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Brain Imaging for Brain Disorders

BIG-KP | https://bigkp.org/

Capture the brain structure and function changes associated 

with major brain-related disorders and normal development

Alzheimer’s disease (AD) is 

associated with brain shrinkage 

Normal AD

Normal AD
Neuropsychiatric

disorders
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Genetics of Brain Disorders

BIG-KP | https://bigkp.org/

Most major brain disorders (like AD) are heritable complex traits/diseases

Complex traits/diseases

(many genes, 

environmental factors, 

complex functional 

mechanism)

Many genes contribute to 

the risk of AD

(polygenic genetic architecture)

(small but nonzero contribution)
Genetic signals are non-spare

and weak:

Need large sample size to 

detect weak signals

Together 50%-70% of AD risk

75%-90% of ADHD risk

60%-85% of Schizophrenia risk
~80% of Autism Spectrum Disorder (ASD) risk
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Brain Imaging Genetics Paradigm

UNC Biostatistics

Neuroimaging: an important component to help understand the 

complex biological pathways of brain disorders 

Genes Brain 
disorders

molecules, brain cells, structure/function→

BIG-KP | https://bigkp.org/

Uncover the profile of brain 
abnormalities in each clinical outcome 

to study how disorders develop

Changes in neural interactions, 
altered brain structure/function

Biological 

causes

Molecular function and 

cell metabolism

Social and psychological influences

Gene expression at RNA 

and protein levels

Changes in neuron structure

and function
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Cardiovascular Disease & Brain Health

UNC Biostatistics

(Neuro)imaging: help understand the complex interplay between brain 

and other human organs and their underlying genetic overlaps

BIG-KP | https://bigkp.org/

Many diseases (e.g., microvascular 

disease, high blood pressure) are 

multisystem disorders

Possible causal factors of brain structure 

changes, resulting in brain disorders like

stroke, dementia and cognitive impairment
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Long-term Challenges in Brain Imaging Genetics

BIG-KP | https://bigkp.org/

• Traditionally, neuroimaging data are expensive 
and have very limited sample size (n ∼ 100)

• On the other hand, genetic risk factors are 
typically dense and have small effect size, and 
thus need large sample size to detect

• Imaging batch effects/confounders (e.g., 
image acquisition, processing procedures, and   
software) 

UNC Biostatistics
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“Big Data” Brain Imaging Genetics Cohorts

Aging Brain

ADNI 
(Age [55,92])

RADC 
(Age > 65)

UK Biobank
(n ~ 100k [Ongoing], 

Age [40,69]))

“Big data” Brain imaging genetics datasets become available in recent few years
Systematically collect publicly available individual-level data for > 50k individuals

Build the largest database in this field   

Brain 

Development

ABCD
(n ~ 10k, 

Age [9,11])

PNC 
(Age [14,29])

PING 
(Age [3,21])

HCP
(Age [22,35])

BIG-KP | https://bigkp.org/

BCP 
(Age [0,5])

UNC Biostatistics
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Brain Imaging Modality Examples

UNC Biostatistics

White matter microstructure
(Structural connectivity, 

diffusion MRI)

BIG-KP | https://bigkp.org/

Functional networks
(Functional connectivity, 

functional MRI)

Harmonize tools/pipelines to consistently generate the 
full spectrum of neuroimaging features 

Cortical and subcortical structures
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Regional Brain Volumes and Shape

UNC BiostatisticsBingxin Zhao | Purdue Statistics BIG-KP | https://bigkp.org/

Generate regional brain volumes and shape representations for 98 pre-specified 
brain regions and total grey matter, white matter, and brain volumes  

Subcortical structures
(deep within the brain)

Cortical structures
(outer layer of the cerebrum)
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White Matter Microstructure

UNC Biostatistics BIG-KP | https://bigkp.org/

5 white matter microstructure measures (DTI parameters) 
for 21 white matter tracts 

