizophrenia

(SC2).

2.2 Methods

2.2.1 Data acquisition

The UK Biobank (UKB) is a large-scale prospective cohort study, which has col-
lected genotypic and phenotypic data from approximately 500,000 residents of the
United Kingdom. The standardization of data collection methods across partici-

pants and the large sample size of this study provides enormous advantages for
epidemiological analysis. In 2014, the UKB began collecting neuroimaging data

from study participants in the form of functional, diffusion, and structural MRl 66
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The study developed an automated image processing pipeline to standardize and

quantify its ndings, generating 3,935 “image derived phenotypes' ’°. In 2016, El-
liot et al. published a GWAS for each of the 3,144 image derived phenotypes using

genetic information from 8,428 UKB individuals 6. In 2021, an additional release
of neuroimaging GWAS data was made available detailing associations for 3,935
NIDPs as measured in 39,691 brain imaged samples derived from 33,224 individ-
uals of European ancestry’®. The summary statistics results for these GWAS are

publicly available at the UKB website (https://open.win.ox.ac.uk/ukbiobank/big40/).

2.2.2 Statistical analysis

All analyses are conducted in R version 4.0.5, Python 3.8.6, and Linux.

2.2.3 Model building and JTI framework

We leveraged pre-built gene expression models trained on RNA data from post-
mortem samples in order to predict gene expression from SNP pro les. The con-
struction of these models is described in Zhou et al. 2020%4. The GTEx consortium
maintains a repository of RNA expression data and genetic data collected from
54 non-diseased tissue sites across approximately 1000 individuals®3. Processed
GTEx data (for example, gene expression and eQTLs) are available from the GTEXx
portal (https://gtexportal.org). As described in Zhou et al., each Joint Tissue Im-
putation (JTI) model quanti es the association between SNPs and gene expression
levels across the genome for each tissue. The genetic regulation of gene expression
is highly shared across tissues and JTI exploits this shared regulatory architecture
to substantially improve expression prediction. These models, trained on the GTEx

data, are publicly available at Zenodo (https://doi.org/10.5281/zenodo.3842289).
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2.2.4 TWAS of neuroimaging phenotypes

We applied JTI models derived from 19 GTEXx (version 8) tissues to UKB GWAS

summary statistics for all 3,935 NIDPs published by Smith et al. to identify GReX
associations with NIDPs. We used S-PrediXcan, which generates the TWAS sum-

mary statistics 3. S-PrediXcan is included in the MultiXcan package. Code for

MultiXcan is available on the Im lab Github repository (https://github.com/hakyimlab/MetaXcan).
The methodology incorporates variance and covariance data of SNPs according to

an LD reference panel.

2.2.5 Multiple testing correction in discovery cohort

Our study analyzed 22,815 genes and 19 GTEx-derived JTI models across 3,935
NIDPs. We adjusted for the multiple hypothesis testing using the Benjamini-Hochberg
false discovery rate (FDR) threshold of 0.05. For all analyses involving signi cance
testing, we considered only the subset of NIDPs with signi cant SNP-mediated

heritability (3,546) 75.

2.2.6 Gene set analysis

We conducted Gene Ontology (GO) term enrichment analyses using the Cluster-
Pro ler R tool 8L, For all GO analyses, we set the size range for gene sets as 15-500
and used a Benjamini Hochberg p-value cutoff of 0.05 for ltering of pathway as-

sociations. The Cellular Components library of GO was used.

2.2.7 Hierarchical clustering of NIDPs

We estimated the correlations in TWAS associations among the NIDPs. We rst
strati ed the TWAS associations according to the 19 JTI models. Each JTI model
was represented by a matrix detailing the normalized effect size (z-score) of each
gene on each NIDP. Each matrix consists of all genes in the JTI model and 3,934

columns (NIDPs). Each data point is the normalized effect size (z-score) of GReX
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on the NIDP. Instances where speci ¢ genes were not associated with certain NIDPs
were coded as “NA”. Concerning data completeness, we used a 99% completion
threshold for inclusion of NIDPs in the clustering analyses. No phenotypes failed
thresholding. Using the matrix for each JTI model, we calculated the pairwise

Spearman correlation for all NIDP pairs according to the TWAS z-scores.

After identifying the Spearman correlation distance between all NIDPs according
to the z-scores from the GReX association, we reproduced the data in the form
of a heatmap with axes ordered by Ward's agglomerative hierarchical clustering
method. The NIDPs involved in this ordering can be categorized according to a
variety of criteria, including imaging modality, atlas used, lobe of the brain (for
cortical measures), direction of bers (for white matter tractography), left or right
hemisphere, etc. Accordingly, we annotated each NIDP according to the multi-
dimensional phenotypic descriptors provided by the UKB. These annotations al-
low for visual examination of cluster patterns. Using the R package complex-
heatmap, we created annotated, clustered heatmaps for all the phenotypes accord-

ing to z-scores from each JTI model®?,

2.2.8 UMAP dimensionality reduction of T1 and dMRI phenotypes

We applied the Uniform Manifold Approximation and Projection for Dimension
Reduction (UMAP) package in R to improve the visual interpretability of clus-
tering analyses for 2 subsets of GReX-NIDP association$3. For each of the 19
JTI models, we conducted UMAP analysis on the GReX measures nominally as-
sociated with (1) T1-weighted cortical and subcortical surface area/volume mea-
sures and (2) dMRI tractography measures. We optimized the parameter values
for n _neighbors (number of approximate nearest neighbors used to construct the
initial high-dimensional graph), and min _dist (minimum distance between points

in low-dimensional space) in order to prioritize global relationships over local sim-
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ilarities. This was performed through iterative analyses of each data subset across
multiple combinations of the two parameter values and visual evaluation of clus-
ter projection. Final parameter sets were selected based on those which generated
the most interpretable separation and clustering between NIDPs according to an-
notations of side, region, and type of measurement. For the T1 dataset, we selected
n_neighbors = 150 and min_dist = 0.09. For the dMRI dataset, these values were
n_neighbors = 60 and min _dist = 0.1. We set initial seed values for the R session
as well for the UMAP internal functionality to improve the reproducibility of the

analysis.

2.2.9 PCA dimensionality reduction of T1 phenotypes

We conducted Principal Component Analysis of the T1 structural NIDPs in R ac-
cording to the normalized effect size of each GReX-NIDP association. Pooling data
from all 19 tested JTI models, we displayed the rst two principal components of
the data. We annotated the NIDPs by color with variation representing the type of

cortical measure (surface area, thickness, or volume.)

2.2.10 Internal replication analysis for neuroimaging TWAS

The UKB generated neuroimaging GWAS data from a cohort of approximately
33,000 patrticipants. In addition to this large data set, the UKB released 2 mirror
versions following the same analytic pipeline but using 2 independent subsets of
the populations. These subsets had sample sizes of 11,000 and 22,000. To test
the replication of the neuroimaging TWAS methodology, we replicated our initial
TWAS in these two smaller data sets for independent comparison. We applied the

19 JTI models to the 11K dataset and the 22K dataset independently. In order to
compare these two TWAS datasets, we selected all associations from both stud-
ies that surpassed a Benjamini Hochberg p-value threshold of 0.05. From these

data, we selected the GReX-NIDP associations that are present in both the 11K and
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22K cohorts (matched on JTI models). These data represent TWAS associations be-
tween GReX and NIDPs derived from independent cohorts curated by the UKB.
We calculated the (non-parametric) Spearman correlation as effect sizes were not
normally distributed. Using the MRI modalities described in the Neuroimaging
GWAS supplement, we assessed the distribution of all shared associations as well
as the mean Spearman correlation between the 11K cohort and the 22K cohort for
each NIDP. We then took the mean Spearman correlation value of all NIDPs in
each JTI model category and performed a linear regression against the number of
genes analyzed in each JTI model. We repeated these analyses, using the subset of

data that surpassed a Bonferroni corrected p-value threshold of 0.05.

2.2.11 External replication analysis of neuroimaging TWAS

The Enhancing Neuroimaging Genetics through Meta Analysis (ENIGMA) con-
sortium has published a GWAS meta-analysis of cortical measures derived from
51,665 individuals ’8. Of note, 10,083 individuals from the UKB were included
in the ENIGMA analysis. The phenotypic measures include the surface area and
thickness of the whole cortex as well as 34 cortical regions as de ned by the De-
sikan cortical atlas8. Summary statistics for the ENIGMA dataset are available
upon request from their website (https://enigma.ini.usc.edu/research/download-
enigma-gwas-results/).We accessed the version of the data describing regional
surface area and thickness that had been adjusted for the respective global mea-
sures and undergone genomic control adjustment to account for population strat-
i cation across the many different participating sites in ENIGMA. We then ap-
plied S-PrediXcan to the subset of ENIGMA NIDPs that demonstrated signi cant
SNP based heritability from the initial GWAS. We used the same 19 tissue-speci c,
JTI models described for the UKB neuroimaging TWAS. We ltered these GReX-

NIDP-tissue associations according to a minimum r 2 of 0.1.
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The ENIGMA consortium consolidated the left and right hemispheric regions into
single phenotypes prior to performing the GWAS analysis. To best match the phe-
notypes between the two studies, we rstidenti ed all the TWAS associations from
the UKB neuroimaging study that matched the heritable cortical area and thickness
measures described in ENIGMA irrespective of hemisphere. Then, for NIDPs that
were captured bilaterally in the UKB but not in the ENIGMA study, we selected
genes whose GReX was signi cantly associated with the NIDP of interest in both
the right and left hemisphere. This resulted in a set of 1,736 hemisphere agnostic,
tissue-speci c GReX-NIDP associations for the Desikan cortical regions derived
from the UKB data. Having identi ed the UKB associations to be replicated, we
used the Bonferroni multiple testing correction to ensure FWER control (at alpha
level of 0.05). The resulting p-value threshold used for the ENIGMA replication
analysis was 0.05/1736 = 2.880184e-05.

2.2.12 Schizophrenia-associated GReX curation

We identi ed GReX associated with SCZ using the most recent major SCZ GWAS
meta-analysis from Trubetskoy et al. 8°. This extended GWAS consists of the core
Psychiatric Genomics Consortium dataset, an African American dataset, a Latino
dataset, and the deCODE SCZ cohorts. Sample details are provided in the supple-
mentary information for the initial publication. Trubetskoy et al. performed sec-
ondary analyses on the ndings from the extended GWAS using individuals from
the core PGC cohort owing to accessibility of individual level data. Of relevance to
this work, they performed Summary Mendelian Randomization on the extended
GWAS ndings to highlight 101 unique genes associated with SCZ through genet-
ically regulated expression. For TWAS models, they leveraged those derived from
PsychENCODE, eQTLGen, and fetal brain data. For the sake of uniformity in data

analysis, we selected the subset of 88 genes identi ed via SMR using the PsychEN-
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CODE data. These data included GReX associations from SNP models trained on
brain and whole blood. Only the GReX from the whole blood analysis that were
also replicated in brain models were reported by Trubetskoy et al. for the sake
of prioritizing neurological relevance. Of these 88 GReX, 63 could be mapped to

unique Ensembl IDs, 50 of which were present in the NeuroimaGene resource.

