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• Human Genome Project (launched 
1990, completed 2003)

• Generate the first sequence of the 
human genome 

• Reference genome: all base pairs 
in human genome

• Map all genes – observed ~22K 
protein-coding genes

Got the ball rolling in terms of  genomic 
sequencing 

The Human Genome Project 



DNA sequence of any two individuals is 99.5% similar, however the 
0.5% difference drives differences in physiological traits and disease 
risk.

HapMap catalogued variation across ~1,000 individuals.

Sites in the DNA sequence where individuals differ at a single DNA 
base are called single nucleotide polymorphisms (SNPs).

HapMap Project: Cataloguing variations in the
sequences of human DNA (2002-2010) (1,000 individuals)

SNPs were identified at 

specific chromosomal 

positions

(what nomenclature to 

use?)



Genome wide 
Association studies



Collecting genotype and phenotype data from many 

many individuals ( order of 100, 000 individuals)

Large-scale retrospective studies (~100K-1M individuals)

Disease-related prospective studies (~10K-100K)



Collecting genotype data from many many individuals ( 

order of 100, 000 individuals)

Cano-Gomez & Trynka 2020 Front Genet



Collecting phenotype data from many many individuals 

( order of 100, 000 individuals)

Quantitative phenotype 

(red blood cell count, LDL 

cholesterol)

Cases Controls 

Alzheimers, Schizophrenia, Cancers



Mathematical model for Genome Wide association studies

Sequencing strategies: 

SNP array + imputation

Whole exome sequencing and 

Whole Genome sequencing

 

Y    vector of phenotype values for all N individuals 

        (for example: height or 1/0 for Type 2 diabetes status)

Xs    vector of genotype values for all N individuals at SNP s

        (0/1/2 for unscaled: ore standardized)

W   matrix of covariates (age, sex, ancestry PCs)

g – represents polygenic effect of other SNPs

e -  random effect of residual errors 
      kinship or genetic relatedness matrix 

(linear or logistic 
regression)

Global ancestry changes

Local 
population 
relatedness

Genotype effect

Phenotype



Calculating statistics from Genome Wide association 
studies

V = 𝜎𝑔
2 𝜓 + 𝜎𝑒

2𝐼

Overall phenotypic 

variance-covariance 

matrix = 

genetic + error 

Estimates of the effect size

Obtain z scores and p-values of the effect based on this.

Jiang et al 2019 Nat Genet



Calculating statistics from Genome Wide association 
studies

V = 𝜎𝑔
2 𝜓 + 𝜎𝑒

2𝐼

Overall phenotypic 

variance-covariance 

matrix = 

genetic + error 

Estimates of the effect size

Obtain z scores and p-values of the effect based on this.

Jiang et al 2019 Nat Genet

Check more recent approaches:

SAIGE (Zhou et al 2018 Nat Genet ), 

REGENIE (Mbatchou et al 2021 Nat Genet) 



Standard visualization technique for GWAS results

SCZ WG of PGC Consortium, 2014, Nature 

Schizophrenia



Standard visualization technique for GWAS results

Lambert et al 2013, Nat Genet 

Alzheimers’



What is common between these GWAS-es?

GWAS hits occur in clusters of 

variants all showing significant 

effects in same region – this is 

because of high linkage 

disequilibrium.

GWAS signals are highly 

polygenic encompassing many 

genes. 

We are likely missing out many 

weaker GWAS effect signals 

due to stringent p-value 

thresholds. 



Can genotypes explain phenotypic variance across 
individuals?