21 white matter tracts from 

ENIGAMA-DTI pipeline

fractional anisotropy (FA)

mean diffusivity (MD), 

axial diffusivity (AD), 

radial diffusivity (RD), and 

mode of anisotropy (MO)

sensitive to specific types of 

microstructural changes and 

have also been widely used 

in clinical research 
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White Matter Microstructure

UNC Biostatistics BIG-KP | https://bigkp.org/

Tract-specific functional principal component analysis (FPCA) to capture 
major variations within each white matter tract

Beyond

conventional 

tract-averaged 

mean 
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Resting/task functional MRI (fMRI)

UNC Biostatistics BIG-KP | https://bigkp.org/

Independent component analysis (ICA)-based methods to form 76 functional 
regions and generate 1,701 functional connectivity traits

Characterize 

major functional 

brain regions and 

their connectivity   
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Resting/task functional MRI (fMRI)

UNC Biostatistics BIG-KP | https://bigkp.org/

Map 76 ICA-nodes onto automated anatomical labeling (AAL) parcellation and 
pre-defined functional networks

Eight networks in Finn et al., 2015Seven networks in Yeo et al., 2011
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Brain Imaging Genetics Data Analysis

UNC Biostatistics

Identify and replicate novel genetic factors associated 

with brain structure and function

Analyze the genetic links among brain structure, brain function, 

cognition, and major brain disorders.

Integrate external genetics/genomics data (e.g., the GTEx, Hi-C 

chromatin interactions) to uncover new biological insights 

Perform out-of-sample risk prediction for brain disorders using 

genetics, genomics, and imaging data  

1) Output high-quality novel clinical findings

2) Identify, model, and address important statistical problems 

3) Share our summary-level data/results to the research community  

BIG-KP | https://bigkp.org/

Predictive model

Association tests

Data integration

Causal inference/

Mediation analysis 



Novel Clinical findings
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Brain Imaging Genetics Knowledge Portal 

UNC Biostatistics BIG-KP | https://bigkp.org/

bigkp.org

Aim to build the best knowledge database of neuroimaging genetics
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GWAS Locus Browser

UNC Biostatistics BIG-KP | https://bigkp.org/

Searchable database for 516 neuroimaging traits 

across three imaging modalities: 

(grey matter volume, white matter microstructure, 

resting-state functional activity/connectivity)  
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GWAS Locus Browser

UNC Biostatistics BIG-KP | https://bigkp.org/

Amplitude Trait (node activity)

(Precuneus)

(Default mode, Central executive)
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GWAS Summary Statistics 

UNC Biostatistics BIG-KP | https://bigkp.org/

The full set of GWAS summary statistics have been made freely 

available to the research community

Resources with the largest sample size

(> 3,400 page views since Sep 2019)
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Overview of the ENIGMA-DTI pipeline and the multiple-stage design in GWAS

GWAS of White Matter Tracts

BIG-KP | https://bigkp.org/

Apply the same pipeline in different 

datasets (UKB, ABCD, PING, PNC, HCP)
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Genetic Architecture of White Matter 
We observed 109 novel genomic regions (151 in total, P < 2.3e-10, 5e-8/215) 

associated with white matter microstructure

BIG-KP | https://bigkp.org/
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Colocalization with Glioma/GBM
For the 25 known genomic risk regions of Glioma/GBM, 11 are associated with 

white matter microstructure  

BIG-KP | https://bigkp.org/UNC Biostatistics
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Colocalization with Stroke
Genetic colocalizations among vascular risk factors (e.g., obesity, diabetes, high 

blood pressure), white matter microstructure, and stroke

BIG-KP | https://bigkp.org/UNC Biostatistics
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Genetic Correlations with Brain Disorders

Strong genetic correlation 

between white matter microstructure and small vessel stroke subtype

Bingxin Zhao | Purdue Statistics BIG-KP | https://bigkp.org/
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Spatial Overlap with Brain Structures

Strong genetic correlation between white matter microstructure

and the grey matter volume of neighboring regions 

BIG-KP | https://bigkp.org/UNC Biostatistics
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White matter is largely 

composed of 

glial cell types 

(oligo, microglia, astrocyte) 