2.2.13 Schizophrenia NIDP curation

SCZ NIDPs were derived from two studies published by the ENIGMA consortium,
one highlighting cortical regions and the other subcortical regions 4686 In assess-
ing cortical changes associated with SCZ, van Erp et al. analyzed participant data
from 39 different centers across the globe. These data represent 4,474 individuals
with SCZ and 5,098 healthy controls, all of whom were assessed using a standard-
ized approach. Cohort details and analysis methods were described in the Meth-
ods section of the initial publication. Of relevance to this work, all imaging data in
the study represents T1-weighted structural brain scans that were processed using
the Desikan-Killiany (DK) cortical atlas in Freesurfer 84, The study used univariate
linear regression to identify group differences in the thickness and cortical area of
the measured DK-atlas regions. Random-effects meta-analyses of both Cohen's d
and the partial correlation effect sizes were performed for each DK atlas region.
Multiple testing correction was performed using the false discovery rate with a
threshold or 0.05. Additional details on confounding and covariate analyses were
included in the original publication. Following meta-analysis and multiple test-
ing correction, 33 hemisphere-speci ¢ cortical surface area and thickness measures
had statistically signi cant differences between individuals with SCZ and healthy
controls. Of the NIDPs reported by the UKB, we matched all 33 of these according

to Freesurfer parcellation of T1-weighted structural imaging using the DK atlas.
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2.2.14 Maximally discriminatory GReX threshold determination

In the style of polygenic risk score analyses, we assessed the GReX-NIDP signif-
icance threshold at which the data in NeuroimaGene was maximally predictive
of SCZ risk. We identi ed all NeuroimaGene GReX associations corresponding
to the NIDPs and GReX from the SCZ studies carried out by the ENIGMA con-
sortium and Trubetskoy et al., respectively. These represent associations between
GReX measures and NIDPs that have each been associated with SCZ in indepen-
dent studies. Beginning with a nominal p-value threshold of 0.05, we assessed the
total number of associations that satis ed the threshold as well as the number of
unique NIDPs represented by the association set. These represent two observed
statistics: the number of SCZ GReX-NIDP associations that surpassed the signi -
cance threshold and the number of unique NIDPs in the SCZ GReX-NIDP associa-

tions that surpassed the signi cance threshold.

We then performed permutation testing to establish null distributions against which
these statistics can be tested. To generate the null distribution, we selected 50 ran-
dom genes (matching by 50 SCZ GReX measures that entered the experimental
analysis). We then identi ed all NeuroimaGene associations that involve any of
the 50 GReX measures and SCZ NIDPs at a p-value less than or equal to 0.05.
Similarly to the experimental gene set, we then calculated null statistics detailing
the total number of associations and the total number of unique NIDPs. We thus
guanti ed the number of associations between SCZ NIDPs and random gene sets
for comparison with associations between SCZ NIDP associations and SCZ GReX.
We repeated this procedure 1000 times to estimate the null distribution for each of

the two test statistics.

Using each distribution, we then identi ed the value below which 95% of null

statistics fall. We performed this same analysis for the total number of GReX-NIDP
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associations and for the unique NIDPs included in each set, in line with the dif-

ferent null statistics. We repeated the permutation analysis at 6 different p-value
thresholds to identify the threshold at which the association between SCZ GReX
and SCZ NIDPs was maximally greater than for random genes. From these data,

we selected 0.005 as the optimal discriminatory threshold.

2.2.15 Mendelian Randomization Joint-Tissue Imputation

TWAS associations are susceptible to LD contamination. As a Mendelian Ran-
domization causal inference approach, MR-JTI models variant-level heterogeneity
to obtain an unbiased estimate the gene causal effect on phenotype. As detailed
in Zhou et al., the Mendelian Randomization aspect of MR-JTI is designed to be
a post-hoc test to adjust for horizontal pleiotropy and LD contamination in the

subset of signi cant TWAS ndings 6.

We used the LiftOver script provided by the UCSC genome browser to convert the
UKBB GWAS variant identi ers from Human Genome build 19 to build 38 &7 The
command line script and the chain les required for running the UCSC LiftOver
script are accessible upon request from the UCSC genome store (https://genome-
store.ucsc.edu/). We then retrieved the full set of un Itered eQTL associations
from the GTEXx consortium Google cloud repository 33. We intersected the retrieved
un Itered eQTL data with each of the GWAS les from the UKB NIDPs prior-
itized by the initial TWAS. We harmonized SNPs between the two studies ac-
cording to the chromosomal location and the effect/reference allele. We retrieved
the LD scores obtained from the 1000 genomes project based on the RSIB8. LD
scores from the 1000 genomes project were downloaded from the online reposi-
tory maintained by the Alkes Price group at the Broad Institute in the le labeled
“1000G_Phase3ldscores.tgz”. Using the MR-JTI script, we conducted Mendelian

Randomization causal inference on these ndings. Code for the JTI model training
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and MR-JTI causal inference analysis is hosted at the Gamazon Github repository

(https://github.com/gamazonlab/MR-JTI).

2.3 Results

Figure 2.1: Visual Abstract
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2.3.1 NeuroimaGene comprises a searchable atlas of associations between brain
measures and the genetically regulated transcriptome
To identify associations between GReX and neuroimaging measures of the brain,
we applied the Joint-Tissue Imputation (JTI) TWAS framework to summary statis-
tics from the most recent release of the UKB neuroimaging GWAS (Figure 2.2A
and Table 2.1) (Methods)®*. We used in silico gene expression models (hereafter
“JTI models”) trained on transcriptome data in 19 tissues from the GTEx consor-
tium. Our analysis identi ed associations between 3,934 measures of the brain
and 22,815 imputed gene expression traits in the context of 13 brain tissues and
6 neurologically relevant tissues from outside the central nervous system (CNS)
(Figure 2.2D)8%7. We retained only those NIDPs demonstrating statistically sig-
ni cant SNP-based heritability. The tissue correlation of the GReX as well as non-
independence of the NIDPs suggest that the conventional Bonferroni correction
procedure (to ensure strong family-wise error rate [FWER] control) is very con-
servative. Consequently, we corrected for multiple testing through a study-wide
Benjamini-Hochberg false discovery rate threshold of 0.05. The majority of the sig-
ni cant associations represented white matter bers identi ed via diffusion MRI
and structural partitioning of the brain according to T1 imaging (Figure 2.2E). We
provide these data as a searchable atlas detailing highly signi cant, quantitative
associations between endogenous gene expression of> 16,000 genes and> 3,400

neuroimaging derived measures of the brain (Figure 2.2F) .

Each "association' represents a statistically signi cant relationship between one
NIDP and the GReX of a single gene as predicted by a JTI model (Figure 2.2C).
Each NIDP-GReX association can thus achieve study-wide signi cance in up to
19 different tissue contexts. Several genes stand out as having signi cant effects
on neuromorphology (Figure 2.2F). One such gene, syntaxin 6 (STX6), codes for

a protein involved in the movement of transport vesicles to target membranes.

25



Figure 2.2: NeuroimaGene resource overview: A. Conceptual overview of the neuroimaging
TWAS framework. To create the NeuroimaGene resource, we took as input data > 3,400 UKB
neuroimaging GWAS studies. Using S-PrediXcan applied to the JTI models and the GWAS
summary statistics, we quantify the magnitude, direction, and signi cance of the association
between GReX and the NIDP for each GWAS. This analysis results in tissue-speci ¢ associations
between GReX and NIDPs. B. In relation to brain morphology (trait), GReX can be used to

guantify the proportion of SNP-based variation that is mediated by endogenous gene expression.
Note that GReX may explain only a proportion of the SNP-based heritability for any given trait. C.
GReX and NIDPs are potential endophenotypes mediating the effect of genetic variation on
neuropsychiatric risk. D. Distribution of signi cant (FDR < 0.05) NeuroimaGene associations
across all 19 JTI models. The total number of GReX-NIDP associations identi ed in each tissue is
represented in pale colors on the left y-axis. The right y-axis shows the number of unique genes
involved in those associations (which may involve multiple NIDPs). These gene counts are
detailed in dark colors. Blue bars represent associations from JTI models derived from brain
tissues while green bars represent associations from JTI models derived from non-brain tissues. E.
Distribution of signi cant (FDR < 0.05) GReX-NIDP associations across all JTI models grouped by
the imaging modality used to capture each NIDP. The proportion of signi cant associations for

each modality is given in parentheses while the bars themselves represent the raw number of
associations belonging to each modality. F. Manhattan style plot of all associations between GReX
and NIDPs across the genome from the application of JTI models in 19 tissues. The x-axis
represents the linearized genome, the y-axis represents the negative logg of the
Benjamini-Hochberg adjusted p-value. Each point represents a single GReX-NIDP association and
is colored according to the JTI model in which the association was calculated. GReX: Genetically
Regulated gene Expression,SNP: Single Nucleotide Polymorphism, TWAS : Transcriptome-Wide
Association Study, GWAS : Genome-Wide Association Study, GTEx: Genotype Tissue Expression
consortium, NIDP : Neuroimaging Derived Phenotype, JTI: Joint-Tissue Imputation.
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Previous research reports that expression silencing of STX6 leads to repression of
axonal outgrowth and impaired neuronal polarization in the hippocampus  °°. We
nd highly signi cant associations of the GReX of this gene with several NIDPs in

the hippocampus as well as with a broad variety of NIDPs.

22K Subset 11K Subset Joint Cohort
F M T F M T F M T
N 11,624 10,514 22,138 5,787 5,299 11,086 17,411 15,813 33,224

Mean Age 63.6 7.3 650 7.6 643 637 74 650 7.6 643 63.6 65.0 64.3
Min Age 45.1 46.1 45.1 46.3 46.1 46.1 451 46.1 451
Max Age 81.8 81.8 81.8 81.6 81.0 816 818 818 8138

Table 2.1: Characteristics of the UK Biobank Neuroimaging Dataset

2.3.2 Hierarchical clustering and dimensionality reduction of NIDPs according

to GReX effect sizes recapitulate the spatial patterning of the brain
Each NIDP has its own set of GReX associations comprised of genes and their
effect sizes on the NIDP measure. We investigated the extent to which unsuper-
vised phenotype clustering of all NIDPs based solely on these GReX associations
re ected known neurobiology. To this end, we performed hierarchical clustering
of all NIDPs based solely on the GReX-NIDP effect sizes. ldentical brain regions
measured via different approaches clustered together and these clusters demon-

strated close clustering with groups of physically proximal brain regions.