Heritability:   Proportion of phenotypic variance that can be 

attributed to genetic effects

Heritability of GWAS hits (𝒉𝑮𝑾𝑨𝑺
𝟐 ):  Squared correlation 

between best fit linear model of all GWAS hits and the 

phenotype

  max
 𝑤

[ 𝑟2 (σ𝑠∈𝐺𝑊𝐴𝑆 ℎ𝑖𝑡𝑠 𝑤𝑠𝑋𝑛𝑠, 𝑌𝑛) ] 

Heritability of all SNPs (𝒉𝒈
𝟐 ):  Squared correlation between 

best fit linear model of all SNPs and the phenotype

 max
 𝑤

[ 𝑟2(σ𝑠 𝑤𝑠𝑋𝑛𝑠, 𝑌𝑛) ]



There is a big gap between only focusing on GWAS hits 
and looking at all of the GWAS association summary

0.07 <  0.24

Hidden

Heritability

Schizophrenia

𝒉𝑮𝑾𝑨𝑺
𝟐 𝒉𝒈

𝟐

Lichtenstein et al 2009 Lancet

Lee et al. 2012 Nat Genet
Trubetskoy et al. 2022 Nature



This gap has been largely resolved for Adult height GWAS

“Here, using data from a genome-wide association study of 

5.4 million individuals of diverse ancestries, we show that 12,111 

independent SNPs that are significantly associated with height 

account for nearly all of the common SNP-based heritability.”

Also see O’Connor et al 2021 Nat Genet



The magnitude of GWAS significance depends on the LD 
structure around variants

Intuition: SNPs in higher 

LD with other SNPs tend 

to have larger test 

statistics on average for 

a polygenic trait, 

because of more causal 

variants being tagged.

LD score regression

LDscore (SNP x ) 

=  σ𝑚 𝑟2 (𝑥, 𝑚)

r is the correlation between the 

genotypes Xnm  and  Xnx  

𝜒2 = 

squared Z 

score



Mathematical overview of LD score regression

Bulik-Sullivan Loh et al, 2015, Nat Genet



Clinical and therapeutic 
implications of GWAS



Is GWAS actually important? (GWAS hits to drugs)

Visscher et al 2017 AJHG

Fang et al 2019 Nat Genet



Is GWAS actually important? (GWAS hits to drugs)

33 of 50 FDA approved drugs in 2021 have genetic support, with highest 

implicated from common disease GWAS. 

Ochoa et al 2022 Nat Rev Drug Disc.



Is GWAS actually important? (Genetic risk score)

Identify the genetic risk for any individual for diseases and 

traits based on their genetic make-up (genotypes across 

all SNPs). Are they at risk for a specific disease?



How to calculate polygenic risk scores?



How to calculate polygenic risk scores?



A big challenge in polygenic risk scores (representation)

Ding  et al 2023 Nature



GWAS-to-function
(Overview)



Variants (V)

GWAS

Genes (G)

Cell types/

states (C)

Claussnitzer et al 2021, Trends Genet; Mathieson et al 2021, AJHG

Understanding the functional basis of GWAS variants

(I) (II)

Cell type

 interactions

Gene network in 
causal cell types



Linkage disequilibrium can hinder identification of causal 

variant for both GWAS and eQTL studies



Linkage disequilibrium can hinder identification of causal 

variant for both GWAS and eQTL studies



SuSIE: Method to perform Bayesian variable selection to identify independent 

causal GWAS variants or sets of variants when it is not sure

3 colors correspond to 95% credible sets: A 

credible set says a causal variant is within this 

set with 95% probability
SuSIE: Wang et al 2020 JRSS-B



Making sense of the function of GWAS variants

Lee et al 2018 Human Genetics



GWAS signals can be confounded by LD. Can we use 

underlying function to find the causal variant?



Overlapping genome-wide functional annotation tracks 

against GWAS disease-associated variants  

ENCODE consortium 2012, Nature 



DNase-

T cells

H3K4me1-

Monocytes

H3K4me3-

B cells

DNA sequences 
(1-hot encoding DNA)

Sequence-based deep learning models trained on 

epigenomic features 

For each sequence, 

generates a prediction 

of affinity for each 

feature 𝑓 at the site of 

the sequence.