Identify brain cell types where genetic variation leads to 

changes in white matter connectivity

Heritability Enrichment in Brain Cells

Oligo annotation accounted for 10.4% 

heritability while only composed 0.3% of 

the genetic variants  

BIG-KP | https://bigkp.org/

Gross cell types (neuron, non-neuron [glia, including oligo, microglia, astrocyte]) 

oligo 

Microglia

& astrocyte 
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White matter is largely 

composed of 

glial cell types 

(oligo, microglia, astrocyte) 

Glial cell enrichment was widely observed in white matter tracts and was most 

significant in posterior corona radiata (PCR), posterior limb of internal capsule (PLIC), 

and genu of corpus callosum (GCC) 

Heritability Enrichment in Brain Cells

Oligo annotation accounted for 10.4% 

heritability while only composed 0.3% of 

the genetic variants  

BIG-KP | https://bigkp.org/

oligo 

Microglia

& astrocyte 
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White matter is largely 

composed of 

glial cell types 

(oligo, microglia, astrocyte) 

Heritability of 49 complex traits was significantly enriched in genetic regions 

influencing white matter microstructure, such as stroke, schizophrenia, ADHD, bipolar 

Alzheimer's Disease, T2D, high blood pressure, and coronary artery disease

DTI annotation enrichment

Oligo annotation accounted for 10.4% 

heritability while only composed 0.3% of 

the genetic variants  

BIG-KP | https://bigkp.org/

oligo 

Microglia

& astrocyte 

Partitioned heritability enrichment analysis using DTI 

annotations (defined by significant genes of DTI parameters 

of white matter microstructure)



MORE THAN JOURNEY     didiglobal.com

Triple Network Model of Psychopathology

UNC Biostatistics BIG-KP | https://bigkp.org/

The salience network (SN) plays a crucial role in dynamic switching 

between the central executive (CE) and default mode (DM) networks

anterior

Insula

anterior 

cingulate 

cortex

dorsolateral

prefrontal 

cortex

posterior 

parietal 

cortex

ventromedial 

prefrontal 

cortex

posterior 

cingulate 

cortex

Three core functional 

networks that support 

efficient cognition

Related to major brain 

disorders, such as 

Alzheimer’s disease (AD), 

Parkinson’s disease (PD), 

and major depressive 

disorder (MDD) 
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Genetics of the Triple Networks

UNC Biostatistics BIG-KP | https://bigkp.org/

The level of genetic control is higher in the triple networks, which closely control multiple 

cognitive functions and affect major brain disorders 

Higher heritability than other functional networks (e.g., motor, vision)



MORE THAN JOURNEY     didiglobal.com

Genetics of Functional Brain  

Ideogram of the loci influencing rsfMRI traits of intrinsic brain activity at the significance 

level 2.8e-11 (5e-8/1777)

BIG-KP | https://bigkp.org/UNC Biostatistics
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Colocalization with AD and SCZ
Colocalization between brain function in the default mode (DM) and central

executive (CE) networks with Alzheimer's disease (AD) and Schizophrenia (SCZ)

Alzheimer's 

disease

(APOE)

Schizophrenia

BIG-KP | https://bigkp.org/UNC Biostatistics
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Colocalization at APOE

APOE gene has stronger genetic relationships 

with brain function than brain structures

BIG-KP | https://bigkp.org/

white matter 

microstructure

(diffusion MRI)

grey matter 

volume

(structural MRI)

functional activity 

(fMRI)

UNC Biostatistics



MORE THAN JOURNEY     didiglobal.com

Colocalization at 17q21.31 regions

Bingxin Zhao | Purdue Statistics BIG-KP | https://bigkp.org/

Sleep

Neurological disorders

(e.g., Parkinson's disease, Alzheimer’s 

disease, corticobasal degeneration)

Psychiatric disorders

(e.g., autism spectrum disorder, 

depression)

Education, cognitive ability

Psychological traits (e.g., neuroticism)

Alcohol use disorder
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Colocalization with Sleep and Cognition