To better visualize the spatial patterning of the NIDPs, we next applied UMAP to
the dMRI data as well as cortical surface area and volume measurements®3. Prior
analyses have demonstrated that empirical gene expression, as measured by RNA-
sequencing, carries information about the spatial organization of the brain 192 |t
is not immediately clear to what extent these ndings are driven by the geneti-

cally determined component of gene expression vs environmental, context-speci ¢
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determinants of gene expression. In this analysis, we speci cally examined this
guestion. We projected the NIDPs into 2-dimensional space in accordance with
the similarity of GReX effect size (Methods). Spatial grouping of NIDPs according
to their transcriptomic pro les not only revealed clusters of NIDPs from the same
general brain regions, but also produced a global pattern that closely mimics the 2-
dimensional, unfolded organization of the human cortex (Figure 2.3). Subcortical
regions clustered together near the brainstem and NIDPs describing the surface
area and volume of different cortical regions self-aligned in both the rostral and
longitudinal axes. While the three-dimensional cortex folds into itself at the lon-
gitudinal ssure, projecting the cortical surface into two dimensions should locate
the deepest aspect of the ssure near the top of the image as is observed in the
cingulate gyrus and corpus callosum. Of note, the JTI models used in this analysis
are themselves derived from speci c brain regions and non-brain tissues. Because
the dimensionality reduction was performed for each JTI tissue model separately,
the UMAP ndings are due entirely to within-model variation and occur indepen-
dently of spatial differences between JTI models. Classifying NIDPs exclusively by
GReX effect size thus provides suf cient data to identify a sample's place of origin
relative to other NIDPs evaluated in the same individuals. The recapitulation of
2-dimensional brain structure from predicted GReX effect size alone both under-
scores the validity of GReX as a neurologically informative measure and highlights

the richness of information contained within the NeuroimaGene resource.

2.3.3 TWAS methodology for identifying neuroimaging GReX associations demon-
strates high reproducibility in internal and external validation cohorts

The UKB neuroimaging GWAS release includes summary statistics of the full 33K

subjects as well as two smaller GWA studies completed on populations subsets

comprised of 22K and 11K non-overlapping sets of individuals. As methodologi-
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Figure 2.3: Uniform manifold approximation and projection (UMAP) for cortical NIDPs The

spatial projection of cortical NIDPs according to GReX effect size pro les recapitulates brain
structure and organization. This UMAP projection of NIDPs corresponds to the GReX effect size
similarities of cortical surface area and volume measures as predicted by the Amygdala JTI model.
Similar analyses were performed for all 19 JTI models. The points in the cartesian plane are
derived exclusively from the GReX effect size vectors for each NIDP. NIDPs are colored according
to cortical region . Certain regions including the corpus callosum and the insula present as
disparate clusters in 2-dimensional space. In both cases, these clusters appear more
geographically contiguous when considering the 3-dimensional folded topology of the cortex.
Shaded areas were delineated manually.
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cal validation, we applied the TWAS pipeline to these smaller independent data
sets (Methods). Using a Benjamini-Hochberg FDR of 0.05 cutoff, we observed
6,761 distinct GReX-NIDP associations meeting the signi cance threshold in both
the cohorts of 11K and 22K participants. The GReX-NIDP associations showed
100% concordance of direction of effect between the cohorts with a GReX effect
size Spearman correlation of 0.98 (Figure 2.4A). The mean effect size of the 11K
cohort was approximately 0.050 while the mean effect size in the 22K cohort was
approximately 0.042, illustrating a small but upward bias in the 11K effect size esti-
mates (Welch's t-test p = 0.025) likely due to the well-documented winner's curse.
The raw number of nominally signi cant replicating NIDPs across all JTI mod-
els in each modality category was largely skewed in favor of quality control, T1,
and dMRI modalities (Figure 2.4B). For each NIDP modality, the mean Spearman
correlation between the cohorts was consistently greater than 0.87 (Figure 2.4C).
The mean Spearman correlation demonstrated similar consistency across all 19 JTI
models (minimum mean Spearman r of 0.80) (Figure 2.4D). The number of im-
putable genes varied with the JTI model, owing in part to tissue sample size dif-
ference during model training. We assessed the impact of model size on effect size
correlation coef cient between the cohorts through linear regression. The result-
ing p-value of 0.2 precluded attributing the variation in the effect size correlation
to variation in model size (Figure 2.4E). In summary, our pipeline identi ed highly
replicable associations between GReX and NIDPs across two independent, moder-

ately powered data sets.
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Figure 2.4: NeuroimaGene methodology validation A. The correlation between effect sizes of
tissue-matched GReX-NIDP associations shared across the neuroimaging TWAS data from the
11K and 22K cohorts. Data are plotted according to a pseudolog10 function. The trend line re ects
linear regression. Spearman's correlation = 0.98, p< 2.2e-16.B. Two-facet plot detailing statistical
characteristics of all associations (FDR< 0.05) that were signi cant in both 11K and 22K cohorts. In
the left facet the raw number of associations for each modality is included in parentheses while
the bars themselves represent the counts normalized according to the total number of NIDPs
belonging to each modality. The right panel details the mean Spearman correlation across all data
subsets. Error bars represent the 95% con dence interval. C. Vertical bar plot detailing the mean
Spearman correlation across all data subsets grouped by the JTI model of the NIDP-GReX
association. Error bars represent the 95% con dence interval. D. Scatter plot illustrating the
association between mean tissue-speci ¢ correlation coef cient and the number of genes captured
by each JTI model. The y-axis is a linear representation of the mean Spearman correlation

coef cient within each JTI model of all association effect sizes between the 11K and 22K cohorts.
The x-axis represents the number of genes assessed in each JTI model. Trendline re ects a linear
regression of correlation coef cient against JTI model size. All data in this plot are ltered
according to the Benjamini Hochberg false discovery rate threshold of 0.05.
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For replication of our ndings in an external dataset, we applied the same TWAS
pipeline used in NeuroimaGene to summary statistics from a cortical GWAS meta-
analysis (N = 51,665) published by the Enhancing Neuroimaging Genetics through
Meta-Analysis (ENIGMA) consortium ’8. The ENIGMA cortical GWAS identi ed
SNP level associations with surface area and thickness measures of 34 different cor-
tical regions. The consortium utilized raw MRI data from over 60 cohorts and per-
formed cortical parcellation according to the Desikan atlas. We selected for replica-
tion all signi cant associations (FDR < 0.05) from the NeuroimaGene resource for
the NIDPs that best corresponded to the phenotypes used in ENIGMA (Methods).
Matching these associations on JTI model, gene, and NIDP, we replicated 12.4% of
associations in the ENIGMA cohort using a strict Bonferroni signi cance thresh-
old (Figure 2.5, Methods). This level of concordance was achieved in the presence
of both diverse MRI acquisition protocols and differential in silico phenotyping of
the NIDPs. Nevertheless, these ndings should be interpreted with caution owing

to sample overlap between the two studies; 20% of participants in the ENIGMA
study are included in the UKB. Exclusion of such individuals was not possible

here owing to the reliance of our study on summary statistics.
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Figure 2.5: We compare the NeuroimaGene TWAS of cortical surface area data compared to TWAS
data derived from an external cortical GWAS conducted by the ENIGMA consortium. The vertical
axis describes NIDPs while the horizontal atlas details gene expression. The size of the points
represents the number of tissue models in which the analysis reached FDR signi cance in the
discovery cohort (blue) and the size of the red points represents the number of replicated
associations according to a nominal threshold in the ENIGMA data. Points which appear fully red
represent full replication of all UKB associations in all tissue models in the ENIGMA replication
cohort.

2.3.4 Tissue speci city of neuroimaging GReX associations provides insight
into the molecular pathways underlying neurobiology

We investigated the extent to which tissue context breadth provides meaningful

information about GReX mechanisms. First, to characterize the distribution of

GReX-NIDP associations across the 19 different JTI models, we annotated each

gene according to the total number of JTI models in which the gene was signif-

icantly associated with any brain measure (Figure 2.6A). Here we relied on the
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FDR-signi cant subset of the data as is appropriate for discovery analyses. A plu-
rality of genes demonstrated a statistically signi cant neurological association in
the context of only one single JTI model. Gene counts decreased as replication cate-
gories increased until reaching a nadir at 14. A similar pattern was observed when
considering joint GReX-NIDP associations (Figure 2.6B). Expression of some genes
was neurologically relevant in only a few tissues while for others, relevance for
genetically predicted expression was ubiquitous across tissue contexts. To explore
the functional signi cance of this distribution, we conducted a comparative Gene
Ontology enrichment analysis of tissue-speci ¢ genes against tissue-shared genes
(Figure 2.6D)®. GReX in both sets independently clustered into multiple ontology

categories, indicating the non-random nature of the identi ed associations.

34



Figure 2.6: Analysis of tissue context for NIDP-GReX associations : A. Distribution of
NIDP-associated GReX annotated on a scale according to the total number of JTI models. Genes
associated with NIDPs in a single model are shown in the column labeled 1 while those that have
signi cant associations (FDR < 0.05) with NIDPs in all 19 tissue models are captured in the column
labeled 19. The colors of each column represent the proportion of speci c tissue contexts in each.
B. Distribution of GReX-NIDP associations annotated on a scale according to the total number of
JTI models as in Figure 2.4A. The actual number of GReX-NIDP associations is shown rather than
the number of unique genes across potentially multiple NIDPs as is done in Figure 2.4A. C.
Median z-score magnitude (absolute value of normalized effect size) of GReX-NIDP associations
according to the total number of JTI models in which the association was signi cant. D. Gene
Ontology Enrichment Analysis of NIDP-associated GReX according to JTI model speci city. We
use the Cellular Components library of Gene Ontology in this analysis. E. Mean standard
deviation of replicated GReX-NIDP associations across JTI models according to the number of JTI
models. Error bars represent the 95% con dence interval.

We then assessed the relationship between the identi ed neurological impact of

gene expression and the number of tissues in which that expression is neuro-
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relevant through analysis of the mean effect size magnitudes across each category.
We identi ed a positive relationship such that GReX-NIDP associations shared
across all tested tissues showed relatively higher magnitude changes in neural ar-
chitecture (Spearman rank correlation p = 7.73e-06,r = 0.968) (Figure 2.6C). We
calculated the standard deviation of effect size magnitude for each gene in each
column and identi ed a negative relationship as tissue count replication increased

(p < 5.33e-7,r =-0.938) (Figure 2.6E). In summary, GReX-NIDP associations that
were captured across multiple JTI models demonstrated greater effect size magni-

tude with less variance across tissue models.

These data in conjunction with the previous Gene Ontology suggested that tissue-
shared GReX associations likely represent general biological processes that oc-
cur ubiquitously, while those GReX-NIDP associations identi ed in a few tissues

demonstrated more moderate, context-dependent effect sizes.

2.3.5 GReX-NIDP associations identi ed in non-brain JTI models are highly
relevant and provide information inaccessible from brain-only analyses
We assessed the signi cance of JTI model type (brain vs non-brain) with regard
to the GReX-NIDP associations. As in the previous section, we annotated each
gene according to the number of JTI models in which it was associated with a
neurological trait. Then we annotated the NIDP-associated GReX in each category
according to the type of JTI model. The rsttissue category, labeled as "non-brain”,
consists of the adrenal gland, sigmoid colon, transverse colon, pituitary, liver, and
whole blood. The rest of the brain phenotypes and the spinal cord are classi ed as

“brain”.

Genes with signi cant associations exclusively in brain JTI models were classi ed
as "unique-brain” while those that surpassed signi cance only in non-brain JTI

models were classi ed as "unique-non-brain”. Those with associations in both
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were labeled as “shared” (Figure 2.7A).