DNase-

T cells

H3K4me1-

Monocytes

H3K4me3-

B cells

DNA sequences 
(1-hot encoding DNA)

Sequence-based deep learning models trained on 

epigenomic features 
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ChromBPNet deep learning model captures 
sequence mediated function at GWAS variants

https://github.com/kundaj

elab/chrombpnet

Also see

Enformer: Avsec et al 2021 Nat Methods

BPNet: : Avsec et al 2021 Nat Genet
Pampari et al 2024 bioRxiv

Courtesy: Anshul Kundaje, Stanford

rs4266144 (C/G): Human Quiescent 
SMCs

TEAD

Coronary Artery Disease GWAS variant

http://github.com/kundajelab/chrombpnet
http://github.com/kundajelab/chrombpnet


Defining functional annotations at the level of variants

• Assigning a score to each SNP based on 

Binary: Presence or absence of a specific functional 
element at or around the SNP (example: SNP gets a 
score of 1 if there is a H3K4me1 peak at or around it)

Continuous value (often probabilistic scale between 0 
and 1) measuring the strength of a specific function at or 
around the SNP (example: SNP is assigned the score 
equalling to the H3K4me1 peak intensity



Using 97 functional annotations as prior improves the 

detection of causal variants 



Mathematical overview of LD score regression

Bulik-Sullivan Loh et al, 2015, Nat Genet



Stratified LD score regression : Heritability enrichment 

due to functional categories of SNPs 

𝐿𝐷𝑠𝑐𝑜𝑟𝑒𝑓 𝑆𝑁𝑃 𝑥  =  

σ𝑚∈𝑓 𝑟2 (𝑥, 𝑚)𝜒2  =  𝑖 + ෍

𝑓

𝑁𝜏𝑓  𝐿𝐷𝑠𝑐𝑜𝑟𝑒𝑓

Define heritability due to a functional category f 

ℎ𝑔
2 𝑓  ≔  ෍

𝑘∈𝑓

෍

𝑔 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑠 𝑘

𝜏𝑔

Heritability enrichment (f) :=. (ℎ𝑔
2 𝑓 / ℎ𝑔 

2 )/(𝑀(𝑓)/𝑀

Finucane et al, 2015, Nat Genet

Intuition: A category f is enriched for heritability if SNPs with 

high LD to that category have higher 𝜒2 statistics. 



Naturally occurring 
perturbations for human 
molecular phenotypes

(QTLs)



Tracking genetic variation of gene expression phenotype

(eQTL : expression quantitative trait loci)

Cano-Gomez & Trynka 2020 Front Genet

Gene expression for gene G 
in tissue/cell-type T



Tracking genetic variation of gene expression phenotype

(eQTL : expression quantitative trait loci)

Cano-Gomez & Trynka 2020 Front Genet

Gene expression for gene G 
in tissue/cell-type T



Statistical colocalization: Identifying shared causal variants 

between a disease trait and an eQTL 

Typically performed for one gene and for one tissue separately 

against one focal disease GWAS. 

Giambartolomei et al 2014 PLoS Gen

Coloc: standard method for colocalization.

Does not scale well to more than 2 phenotypes.  



Recent advances in technology has made it easier to use other molecular 

phenotypes outside of gene expression, and also assess eQTL at cell type 

resolution for different cell types in a tissue

ColocBoost model to perform multimodal molecular 

phenotype QTL colocalization 

Aguet et al. 2020. Nature Reviews Methods Primers



Understanding colocalization: enhancing GWAS 

insights through shared genetic signals

GWAS

eQTL

cell type 1

eQTL

cell type 2

pQTL

sQTL

Colocalization 

with xQTLs only

Colocalization 

with GWAS

Uncolocalized 

effects

ColocBoost: Cao et al 2025 medRxiv, in rev Nat Genet

HyPrColoc: Foley et al 2021 Nat Commun



Shared genetic regulation across cell types observed for many 

disease risk variants are not indicative of cell-cell crosstalk  

37.3% of AD causal risk variants show genetic regulation shared across multiple cell 
types in brain. 

AD GWAS Excitatory eQTL

Microglia eQTLInhibitory eQTL

Paveskovic et al 2024 HMG
Zhang et al 2024  Mol Neurodeger.