BIG-KP | https://bigkp.org/

Sleep
Cognitive traits/education 

UNC Biostatistics
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Shared genetic influences between functional connectivity of default mode and central 

executive networks and insula volume

Genetic Overlap with Brain Structures

Spatial colocalizations between regional brain volumes and their genetically

correlated functional connectivity traits

Location of the right insula and its neighboring brain regions whose

functional connectivity strengths were genetically correlated with the right insula volume

associated with multiple functions, including emotion, addiction, and cognition 

through extensive connections to neocortex, the limbic system, and amygdala

left pericalcarine volume was genetically correlated with the 

connectivity strengths among its neighboring regions
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Shared genetic influences between brain functional connectivity and structural connectivity 

Spatial Overlap of Genetics Effects 

Genetic evidence on how distributed functional networks communicate 

across large distances

Location of the SLF and its neighboring brain regions whose

functional connectivity strengths were genetically correlated with the structural connectivity of SLF
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Functional Connectivity associated with Brain Disorders

Regions whose functional 

connectivity genetically

related to brain disorders and 

intelligence

Attention-Deficit / 
Hyperactivity Disorder

Schizophrenia

Major Depression 

Disorder
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Integrating Gene Expression to PRS

UNC Biostatistics
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Gene expression-informed 
gene-level PRS + GWAS PRS 

has higher prediction accuracy

Construct gene-level PRS (polygenic risk 

scores) by leveraging gene expression 

reference panels 

(e.g., GTEx) in TWAS

BIG-KP | https://bigkp.org/
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It's just a beginning

UNC Biostatistics BIG-KP | https://bigkp.org/

Hundreds of associated genetic variants for 516 

neuroimaging traits across three modalities: 

(grey matter volume, white matter microstructure, 

resting-state functional connectivity)  

Genetics discovery in human brain by big data integration

[Cover Feature]



MORE THAN JOURNEY     didiglobal.com

Ongoing/Future Directions

UNC Biostatistics

Causal relationships among disease, brain structures, and brain 

functionalities (e.g., the genetic pathway among vascular risk 

factors, white matter, and stroke)

Compare and identify the best practical strategy and pipelines to 

process different neuroimaging modalities (e.g., ICA for fMRI)   

Model brain changes and genetics effects across the life span

BIG-KP | https://bigkp.org/

Build optimal models for complex traits and diseases prediction 

using imaging and genetics data (e.g., deep learning)

Align and integrate different neuroimaging modalities



Methodological Challenges
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Heritability estimation of brain 
imaging phenotypes

Integrating imaging and 
genomics for outcome prediction

Imaging genomics associations
• Fundamentals
• Meta-analysis
• Multivariate regression
• Bi-multivariate correlation

(a) Learning Problems in Brain 
Imaging Genomics

(c) Statistical & 
Machine 
Learning 

Considerations

Increasing power
• Quantitative traits
• Multiple comparison
• Meta/mega analysis
• Multivariate models

Overfitting control
• Dimensionality reduction
• Regularization
• Knowledge-guided learning
• Outcome-guided learning

Other topics
• Biological interpretation
• Scalability
• Biased sampling
• Interaction

Clinical outcome
• Diagnosis
• Progression
• Impairment score

Brain imaging
• Voxels, ROIs, spatial correlation
• Multimodal, longitudinal studies 
• Prior knowledge, brain network

Genomics
• SNPs, LD blocks
• Genes, pathways, networks
• Polygenic risk scores (PRSs)

(b) Biomedical 
Application 

Considerations

MRI AV45 PET FDG PET

Genetic variation

A
B

2

3
1

D

4 C

End

Begin

SMCNormal

Diagnosis

ADMCI

Cognitive Condition

(Shen & Thompson Proc. of the IEEE 2020)

Brain Imaging Genetics: Learning Problems

UNC Biostatistics
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Methodological Challenges

Advanced Methods for Dense Signals
(e.g., deep learning)

quantile ) 

Omics Data Integration 
(e.g., new tech, biological pathway)

Multiple Biobanks Integration
(e.g., Heterogeneity in global 

populations)

New Computational Tools 
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