Figure 2.7: A. Bar plot showing the counts of all 7,193 GReX measures classi ed according to their
presence in brain-derived JTI models, non-brain models, or both. B. Box plot showing the median
z-score magnitude (absolute value of normalized effect size) across all NeuroimaGene NIDPs at
an FDR < 0.05. The box plot shows the interquartile range for all ndings, grouped according to
their presence in brain-derived JTI models, non-brain models, or both. C. Density plot showing
the distribution of median normalized GReX-NIDP effect sizes as measured in brain JTI models vs
the same measure as captured in non-brain tissues. Only GReX-NIDP associations shared across
both types of JTI models are represented here (N= 1,262,333, FDR corrected < 0.05). Trend line
represents a linear regression.D. Relative counts of tissue-concordant GReX-NIDP associations
that share the same direction of effect across tissue types vs those that show differing directions of
effect. E. The number of GReX associations per JTI model plotted against the number of genes in
the GTEx model, grouped by model type (brain vs non-brain). Trend lines represent linear
regression. F. Gene Ontology Enrichment Analysis of NIDP-associated GReX measures according
to JTI model type. We use the Cellular Components library of Gene Ontology in this analysis.
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As expected, the most informative GReX-NIDP associations were identi ed by JTI
models derived from brain tissue. Still, nearly 50% of GReX associations detected
in brain tissues were also detected in non-brain tissues, underscoring the potential
for non-brain tissues to serve as proxy models for the hard-to-access CNS. Ac-
cordingly, for each "shared” GReX-NIDP association, we assessed the similarity in
estimated effect size across brain and non-brain groups by comparing the median
effect sizes of the 2 tissue groups (Figure 2.7C). GReX-NIDP associations captured
across both brain and non-brain models demonstrated high consistency in cross

tissue-type effect size directions (Figure 2.7C,D).

We noted with interest that there were over 1,700 genes for which GReX exclu-
sively outside of the brain was signi cantly associated with neurophysiological
traits (Figure 2.7A). This seemed to suggest that transcriptomic variation outside
the CNS was highly relevant to brain physiology. The median effect size magni-
tude of GReX associations in non-brain tissues was signi cantly lower than that of
brain tissues (p < 2.2e-16); however, the difference was small, with the median ef-
fect size falling within the interquartile range for the brain data (Figure 2.7B). One
example of a non-brain gene is GALK1 which encodes the metabolic enzyme galac-
tokinase 1. This gene is responsible for metabolizing galactose, a function which
occurs almost exclusively in the liver 9. Mutations in this gene have been asso-
ciated with brain damage °* and similarly, we observe novel associations between
predicted expression of GALK1 and a variety of white matter measurements. In ac-
cordance with the liver-speci ¢ functioning of galactokinase, all NIDP associations

for GALK1 expression are derived exclusively from the liver JTI model.

Each JTI model involves a variable number of genes. The ratio of total neurophys-
iological associations derived from each JTI model to the number of genes in each

tissue model thus re ects a measure of marginal information gained per additional
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gene. We compared these ratios among the JTI models (Figure 2.7E) and found that
the amount of information gained by increasing the size of non-brain tissue mod-
els was not statistically different than the information gained by increasing the size
of brain JTI models (p = 0.949). While brain tissue retained an absolute advantage
over non-brain tissues, the marginal gain in neurophysiological information from

each new gene was the same across brain and non-brain models.

To characterize the functional rami cations of this geographic partitioning, we
conducted comparative Gene Ontology analysis, contrasting the "unique brain”
NIDP-associated GReX with the "unique non-brain” NIDP-associated GReX 8L, For
genes exclusively associated with NIDPs via brain JTI models, there was again
heavy enrichment in cell projection pathways as are involved in axonogenesis and
dendrite formation. In non-brain tissues, there was an enrichment in pathways

re ecting cellular metabolism and cell signaling (Figure 2.7F).

2.3.6 NeuroimaGene application to schizophrenia recapitulates and extends
upon previously documented observations
The most recent GWAS meta-analysis identi ed 263 trait associated loci. The mapped
variants support a narrow sense heritability of 60-80% 2°. Independently, clini-
cal neuroimaging studies demonstrate statistically signi cant differences of brain
morphology in the context of SCZ relative to healthy control participants. Interpre-
tation of these ndings is complicated as some brain changes may be secondary to
disease progression while others may re ect the biology driving disease. We hy-
pothesized that a subset of SCZ-associated neuroimaging features are in uenced
by the genetically determined expression of SCZ-associated genes. To test this
hypothesis, we rst identi ed SCZ-associated NIDPs from the large standardized
clinical neuroimaging study. Performed by the ENIGMA consortium, this study

identi ed 33 cortical NIDPs and 12 subcortical NIDPs associated with SCZ. We
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then identi ed corresponding NIDPs from the UKB neuroimaging study, match-

ing on atlas parcellation, region name, and measurement type (Methods) 685 We
next sought to identify SCZ trait-associated genes. A TWAS of the most recent
and largest SCZ GWAS meta-analysis to date identi ed 63 SCZ-associated genes
(Methods) 8. Of these genes, 50 were tested in the NeuroimaGene resource. These
data represent 3 intersecting aspects of biology: GReX-NIDP associations from
NeuroimaGene, NIDP-SCZ associations from the ENIGMA study, and SCZ-GReX
associations from the GWAS/TWAS analysis (Figure 2.8A).
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Figure 2.8: NeuroimaGene application to SCZ informs clinical neuroimaging ndings: A.
Schematic overview. B. Derivation of maximally discriminatory signi cance threshold.

Comparison of total associations between SCZ GReX and SCZ NIDPs (sczct) and total
associations between random GReX and SCZ NIDPs (null_ct) at different p-value thresholds. The
teal data represent the number of signi cant associations between random gene sets and SCZ
NIDPs at each p-value threshold. The pink data represent the actual number of signi cant
associations between SCZ genes and SCZ NIDPs at each p-value thresholdC. Quanti cation of
SCZ GReX associations with SCZ NIDPs compared to a null distribution atp ~ 0.005. The
experimental gene set represents the set of GReX measures associated with SCZ according to
Trubetskoy et al. The histogram represents the distribution of associations between 1000 random
equally sized gene sets and SCZ NIDPs. The line in red represents the limit of association counts
exceeded by only 0.05 of the random gene sets. The blue line represents the number of total
associations between SCZ-associated NIDPsD. Visualization of the surface area, thickness, and
volumetric consequences of GReX for schizophrenia-associated genes as detected in the Desikan
Atlas using fsbrain. The effect sizes are corrected for LD contamination via Mendelian
Randomization (MR-JTI). E. Distribution of MR-JTI signi cant associations between GReX of SCZ
GReX and SCZ-associated NIDPs with signi cance values  0.005. Measures of polygenicity for
individual NIDPs within the context of SCZ can be observed across the x-axis. The pleiotropic
effects of SCZ GReX on SCZ NIDPs can be observed along the y-axis.
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2.3.7 SCZ NIDPs are more strongly associated with GReX of SCZ associated
genes relative to the full imputed transcriptome

We used the NeuroimaGene resource to identify all detected associations between

SCZ GReX and SCZ NIDPs. We then derive the maximally discriminatory p-

value through polygenic risk score-style signi cance thresholding (Methods, Fig-

ure 2.8B,C, Figure 2.9). Atp 0.005 and after adjustment for horizontal pleiotropy

through MR-JTI (a Mendelian randomization framework) %4, we identi ed 147 causal

associations between GReX of SCZ associated genes and clinical SCZ-associated

NIDPs (Figure 2.8D-E). These associations highlighted 33 NIDPs re ecting cortical

and subcortical morphology and involved 16 genes.

The largest effect size magnitudes were observed for thickness of the right parahip-
pocampal gyrus and volume of the right hippocampus — regions which have been
repeatedly associated with SCZ risk and severity. °® Our analysis extends upon
this work by establishing that genetically determined transcription of the SCZ risk
genesINO8OE and MAPKS3 are associated with morphology of these NIDPs, inde-

pendent of disease.

We wish to highlight how the integration of NIDPs with GReX analyses repre-
sents a synergistic approach to examining disease pathophysiology. First, this ap-
proach provides regional and spatial context to gene transcription. While the im-
munoglobulin glycoprotein EMB is already associated with SCZ, we provide evi-
dence that its expression level in the blood causally impacts the volume of the right
amygdala. This region is altered in individuals with SCZ and plays a role in modu-
lating fear and anxiety — processes that are related to the paranoia commonly expe-
rienced in this population °%:%7. Second, this approach provides molecular context
to the macrostructural changes observed in the disease. While the right amygdala

is typically smaller in individuals with SCZ 85, our data build upon this knowl-
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Figure 2.9: NIDP speci ¢ p-value optimization from SCZ analysis: A. Comparison of unique

NIDPs in the set of associations between SCZ GReX measures and SCZ NIDPs (scnidp) and
unique NIDPs between random GReX measures and SCZ NIDPs (null _nidps) at different p-value
thresholds. B. Difference plot detailing the total number of associations and unique nidps in those
associations between SCZ GReX measures and SCZ NIDPs (scet/ scz _nidp) minus the total
number of associations between random GReX measures and SCZ NIDPs (nullLct/ null _nidp) at
different p-value thresholds. C. Quanti cation of unique NIDPs in SCZ GReX associations with
SCZ-NIDPs compared to a null distribution at p 0.005. The experimental gene set represents the
set of GReX measures associated with SCZ according to Trubetskoy et al. The histogram
represents the distribution of unique NIDPs in associations between 1000 random equally sized
gene sets and SCZ-NIDPs. The line in red represents the limit of NIDP counts exceeded by only
0.05 of the random gene sets. The blue line represents the number of unique NIDPs in associations
between SCZ-associated endophenotypes.
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edge by providing evidence that the region is in uenced by expression of INOS8OE,
MAPK3, and EMB (all of which are implicated in mediating SCZ risk) 8. In this
work, we thus highlight a subset of SCZ neuroimaging ndings that are affected by
SCZ genetics independently of disease process and partition these NIDPs accord-
ing to their transcriptomic effectors. While we present individual associations, we
do not yet have suf cient evidence to make claims about the contribution of these
genes to speci ¢ symptoms associated with amygdala function in the context of

SCZ.

2.4 Discussion

In NeuroimaGene, we provide a publicly available resource for examining neuro-
logical correlates of genetic variation. The number of studies identifying associa-
tions between genetic variation and neuropsychiatric traits is constantly increas-
ing and so too does the importance of enriching these observational studies with
data on a wide array of intermediate phenotypes. By characterizing the impact of
genetically regulated gene expression on diverse measures of brain structure and
function, we provide a tool that is broadly applicable to questions of development,

neural maintenance, neurodegeneration, cognition, and psychiatric health.

The resource leverages joint-tissue imputation enriched models which have been
demonstrated to outperform traditional single-tissue models 4. By analyzing mul-
tiple tissues rather than performing a single cross-tissue analysis, we retain infor-
mation on the geographic partitioning of predictive and causal GReX variation.
This is enhanced by the inclusion of non-brain tissues. The breadth of NIDPs char-
acterized by the UKB and subsequently described here represents a major advan-
tage of this resource as well. There is substantial variation in how different cortical,
subcortical, and DTI atlases parcellate the brain. Because NeuroimaGene includes

a wide variety of such atlases, conversion between atlases is rarely necessary when
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searching for GReX associated with an NIDP of interest.