ColocBoost: Cao et al 2025 medRxiv, in rev Nat Genet

HyPrColoc: Foley et al 2021 Nat Commun



Systemic differences between eQTLs and GWAS

“GWAS and cis-eQTL hits are systematically different: eQTLs cluster strongly near 
transcription start sites, whereas GWAS hits do not. Genes near GWAS hits are 
enriched in key functional annotations, are under strong selective constraint and 
have complex regulatory landscapes across different tissue/cell types, whereas 
genes near eQTLs are depleted of most functional annotations, show relaxed 
constraint, and have simpler regulatory landscapes. ”



Cis and trans-eQTLs can identify proximal and distal 

genes of action

Westra and Franke 2014 BBA. 
Vosa et al 2021 Nat Genet



Cis and trans-eQTLs can identify proximal and distal 

genes of action



Cis and trans-eQTLs can identify proximal and distal 

genes of action



Omnigenic model hypothesis in genetics



Other approaches of 
mapping GWAS 

Variants to Genes (V2G)



Broadening the scope of approaches to link variants to genes

Dey et al 2022, Cell Genomics, 

Gazal..Dey et al 2022 Nat Genet



Broadening the scope of approaches to link variants to genes

Dey et al 2022, Cell Genomics, 

Gazal..Dey et al 2022 Nat Genet



The Activity-By-Contact element-gene linking method

Fulco et al 2019 Nat Genet

Nasser et al 2021 Nature



The Activity-By-Contact element-gene linking method

Fulco et al 2019 Nat Genet

Nasser et al 2021 Nature



Promoter-capture Hi-C to link elements to genes

Javierre et al 2016 Cell

Jung et al 2020 Nat Genet



Broadening the scope of approaches to link variants to genes

Dey et al 2022, Cell Genomics, 

Gazal..Dey et al 2022 Nat Genet



Benchmarking different element-gene linking approaches 

Gschwind*..,Dey*..Engreitz et al 2023 bioRxiv, 

in rev, Nature



Visualizing the element-gene links underlying rs875741: fine-

mapped variant PIP = 0.50 for mean corpuscular hemoglobin. 
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Artificial perturbation 
screens for human 

molecular phenotypes
(CRISPR)



Functional characterization targeting GWAS risk variants

Rao et al 2021, Genome Medicine



Functional characterization targeting GWAS risk variants

Linking to causal genes (enhancer-gene) Expression QTL calling



Functional characterization targeting GWAS risk variants

Linking to causal genes (enhancer-gene) Expression QTL calling



CRISPRi perturbation screen in K562 mimic-ing cis eQTLs

Fulco et al 2019, Nat Genet



CRISPRi perturbation screen in K562 mimic-ing cis eQTLs

Fulco et al 2019, Nat Genet



Large scale genome-wide enhancer perturbation screen to 

mimic cis and trans eQTLs

CRISPRi Perturb-seq (TSS-targeted or enhancer–targeted): dCas9-KRAB, 

can assess global changes in transcriptomic profile owing to one or sets of 

perturbations. 

By introducing gRNAs at a high MOI (~30), each individual cell acquires a 

unique combination of perturbations, which markedly increases statistical 

power. 

Incorporating in low MOI (<= 1~2) however enables more accurate 

understanding of a single perturbation effect. 



Large scale genome-wide enhancer perturbation screen to 

mimic cis and trans eQTLs

Map cis and trans effects by comparing gene expression in the subset of 

cells that contain a given gRNA to those that lack that guide (similar to eQTL)

(crisprQTL mapping). 

Unlike eQTL studies, the resolution of our screen is not constrained by 

linkage disequilibrium, nor is it limited to studying sites in which common 

genetic variants happen to exist.