The utility of GReX as an informative endophenotype for neurological features
is strongly underscored by the clustering analyses wherein we recapitulate the 2-
dimensional structure of the human cortex and subcortex, using the effect size of
the genetically predicted transcriptome alone. The highly signi cant replication
of associations across the two independent population subsets and a third external
data source further demonstrates the strength of our approach. Additionally, strat-
ifying the neuro-relevant genes according to tissue speci city followed by Gene
Ontology analysis demonstrated that tissue speci city approximates differentia-
tion. The genes with tissue-shared GReX associations clustered into pathways that
re ect housekeeping functions such as cell membrane integrity and mitochondrial
function. For example, the GReX of TRIT1 has statistically signi cant associations
with NIDPs in all 19 tested tissues. This gene encodes a protein targeted to the
mitochondria that modi es tRNA to maintain correct reading frame during trans-

lation, a process that is ubiquitously important to cell survival %8,

Conversely, the genes with tissue-speci ¢ GReX associations included pathways
re ecting cell projections such as those required for dendrite and axon formation
and cell junctions. One such gene is CACNB2 which is translated into the Cal-
cium Voltage-Gated Channel Auxiliary Subunit Beta 2 which participates in the
specialized synaptic cell junction of neurons. GReX of CACNB2 demonstrated sta-
tistically signi cant associations with NIDPs only in Putamen Basal Ganglia. These
categories illustrate the relevance of both general and highly cell-speci ¢ processes
in the healthy development of the human brain. While associations shared across
tissues, as are prioritized by cross-tissue analyses, capture a high-con dence set
of associations with larger and more uniform effect sizes, they miss some associ-

ations captured in single-tissue analyses that are re ective of greater differentia-
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tion/speci city.

Clinically, the link between bodily health and neuropsychiatric health is well-established,
with conditions such as hepatic encephalopathy and pheochromocytoma-induced
panic disorder representing high visibility instances. Using 6 non-brain tissues
with a priori evidence for neurological relevance, we present data suggesting that
transcriptomic variation in tissues outside the brain has important effects on neu-
rological homeostasis that are large enough to be captured by neuroimaging meth-

ods.

By prioritizing SCZ-associated GReX, these data support a genetic basis for corti-
cal morphology changes observed in SCZ. Furthermore, we provide speci c gene
candidates for which expression variation may be driving these cortical changes.
This approach is generalizable to conditions with signi cant heritability and neu-

roimaging correlates.

This work is limited by several factors. First, regulatory genomic architecture and
linkage disequilibrium (LD) scores translate poorly across populations of differ-
ent ancestral backgrounds. As the NeuroimaGene resource was generated from
samples of primarily European ancestry, the portability of the ndings to other
populations remains unclear. In future studies, we hope to leverage a broader
range of data as reference transcriptome resources become available for less well-
characterized populations. Second, the use of MR controls for horizontal pleiotropy
at the level of SNPs; however, we do not control for confounding that is mediated
through genetic co-expression?®. Though mitigated by using JTI models trained on
SNPs in cis with their gene targets, the potential of co-expression limits the rigor of
causal inference and necessitates the use of functional studies to validate ndings.
The presence of some sample overlap between the ENIGMA and UKB data is a

limitation of our external replication analyses, potentially in ating the replication
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rate.

SNP variation can affect a phenotype through many different mechanisms. By
measuring the impact of SNPs only on gene expression, our approach does not
capture the proportion of narrow-sense heritability mediated through other mech-
anisms®8. This loss in breadth is redeemed by the increase in mechanistic speci-
city. Because our source data comes from healthy individuals, neuroanatomical
changes exclusive to disease-causing variants will be poorly covered®®. Because
GReX is a continuous exposure, we anticipate that some neurological predisposi-

tion will be present in the brains of individuals with non-realized genetic risk.
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CHAPTER 3

Neuroimaging Transcriptomics and Genomics in Alzheimer's Disease

3.1 Introduction

Alzheimer's disease (AD) is a complex polygenic neurodegenerative disorder with
an estimated 60%-80% genetic heritability1°%101 The high genetic component of
AD provides the opportunity to leverage genetic studies in characterizing the molec-
ular basis of AD risk. Genome-wide association studies (GWAS) of AD clinical di-
agnosis'92-193 GWAS of AD family history 194 GWAS of parental AD status (GWAS
by proxy) 194 and rare variant analyses? have all identi ed a host of SNPs that are
associated with AD related phenotypes. Effective use of this information requires

examining how these SNPs might inform the biology underlying AD risk.

A range of approaches to integrate SNP and gene-level associations with neu-
roimaging data have emerged under the class of brain imaging genomics. Promi-
nent single-nucleotide polymorphism (SNP)-driven approaches include BrainX-
canl%, brain-wide GWAS 197, and image-wide association studies (IWAS) both in
the uni- and multivariate forms 198109 The use of SNPs as predictor variables sub-
jects these approaches to two limitations. First the biological effect of SNPs is un-
clear and often challenging to elucidate thus limiting the mechanistic utility of the
results*10. Second, the genome is uniform across the different tissues and cells
in a person's body. The statistical signal linked to biochemical risk factors that
are speci c to certain tissues, organs, or cells can be attenuated when performing

SNP-level associationst!1,

The transcriptome wide association study (TWAS) method has emerged as a lead-

ing means of extracting gene-level associations from SNP datal?3° This approach
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is a multivariate test that leverages pre-existing expression prediction models to
quantify the effect of trait-associated SNPs on the expression of a particular gene 3°.
The TWAS approach quanti es the statistical signi cance of the association be-
tween genetically regulated expression (GReX) and AD phenotypes. TWAS is of
particular interest in disease analyses because genes patrticipate in known biologi-
cal and cellular contexts. Leveraging SNP data to identify gene-level associations
improves mechanistic interpretability and offers an incisive view into the biology

underlying risk 112,

Here we seek to identify gene-level risk factors of AD, characterize their neuro-
logical and biochemical correlates in study cohorts without clinical AD, and com-
pare these results to cohorts with AD. The UK Biobank (UKB) neuroimaging study
provides data on brain structure for thousands of patients with different forms of
genetic risk for AD including family history, AD by proxy, and transcriptomic sig-
natures of AD 7®66.113 e identi ed neuroimaging features associated with SNP
and gene-level correlates of AD risk. Of particular interest were the subset of neu-
roimaging features that matched regions of the brain known to differ in cohorts

with clinical AD.

A major strength of these analyses is that the neuroimaging measures implicated in
our genetic analyses are derived from a set of largely healthy individuals, thereby
avoiding confounding introduced by disease-mediated brain changes °°. Given the
liability model of complex disease, we expect that the mechanistic relationships
between gene expression and brain structure apply to individuals irrespective of
disease status1!* For each set of AD-risk associated NIDPs, we evaluated the en-
richment for clinically validated neuroimaging measures that were observed to
be altered in a recent, large AD cohort neuroimaging analysis '° (Figure 3.1). By

integrating data from patients with con rmed AD and those with only elevated
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molecular risk, we investigated the value of using omics-driven neuroimaging
analyses to understand disease in AD populations. Through this multidisciplinary
approach, we present a network of relationships linking diverse Alzheimer's en-

dophenotypes into an interconnected system of biological variables.
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Figure 3.1: In evaluating the effect of common risk variants for Alzheimer's on neuromorphology,
we begin with 3 different population studies. Listed at the periphery of the gure, these include 2
case control studies of Alzheimer's disease (AD) and one case control for family history of
Alzheimer's disease. We pair each disease study with the MRI neuroimaging cohort study
performed by the UKB. Genome Wide Association Studies (GWAS) of all four cohorts generate
bodies of trait associated common variants which comprise the second ring of results. We then
take multiple different approaches to evaluate how AD risk SNPs intersect with the genetic
architecture of neuromorphology. Our primary analysis is a gene-based approach in which we use
the TWAS methodology to identify gene expression measures associated with both AD and
Neuroimaging measures. These gene expression features highlight neuroimaging features that are
associated with expression of AD associated genes (top right of inner ring). Our secondary
analyses examine both local and global genetic correlation between neurocimaging SNPs and AD
risk SNPs. This work highlights neuroimaging measures that are associated with the genetic
architecture of AD diagnosis (bottom right) and AD family history (bottom left). This internal ring
describes three sets of neuroimaging measures associated with genetic/transcriptomic risk for
AD. We then incorporate clinical neuroimaging studies of AD patients to identify which

genetically derived neuroimaging measures that converge with patient-derived brain changes.
LOAD - Late Onset Alzheimer's Disease
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3.2 Methods

3.2.1 Alzheimer's disease (AD) GReX identi cation

We identi ed a set of genes with GReX associated with AD from a previously com-
pleted analysis192. Chen et al. reported 32 genes whose GReX is associated with
AD disease status relative to healthy controls as determined in participants from
the International Genomics of Alzheimer's Project (IGAP) and Alzheimer's Dis-
ease Genetics Consortium (ADGC). These associations were determined using the
MetaXcan cross-tissue TWAS framework using exclusively brain tissues. 116 Fol-
lowing causal inference via Mendelian randomization (MR) in their study, 23 of
the gene-level associations retained statistical signi cance. We included the GReX
of these 23 genes as input variables for our image-agnostic analysis documented

below.

3.2.2 Image-agnostic analysis and multiple testing correction

For the image-agnostic analysis, we examined associations between the previously
described 23 AD-TWAS genes and the morphology of cortical and subcortical NIDPs

as generated by the FIRST and FAST image segmentation protocols (Figure 3.4317:118.79
For this analysis, we utilized the NeuroimaGene resource described in Bledsoe et
al.1*¥(Figure 3.2). We opted for an atlas-wide FDR of p<0.05 as our signi cance
threshold. Next, we applied the Mendelian randomization Joint Tissue Imputation

pipeline (MR-JTI) to perform post hoc causal inference on these associations®*,

3.2.3 ldenti cation of AD-associated NIDPs

Westman et al. use magnetic resonance imaging (MRI) scans of 699 subjects (AD,
MCI, and controls) from the Alzheimer's Disease Neuroimaging Initiative to iden-
tify measures of the brain that differ between patients according to disease sta-
tus 1%, Unlike individuals in the UKB, these patients are recruited from the United

States and Canada. They applied the FreeSurfer pipeline uniformly to scans from
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all patients to generate neuroimaging phenotypes corresponding to regional vol-
ume, cortical volume, surface area, and thickness. The atlases used for the parcel-
lation of cortical and subcortical regions include the Destrieux atlas, the Desikan

atlas, and the initial subcortical atlas reported in Fischl et al. 2002, 120.84.121

Figure 3.2: Analytical overview: Overview of all analyses performed in this paper with resources
and results in color and primary analytical method indicated in greyscale.

Westman et al. generated a prediction model trained on the neuroimaging mea-
sures for discriminating between patients with and without AD.  11° Additionally,
they reported the covariance of each neuroimaging measure with disease status
as well as the con dence interval. We prioritized the 59 neuroimaging measures
that demonstrate covariance with disease status and do not include zero within the
con dence interval. The UKB includes neuroimaging measures derived from the

same segmentation atlases as employed by Westman et al. However, the NIDPs

53



in Westman et al. represent the average of the left and right hemispheres while
the UKB reports hemisphere-speci ¢ data. For each signi cant covarying NIDP in
Westman et al., we selected the corresponding regions in both the left and right

hemispheres aligned by the FreeSurfer segmentation atlas.

Control for multiple testing is described below. 57 of the 59 NIDPs reported by
Westman et al. are represented in the NeuroimaGene resource with cortical mea-
sures duplicated in the left and right hemispheres 1°. The absent phenotypes re-
sulted from a lack of signi cant SNP-based heritability and failure of quality con-
trol in the neuroimaging phase of the UKB data generation. Including cortical
regions duplicated in the right and left hemispheres, we selected a total of 110 of

these NIDPs as AD-informative NIDPs for conducting image-directed analyses.

3.2.4 Multiple testing corrections for the image-directed analysis

Previous work demonstrates that gene expression is highly correlated and there-
fore non-independent across tissue contexts®. Therefore, we rely on the study-
wide Benjamini-Hochberg false discovery rate (FDR) threshold of 0.05 which has

been demonstrated to reduce type 2 error1?2,

3.2.5 Tissue context validation in the Human Protein Atlas

The Human Protein Atlas (HPA) provides bulk RNA sequencing (RNA seq) data
collected across 253 different tissues and spanning 19,023 gene$. We accessed
the data release that includes only information from HPS study participants in-
stead of the consensus data to avoid sample overlap with GTEx. To validate the
tissue contexts in which the AD-GReX associations were identi ed, we rst se-
lected the genes from the association analysis on the full catalog of NIDPs that
demonstrate signi cant causal effects on both AD and neuroimaging measures in

MR. We then identi ed the tissue contexts in which these associations reached
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signi cance 4 (Table 3.1). We next mapped these tissues to those included in the
HPA according to their neuroanatomic identi ers. For each gene, we identi ed

the measured expression across all 253 tissues from the HPA. We scored tissues on
a sliding scale from O (lowest measured gene expression) to 1 (highest). We then

ranked each tissue-gene pair according to the score of the tissue.
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JTI Tissue HPA Tissue Name

JTI,Adrenal _Gland adrenal gland
JTI.Colon _Sigmoid colon
JT.Colon _Transverse colon

JTI.Brain_Anterior _cingulate cortex_.BA24 anterior cingulate cortex, supragenual-dorsal
JTI.Brain_Anterior _cingulate cortex_.BA24 anterior cingulate cortex, supragenual-ventral
JTI.Brain_Anterior _cingulate cortex_ BA24 anterior cingulate gyrus, pregenual-dorsal
JTI.Brain_Anterior _cingulate cortex_ BA24 anterior cingulate gyrus, pregenual-ventral
JTI.Brain_Anterior _cingulate cortex_ BA24 anterior cingulate gyrus, subgenual
JTI.Brain_Frontal_Cortex_BA9 dorsolateral prefrontal cortex
JTI.Brain_Frontal_Cortex_BA9 dorsomedial prefrontal cortex

JTI_Brain_Hippocampus
JTI_.Brain_Hippocampus
JTI_.Brain_Hippocampus
JTI_.Brain_Hippocampus
JTI.Brain_Substantia_nigra
JTI.Brain_Caudate_basal ganglia
JTI.Brain_Nucleus_accumbensbasal ganglia
JTI.Brain_Putamen_basal ganglia
JTI.Brain_Cerebellar_Hemisphere
JT1.Brain_Cerebellum
JTI.Brain_Hypothalamus
JTI.Brain_Hypothalamus
JTI.Brain_Hypothalamus
JT1.Brain_Hypothalamus
JTI.Brain_Amygdala
JTI.Brain_Amygdala
JTI.Brain_Amygdala
JTI.Brain_Amygdala
JTI.Brain_Amygdala

hippocampus
hippocampus, CA1
hippocampus, CA2
hippocampus, CA3
substantia nigra
caudate nucleus
nucleus accumbens
putamen

cerebellar cortex
cerebellar cortex
dorsomedial nucleus
lateral hypothalamic area
supraoptic nucleus
ventromedial nucleus
amygdala

basal amygdala

central amygdala
corticomedial amygdala
lateral amygdala

JTI.Brain_Spinal_cord _cervical_c-1 cervical spinal cord, central gray
JT1.Brain_Spinal_cord _cervical_c-1 cervical spinal cord, dorsal horn
JT1.Brain_Spinal_cord _cervical_c-1 cervical spinal cord, ventral horn
JTI Liver liver

JTI.Brain_Cortex null

JTIPituitary null

JT1.Whole _Blood bone marrow

Table 3.1: Mapping between JTI tissue names and HPA tissue names
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3.2.6 Genetic correlation of AD family history and brain structure

We identi ed loci associated with the parental status of AD from a GWAS meta-
analysis published by Marioni et al. from over three hundred thousand indi-
viduals from the UKB 104 (Figure 3.3). We conducted genetic correlation analy-
sis between each NIDP in the UKB and questionnaire-based AD parental status
using summary statistics in linkage disequilibrium score regression (LDSC) (Fig-
ure 3.7)1%4 Linkage disequilibrium (LD) scores were derived from the subset of
European data from the 1000 genomes project?>. We retained NIDPs with nomi-

nally signi cant genetic correlations.

Figure 3.3: AD family history in UK biobank according to parental status: Distribution of
individuals in the UK Biobank with and without self-reported parental history of Alzheimer's
disease with positive cases split according to the parent.

3.2.7 Genetic covariance of AD and structural NIDPs
We identi ed loci associated with clinical/pathology-con rmed AD from the GWAS

meta-analysis performed by Kunkle et al. (N cases= 35,274, Niontrols = 59,163)95,
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We then performed genetic covariance analyses between 490 structural NIDPs, in-
cluding those from the Desikan, DKT, and Fischl subcortical atlas, and AD status
utilizing GeNetic cOVariance Analyzer (GNOVA) 126, GNOVA is robust to sample
overlap between GWAS datasets. Signi cance was de ned as FDR < 0.05. Ad-
ditionally, we applied GNOVA to test for the genetic covariance between AD 103
and 46 NIDPs measured from the hippocampus, applying the same signi cance

threshold as above.

3.2.8 Local genetic covariance of AD family Hx and brain structure

We investigated the local genetic covariance between parental AD status (using the
Marioni et al. 1% GWAS) and each previously implicated structural NIDP associ-
ated with GReX of previously implicated genes, using the SUPER GeNetic cO-
Variance Analyzer (SUPERGNOVA) tool 127.  SUPERGNOVA leverages LDetect
to partition the genome into local LD blocks for examining local genetic covari-
ance among each GWAS pairt?8. Signi cance was de ned as the nominal SU-
PERGNOVA p < 0.05. In addition, we required the nominally signi cant genetic
covariance signals to fall within 2 megabases upstream and downstream of the

corresponding gene (based on genome build37 coordinates).

3.2.9 Phenotypic correlation of NIDPs and AD family history

We assessed the signi cance of empirical measurement differences in NIDPs across
individuals with and without family histories of AD in the UKB. Individuals were

rst classi ed by family history of AD according to the disease code 29626 (Alzheimer's
Disease) as occurring in either of the two data elds, “llinesses of Father” and “llI-
nesses of Mother”. Each individual was also tagged with data elds for sex, age at
recruitment, and AD diagnosis to be used as covariates and Itering criteria. We
excluded individuals with neurologic diagnoses according to the presence of “G”

category ICD codes as well as individuals with cerebrovascular accidents as noted
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by the “I6” pre x to ICD codes. Given the use of sex as a covariate, we excluded
those individuals for which the biological sex demonstrated a discrepancy with

the reported sex.

We rst tthe NIDP data to a Weibull distribution using a Cullen and Frey chart.

We then regressed the NIDP against family history of AD with sex and age at re-
cruitment as covariates. Using the Generalized Additive Models for Location Scale
and Shape package in R, we performed this regression against a Weibull distribu-
tion: NIDP ADfamHx * Sex * “Age at recruitment” (Figure 3.8A) 129 NIDPs with
distributions that did not match the Weibull distribution were evaluated accord-
ing to a normal distribution. Signi cant association of AD family history with a
NIDP was de ned as p < 0.05. We repeated this analysis for the subset of NIDPs
that demonstrated nominally signi cant correlation with AD family history (Fig-

ure 3.8C).

3.3 Results

3.3.1 Effects of AD-associated GReX on clinical NIDPs

We rst wanted to identify instances where AD-associated genes demonstrated
statistically signi cant associations with AD-associated NIDPs in a cohort of in-
dividuals without AD. NeuroimaGene is an atlas of associations of GReX with
NIDPs 11°, We leveraged NeuroimaGene to further characterize genes previously
identi edin AD TWAS 192through their associations with AD-associated NIDPs 119,
Statistical signi cance was de ned as Benjamini-Hochberg FDR threshold of 0.05.
We then assessed causality using MR-JT$4. We identi ed three signi cant causal
effects of AD-associated GReX on NIDPs noted to differ in AD patients. PSMC3
was found to be causally related to the volume of the ventral diencephalon in three
tissues (caudate, putamen, and cerebellum). ThePSMC3gene encodes ATPase 3

protein for the 26S proteasome. The full proteasome complex cleaves peptides in

59



an ATP-dependent manner (Figure 3.4). The ventral diencephalon involves multi-
ple subcortical structures including the hypothalamus, mammillary body, subtha-
lamic nuclei, substantia nigra, red nucleus, lateral geniculate nucleus (LGN), and

medial geniculate nucleus (MGN).

Figure 3.4: Clinically informed NeuroimaGene analysis of AD: A. Visual summary of clinically
informed GReX-NIDP association test. We test for statistically signi cant associations between AD
eGenes from a pre-existing TWAS and NIDPs identi ed from a clinical AD neuroimaging

analysis. B. GReX of PSMC3is associated with the volume of the ventral diencephalon according
to 3 different gene expression models trained in the Caudate, Putamen, and Cerebellum. PSMC3
encodes the protein Rpt5 which acts as an ATPase involved in substrate translocation in the 26S
proteasome complex.
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3.3.2 Atlas-wide associations of AD GReX and cortical NIDPs

We next sought to identify NIDPs associated with AD-genes independently of clin-
ical neuroimaging studies. As previously noted, clinical AD affects major changes
on brain structure that may mask neuroimaging signatures associated with prodro-
mal or preclinical AD. We conducted a wider examination of associations between
GReX of AD-associated genes and T1-derived cortical and subcortical NIDPs from
the FIRST and FAST® cortical and subcortical segmentation protocols, which
have previously been used in neuroimaging studies of AD 130131 For FDR sig-
nicant(p < 0.05) GReX-NIDP associations, we tested for causal effects using MR-
JTI%4. This approach identi ed ve AD-associated genes with putatively causal
effects on 13 NIDPs (Figure 3.5). Again,PSMC3shows the most GReX-NIDP asso-
ciations, appearing signi cant in ve tissues. The GReX-NIDP associations for the
remaining genes ACP2, BIN1, DMWD , and SLC39A13with causal evidence were

signi cant in a single tissue.
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Figure 3.5: Image agnostic NeuroimaGene analysis of AD: A. Schematic of TWAS intersectional
methodology for the image agnostic approach. B. Schematic of horizontal pleiotropy mediated by
linkage disequilibrium and the role of Mendelian randomization in pleiotropy control. C.
Neuroimaging gene expression associations resulting from the image agnostic analysis. Data
points represent statically signi cant associations between AD eGenes (x-axis) and NIDPs
representing cortical and subcortical parcellations of the brain (y-axis). The color of each tile
represents the number of tissue-speci ¢ gene expression models in which the
eGene-neuroimaging association reached statistical signi cance in the MR-JTI causal inference
analysis. The shape of the point speci es the lateral localization of the region to either the left or
right hemisphere.