STING-seq: CRISPRi and CRISPR base-editing efforts 

targeting variants fine-mapped from immune traits

Sanjana lab NYGC, Morris et al 2023 Science



STING-seq: CRISPRi trans-effect hubs similar to trans-eQTL 

programs of genes

Sanjana lab NYGC, Morris et al 2023 Science



Defining programs of genes underlying CRISPR perturbations

Finding hubs of 

perturbations with 

correlated 

transcriptomic effects



Contrastive embedding approaches often find interesting 

structure among genes modulated by a perturbation

PDX1 

perturbation



Contrastive embedding approaches often find interesting 

structure among genes modulated by a perturbation

GATA6het 

perturbation

ContraPC

  



Linking Gene Programs 
to Disease (G2D) from 
perturbation screens



Prioritizing genes for a complex disease (MAGMA and PoPS)

Two types of gene test statistics 

have been implemented in 

MAGMA: 

(a) The mean of the χ2 statistic for 

the SNPs in a gene, 

(b) The top χ2 statistic among the 

SNPs in a gene. 

For the mean χ2 statistic, a gene p-

value is then obtained by using a 

known approximation of the 
sampling distribution



Prioritizing genes for a complex disease (MAGMA and PoPS)

MAGMA gene-level 

Z scores

LOCO: Leave one chromosome out

Weeks et al 2024 Nat Genet



Disease information in Perturb-seq co-regulated 

gene programs

Step 1:  Gene programs
Step 3: Disease enrichment

Large-scale Perturb-seq 

assay targeting 1031 

E3ligase genes in bone 

marrow dendritic cells 
Geiger-Schuller, Eraslan et al bioRxiv 2023, in rev Cell 

Enrichment of 

PoPS/MAGMA or any score 

in your perturbation program 

compared to similar-sized 

program drawn from genes 
affected by >=1 perturbation 



GeneBoost approach to score perturbation programs 

for disease 

1,030 E3 ligase genes 

and interacting partners

G
e
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PoPs gene-level scores of knockouts and PoPs enrichment of 

their perturbation profiles are moderately correlated

Each point is a (KO 

gene, immune 

disease) pair in 

E3ligase Perturb-seq 

experiment 

We consider 1,030 

genes and 9 immune 

related traits.



In-vivo Perturbation programs across multiple cell types 

(Jin et al Science 2020) 

Jin et al Science 2020

35 de-novo autism risk 

genes targeted

Perturbation program 

observed for each

guide in 5 major brain cell 

types for a total 

Of 175 perturbation 

programs.



Autism

Some Astroglia perturbation programs are specifically disease 

informative for autism compared to other brain related diseases 

Brain

Traits



sc-linker heritability analysis of Perturb-seq co-regulated 
gene programs

Step 2: SNP-gene maps to 

generate SNP annotation

Activity-By-Contact (ABC) U Roadmap enhancer-gene

Step 1:  Gene programs

Step 3: Disease heritability enrichment

Large-scale Perturb-seq assay 
targeting 1031 E3ligase genes in 
bone marrow dendritic cells 

Geiger-Schuller, Eraslan et al bioRxiv 2023, in rev Cell 



We observe specific immune disease heritability 
enrichment using sc-linker in various Perturb-seq programs

Geiger-Schuller, Eraslan et al bioRxiv 2023, in rev Cell 



Assignment Problem

Whole genome CRISPRi Perturb-seq data :

Map fine-mapped GWAS variants for K562-related traits to genes using cS2G 

method and the nearest TSS distance.

Find genes that are significantly affected downstream of the CRISPR perturbations 

(https://gwps.wi.mit.edu/)

Group co-regulated genes and co-functional perturbations into groups of genes 

based on a chosen clustering or dimension reduction (PCA) + clustering algorithm.

Perform enrichment of the PoPS scores foe 120 traits in the genes that are in each 

program against a background set of random genes selected from the pool of all 

perturbations. 

Perform Stratified LD score regression of the genes in the gene program 

connected to variants by the cS2G method

(https://github.com/bulik/ldsc/wiki)

https://gwps.wi.mit.edu/
https://github.com/bulik/ldsc/wiki
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