3.3.3 Gene expression validation in the Human Protein Atlas

We hypothesized that assessing tissue speci city of AD gene expression could fa-
cilitate identi cation of the tissue of action. Therefore, we examined the tissue
speci city of the signi cant genes identi ed in our NeuroimaGene analyses in a
second RNAseq data source. The HPA provides bulk RNAseq data collected across
253 different tissues and spanning 19,023 genes. Of the 7 tissues represented in sig-
ni cant gene-tissue associations from our atlas-wide analysis, 6 were available and

5 genes were found to be expressed in the discovered tissue in the HPA (Figure 3.6).
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Figure 3.6: HPA validation of spatial gene expression: Tissue speci ¢ expression data of
transcripts derived from the image directed analysis of Alzheimer's neuroimaging data.
Expression data are derived from RNA-sequencing measurements with values expressed by
normalized transcripts per million (TPM) and ranked by percentile.

Then to assess the speci city of expression in the full catalog of available tissues,
we ranked all 253 available tissues according to the measured expression (Meth-
ods). We found these 5 AD-associated genes to be most highly expressed in the
discovery tissue. Four of the ve MR-signi cant genes showed evidence of causal-
ity in a single tissue. All four of these genes were expressed in the corresponding
tissue in the HPA. Notably, PSMC3was found to be expressed in the HPA in the
same ve discovery tissues. Expression of PSMC3in the caudate nucleus is in the
95th percentile of all 253 tissues in the HPA. This nding is consistent with the ob-

served association of PSMC3GReX in the caudate, putamen, and cerebellum with
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volume of the ventral diencephalon. Overall, the functional relevance of the dis-
covery tissues from the NeuroimaGene resource is largely con rmed in a second,

independent cohort.

3.3.4 Genetic correlation of AD family history and structural NIDPs

In order to examine the neurological consequences of SNP mediated AD risk, we
tested the hypothesis that genetic correlation between family history of AD and
NIDPs would implicate AD-associated NIDPs. We used parental status as a proxy
for genetic AD risk. We performed genetic correlation analyses using GWAS sum-
mary statistics for AD parental history and cortical and subcortical NIDPs from the
UKB. Nineteen neuroimaging measures from the Desikan Atlas were nominally
signi cantly correlated (p < 0.05) with parental AD status, illustrating a shared
genetic architecture. These neuroimaging traits included measures of the surface
area, volume, or thickness of 9 different cortical regions in the left or right hemi-
sphere (Figure 3.7). These cortical regions have been associated with prodromal

AD according to Braak staging of both amyloid and tau progression 132,
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Figure 3.7: Genetic correlation of NIDPs and AD family history: Nominally signi cant global
genetic correlations between neuroimaging derived phenotypes and family history of Alzheimer's
disease. Genetic correlation was calculated using linkage disequilibrium score regression
correlation analysis. Neuroimaging features that were signi cantly correlated with AD family
history in both the Desikan and DKT atlas are bolded. NIDPs that were signi cantly correlated
with AD family history and demonstrated signi cant covariance with AD status are marked with
the double asterisk.

3.3.5 Genetic covariance of AD status and structural NIDPs

We next assessed the genetic covariance between con rmed AD status and struc-
tural NIDPs processed using Fischl subcortical, Desikan, and DKT atlases as well
as the NIDPs measured from the hippocampus. We leveraged summary statistics
from the GWAS meta-analysis performed by Kunkle et al. in 2019 to character-

ize genetic covariance of AD and structural NIDPs 103, After applying GNOVA,
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we identi ed FDR signi cant genetic covariance between AD and the volume of
the cuneus, the thickness of the cingulate gyrus (isthmus), and the surface area
of the right pars opercularis across the Desikan and DKT atlas. Additionally, we
identi ed FDR signi cant genetic covariance in the right and left surface area of
the insula from the DKTatlas and the volume of the left transverse temporal gyrus
from the Desikan atlas. The volume of putamen on both hemispheres processed

through automatic subcortical segmentation reached FDR signi cance.

3.3.6 Local genetic covariance of AD family history and structural NIDPs

The TWAS of AD family history and genetic covariance analysis converged on
two overlapping associations. These two results are the associations between the
MS4A4E expression level and the cortical thickness of the pars orbitalis and isth-

mus cingulate regions in the right hemisphere from the Desikan atlas.
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Figure 3.8: Summary of Findings across Neuroimaging “omics of AD: A. Neuroimaging features
associated with AD family history. The x-axis represents the surface area, volume, and thickness
of cortical and subcortical regions as determined by the UKB. The y-axis represents the negative
log of the effect size magnitude. This measure re ects the effect size between having a family
history of AD and the measurement of the region adjusted for sex, and age. Findings with
nominally signi cant p-values (p 0.05) are solid triangles. B. We categorize each neurocimaging
derived phenotype according to the named brain region it describes (y-axis). the x-axis represents
the number of imaging features. The solid red represents the nominally signi cant associations
while the pale red represents those associations that did not reach signi cance. C. Using the same
named regions of the brain, we analyze the subset of neuroimaging derived phenotypes that
demonstrate nominally signi cant (solid purple) global genetic correlation with AD family

history. D. Tile plot detailing neuroimaging features (x-axis) that were achieved nominally

signi cant associations with at least 2 AD-related variables (y-axis). Signi cant NIDP-phenotype
associations are colored deep blue while insigni cant associations are light blue. Those
associations that were not evaluated (N.E.) are shaded grey.
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3.4 Discussion

Many studies have been dedicated to identifying neuroimaging and gene expres-
sion correlates of AD 109:133.134102,135 Hare e performed analyses leveraging
large extant resources to integrate genetic risk factors of AD, genetic predictors of
expression, and genetic predictors of NIDPs to extend our mechanistic and func-
tional understanding of AD risk. We present rigorous statistical evidence linking
the expression of known AD risk genes with the morphology of speci ¢ brain re-
gions known to be altered in patients with disease. We used genetic covariance to
show that having either a family history of AD or a diagnosis of the disease are
both associated with changes in neuromorphology that can be detected via neu-

roimaging.

The top NIDPs implicated in our analyses involve regions observed to differ in
patients with AD (Figure 3.8D). The increase of CSF volume in response to global
cortical atrophy is our top nding and a well-documented association with AD 136,
Previous work highlights the atrophy of the right inferior temporal cortex as causal

in AD, a nding which we replicate in genetic covariance analyses of both AD
status and AD family history 199 Of note, we do not heavily implicate previous
ndings of atrophy in the hippocampi or entorhinal cortices. This may result from
the speci c tailoring of our methods to evaluate preclinical changes that drive AD
onset at the exclusion of disease mediated changes. While hippocampal atrophy
is an early nding in AD, evidence suggests that these changes may be responses

to ongoing disease that re ect the region's increased sensitivity to toxins such as

beta-amyloid 137,

In evaluating the drivers of neurologic morphology, we considered the effects of
gene expression rather than individual SNPs. The interpretation of gene expres-

sion is generalizable across populations in a way that SNP variation is not. Because
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we performed this work in a large population that is largely free of overt AD, our
results reveal associations between gene expression and neuromorphology, i.e., in-
herited molecular changes that precede AD (i.e., inborn risk). The liability model of
common disease holds that risk is manifested through an accumulation of factors
that drive a patient toward the upper end of a risk distribution. These same risk
factors are distributed broadly across the population, usually at insuf cient doses

to mediate observable symptoms. The data presented here suggest that genetic
and transcriptomic risk factors for AD result in subclinical biochemical and bio-
logical consequences that can be observed outside of the context of overt disease.
Nevertheless, despite the convergence of neuroimaging ndings in genetic risk,
transcriptomic risk, and epidemiologic risk with the actual diagnosis, it is possible
that over- or under expression of gene products may have different consequences

in the context of disease relative to in states of health.

Several additional limitations merit discussion. Our analysis assesses only the ef-
fects that are mediated through gene expression. Regarding data quality, AD fam-

ily history is assessed via questionnaire. While current evidence supports the use
of this measure as a rough proxy for AD risk 138:13% the diagnostic accuracy is cer-

tain to be reduced relative to a clinically phenotyped cohort.

We encountered several unexpected ndings as well. Multiple NIDPs demon-
strated genetic covariance with family history of AD but these were nearly all
different regions than those linked with AD through the mechanism of GReX. Ge-
netic covariance, in contrast to eQTL-based analysis, does not evaluate regulatory
effects. More likely though, it is the result of family history and positive AD status
being different phenotypes. While family history of AD may predispose individu-

als to different neuromorphological development, the regions impacted appear to

differ from those impacted by the expression of AD-associated genes.
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In summary, genetically determined expression of certain Alzheimer's associated
risk genes provides a window into potential neurological mechanisms by which
AD-associated variation confers disease risk. We show that expression of PSMC3is
associated with AD-status and in patients without AD, GReX of the PSMC3leads
to similar neuroimaging changes as those observed in individuals with AD. We
show strongest support for endogenous in uences on the frontal cortex, the global
CSF volume, and the isthmus of the cingulate gyrus by AD risk genetics. These
ndings constitute evidence linking SNPs to gene expression to neurologic struc-
ture to disease status in the context of AD. By integrating multiple layers of func-
tional evidence, we provide a prioritization schema for identifying and contextu-
alizing biochemical entities as areas of interest for future studies. Additionally,
we demonstrate that family history of AD and AD status are both associated via

genetic covariance with neuromorphology.
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CHAPTER 4

Neuroimaging Transcriptomic Analyses of Parkinson's Disease Highlight

Molecular, Cellular, and Neurobiological Mechanisms

4.1 Introduction

Parkinson's disease (PD) is a debilitating disorder with a progressive and wide-
reaching symptomatic burden. It is estimated that 5% of seniors older than 85 are
living with PD 140141 The classic hallmarks of the disease are forms of motor dys-
function including resting tremor, postural instability, akinesis, and limb rigidity.
Additionally, virtually all patients with PD will present with non-motor symptoms
during their illness 142:143.140.144.145p, i thus characterized by diverse symptoms

centered on canonical motor dysfunction and extending well beyond.

Despite considerable progress in disease evaluation, there is still much that we
do not know about the molecular basis of PD. Efforts to identify these pathways
have been hampered by highly polygenic and heterogenous disease architectures.
The most common form of PD is idiopathic PD (iPD) 146. Individuals with this
condition develop classical parkinsonism in the absence of rare, high-effect size,
PD causing variants. The largest and most recent genome wide association study
(GWAS) of iPD has identi ed 90 independent genome-wide signi cant risk sig-
nals and reports 53 candidate PD risk genes!*’. Capturing 16-36% of heritability,
these data represent a major step forward in understanding the molecular pro-
le of the disease. A disproportionately high number of trait-associated SNPs fall
in genomic regulatory regions, suggesting that PD risk variants may contribute
to disease through dysregulation of transcription 148, In addition to iPD, familial
forms of PD have been identi ed that demonstrate Mendelian patterns of inheri-

tancel®?. Inheritance studies have mapped instances of familial PD (fPD) to rare
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variants affecting several genes!#®. Different forms of PD can be modeled by com-
plex polygenic genetic architectures as well as rare-variant, Mendelian patterns.
Lastly, moving from molecules to organ level biology, clinical MRI studies demon-
strate signi cant disease-related alterations in the brains of PD patients %0 To-
gether, the presence of both genetic and neuroimaging markers for this condition

indicate that it is a strong candidate for molecular neuroimaging studies 151.152.153

In this work, we assess the impact of PD genetic risk factors on multiple inter-
mediate phenotypes including gene expression, gene regulatory elements, and
grey/white matter structure. First, we assess the role of genetically regulated gene
expression (GReX) in PD through transcriptome wide association studies (TWAS).
We also evaluate familial PD genes and their biophysical interactors as potential
risk factors in PD pathophysiology. We re ne these hypotheses according to a reg-
imen of computational molecular analyses to prioritize a set of high con dence
ndings (Figure 4.1). We then assess the role of PD genes on the brain by testing
for gene-level associations with neuroimaging features using our NeuroimaGene
resource. By assessing the endogenous relationship between PD genes and the
structure of grey and white matter features in the brain, we identify the putative
structures most impacted by PD risk genes. In this work, we prioritize hypoxia
inducible factor 1R and Syntaxin 1B, as top candidates involved in the pathophysi-
ology of Parkinson's disease and broadly demonstrate the utility of neuroimaging

transcriptomics to derive insights into pathophysiology.
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Figure 4.1: Schematic of study design: Using a GWAS of Parkinson's disease (PD) and gene
expression models of gene expression, we performed a transcriptome wide association study of
PD. For TWAS genes, we performed colocalization of associated eQTLs, chromatin mapping of
the prioritized variants, and assessed empirical expression of the prioritized genes by cell type.
We identi ed genes associated with fPD by rst reviewing the literature on Mendelian forms of

PD and assessing related proteins. Those genes were then compared with iPD TWAS genes. For
both familial and idiopathic PD genes, we identi ed gene-level associations with neuroimaging
features. PD — Parkinson's disease;eQTL - expression quantitative trait locus; TWAS —
Transcriptome-wide association study

4.2 Methods

4.2.1 TWAS of idiopathic Parkinson's disease

We performed a TWAS of idiopathic Parkinson's disease using summary statistics
from the largest available GWAS meta-analysis 14’. A discovery TWAS was per-
formed using the S-PrediXcan pipeline applied to gene expression models for 19
neurologically relevant tissues %4. Thirteen tissues are brain speci ¢ and the other
6 demonstrate clinical relevance to neurologic health (Figure 4.2) 14 These models

were generated using the joint tissue imputation (JTI) approach described in Zhou
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et al. whereby similarities in gene expression across tissues were leveraged to im-
prove predictive power of individual models 4. Signi cance was assessed via the
Benjamini-Hochberg false discovery rate of 0.05 across all transcript-tissue-disease

associations.

4.2.2 FUSION TWAS of idiopathic Parkinson's disease

For TWAS con rmation, we applied the FUSION protocol developed by Gusev et
al. to the summary statistics from the iPD GWAS by Nalls et al. 6147 To perform
expression predictions in the FUSION framework, we relied on the standard proto-
col, implementing gene expression models trained on Genotype Tissue Expression
(GTEX) consortium transcriptome data. We matched these models to the 19 tissues
from the PrediXcan analysis 33. We used a nominal p-value signi cance threshold

of 0.05 as con rmation threshold.

4.2.3 Image-agnostic NeuroimaGene analysis of idiopathic PD

We identi ed neuroimaging features associated with iPD TWAS genes using Neu-
roimaGene!1%, NeuroimaGene is an atlas of associations between NIDPs and GReX
derived from a cohort of healthy individuals from the UK biobank. We selected
fractional anisotropy measures for well-described white matter regions identi ed
via probabilistic tractography (ProbtrackX). For cortical measures, we relied on
regions captured via the Desikan atlas. In both cortical and white matter asso-
ciation studies, we used an atlas-wide false discovery rate of 0.05 as the signi -
cance threshold. We refer to these MRI based neuroimaging derived phenotypes
as NIDPs. For visual depiction of brain regions, we utilized the ggseg and ggseg3d

family of packages in R 155,
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4.2.4 ldenti cation of clinical Parkinson's associated NIDPs

We identi ed an empirical set of iPD-associated NIDPs from a clinical neuroimag-
ing study conducted by the ENIGMA-PD Working Group %6, T1-weighted MRI
scans had been collected between 2016 and 2019 across 19 sites and 20 countries.
These data were generated from 2,357 PD patients and 1,182 controls. All results
were adjusted for age, sex, and cohort. Laansma et al. report differences between
patients and controls for neuroimaging measurements re ecting subcortical vol-
ume and regional cortical subcortical area and thickness 1°6. Regional parcellations
were conducted using Freesurfer 5.3. These NIDPs re ected 34 regions of interest
based on the Desikan-Killiany atlas as well as 8 subcortical regions of interest. We
focused only on those regions which demonstrated statistically signi cant differ-
ences across patients and controls (p  0.001). We refer to these clinically derived
NIDPs as cNIDPs. The same Desikan-Killiany atlas parcellation is present in the
NeuroimaGene resource. Accordingly, we selected these results as a set of PD-

associated cNIDPs for further analysis.

4.2.5 Neuroimaging enrichment analysis in idiopathic PD

We performed a NeuroimaGene analysis to identify all associations between GReX
from our PD TWAS and the PD-associated NIDPs from the ENIGMA PD neu-
roimaging study. We corrected for multiple hypothesis testing using a modi ed
Bonferroni signi cance threshold. The standard Bonferroni correction assumes
that each test is independent. Because our analysis tests for the same GReX-NIDP
associations in multiple correlated tissue contexts, this assumption of indepen-
dence is not met. Speci cally, the unique genes from the PD TWAS were tested for
associations with 43 NIDPs in 19 different tissue contexts (817 NIPD/tissue pairs).
Given the non-independence of the NIDP/tissue pairs, we applied principal com-

ponent analysis to the full set of all GReX effect sizes for all 817 NIDP/tissue pairs.
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We then identi ed the number of principal components accounting for 95% of the
variation in the data as the number of effectively independent NIDP/tissue pairs.

The nal threshold was determined as follows:
0.05/(67 PD GReX * 384 NIDP/Tissue pairs) = 1.76E-6

Of note, only 67 of the 74 genes were testable using NeuroimaGene as re ected
in the equation. Using this threshold, we then identi ed all signi cant associa-
tions between iPD genes and the NIDPs from the ENIGMA study. We generated

a null distribution to de ne how many gene-level associations we would expect

to identify by chance. We selected 67 random genes (1000 times) and assessed the
number of signi cant associations with the ENIGMA NIDPs. We then estimated

the 95th percentile of the estimated null distribution as the threshold above which

we would consider an enrichment to be statistically signi cant.

4.2.6 Single-cell transcription data of PD-neuroimaging genes

We assessed the cell-type speci city of the measured transcription of the PD neu-
roimaging genes using the single-cell RNA-sequencing (SCRNA-seq) data from the
Human Protein Atlas. This scRNA-seq dataset comprises mMRNA expression as
measured in 69 different cell types. We accessed the data in the form of transcripts

per million using the online web portal 123,

4.2.7 Colocalization analysis of eQTLs and iPD SNPs

We used the "coloc' package to perform colocalization analyses between SNPs from
the Nalls et al. PD GWAS meta-analysis and the eQTLs from the 19 tissues used in
NeuroimaGene °. Prior to colocalization, we performed SNP harmonization and
imputation of the GWAS according to the summary GWAS imputation tools cre-
ated by the Im lab and hosted on GitHub, leveraging the 1000 genomes reference

panell2> Using “coloc', we calculated the posterior probability of shared causal
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variants for PD and gene expression1°8,

4.2.8 Gene prioritization after colocalization

We selected all genes from the colocalization study for which the posterior prob-
ability was > 0.5 and that had a nominally signi cant p-value 0.05. For these
target genes, we sought to identify top causal SNPs driving both expression and
PD risk. We identi ed all eQTLs in a window 200kb upstream and downstream

of the gene that were colocalized with PD GWAS SNPs. We assigned each of these
SNPs a p-value score de ned as the sum of the negative log10 p-values for both
gene expression and PD. For each gene-tissue pair with a posterior probability
greater than 0.5, we prioritized the top ten SNPs according to the p-value score for

further analysis.

4.2.9 eQTpLot analysis of TWAS hits

We applied the eQTpLot package in R to visualize the relationship between PD
GWAS SNPs and eQTLs for the genes prioritized by the TWAS analysis 1°°. This
package generates a locus-zoom style plot with accompanying panels detailing
nearby genes, eQTL enrichment in GWAS SNPs, and relative signi cance values

for SNPs associated with both phenotypes (gene expression and PD).

4.2.10 CoRE-BED annotation of gene regulatory elements

The gene prioritization steps described above generate a table of eQTLs that colo-
calize with iPD GWAS loci, inform expression of iPD TWAS genes, and occur

within 200kb of the target gene. We then used CoRE-BED chromatin-based an-
notations to determine the overlap of these SNPs with gene regulatory elements.

CoRE-BED uses epigenomic features in multiple cell and tissue types to predict
speci ¢ regulatory functions 160 We restricted our analysis to regulatory element

predictions derived from cell and tissue models trained on the brain. Using this
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resource, we annotated each of the eQTL/PD colocalization SNPs by the context-

speci ¢ gene regulatory elements with which they are associated.

4.2.11 Gene interaction identi cation in familial PD genes

We identi ed a set of genes associated with familial PD from a survey on the molec-
ular genetics of PD 1%L These genes demonstrate evidence from family studies for
being monogenic causes of PD. All 6 genes are protein-coding. We then deter-
mined a set of interactor proteins that have evidence for directly interacting with
the proteins from the familial PD genes. To identify interactor genes, we leveraged
the STRING protein-protein interaction database 162 We subset ndings to include
those with either “experimental” or “database” evidence and a minimum interac-
tion score of 0.7. We then collected the fPD genes and the genes for their protein

interactors into a single set of fPD-related genes.

4.2.12 NeuroimaGene analysis of familial PD interaction genes

We performed NeuroimaGene analysis to identify neuroimaging features asso-
ciated with the familial PD interaction genes. We used the Desikan cortical at-
las features using a multiple testing correction threshold of 0.05 according to the
Benjamini-Hochberg false discovery rate. Plots were generated using the embed-

ded plotting functions in the NeuroimaGene R package.
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