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About me
● Grew up in Southern California
● BA in Anthropology at UC Santa Barbara, California
● PhD in Psychology in Boulder, Colorado
● Past 13 years in Boston, Massachusetts

○ 4 years as a Postdoc in the Neale lab
○ 9 years as a Group Leader in the Neale lab



When should we considered genetic variant “rare”?

Common variant minor allele frequency (MAF) > 5%

Low frequency = 1-5%

Rare = 0.01 - 1%

Very or ultra-rare < .01%



What is the minimum 
minor allele count 
(MAC) tested?



Common vs. Ultra-rare variants

Common variation Ultra-rare variation

Abundance ~ 10M 1B?

Population 
specific? No Often

Correlation High Low

Selection Unlikely Likely

Default technology Array genotyping + imputation Sequencing



Impactful 
variants

Risk of 
disease  

Reproductive 
fitness

Selection 
pressure 

Allele 
frequency 

Statistical 
power 

Challenges of RVAS
Mostly deleterious

Requires large-scale data 

Remains 
Rare



Single SNP association models breakdown at low allele counts, not frequencies

● For case/control studies, low allele counts leads to overdispersion of effect sizes, 
particularly in unbalanced case/control ratios

● Below MAC ~25, even “fully penetrant” variants unlikely to surpass multiple-testing 
correction in balanced case/control ratios  

SAIGE

https://saigegit.github.io/SAIGE-doc/


SCHizophrenia Exome Meta-Analysis (SCHEMA) consortium



Section Overview

● Sequencing data and formats
○ Exomes and genomes

● What’s in an “annotation”?
○ Constraint and functional annotation

● Family-based vs case-control designs
● Gene-based RVAS tests
● Burden heritability



Sequencing data and formats



From sample to GWAS array



From sample to short-read sequencing



Exomes vs. Genomes
Whole genome sequencing Whole exome sequencing

Short reads

Region Untargeted Only protein-coding regions

Features

Better sensitivity towards all 
variants, but especially indels and 

structural variants (SVs)

More cost-effective, and captures 
most of the likely impactful rare 

variation

Captures non-coding variation Misses non-coding variants, less 
effective at SVs





NRXN1 gene

Key concepts
● Targeted vs untargeted coverage
● Read alignment
● Paired-end reading 
● Insert size

https://gnomad.broadinstitute.org/gene/ENSG00000179915?dataset=gnomad_r4


Sequencing data file formats
● FASTA/Q

○ unaligned sequence reads
● SAM / BAM / CRAM

○ Aligned reads to reference genome
● VCF

○ Variant positions only
○ Flexible file structure





Links:

VCF spec pdf

NRXN1 variant level data

Variant Call Format (VCF)

Key concepts
● Header
● INFO field
● FORMAT description
● CHROM / POS line
● Genotype format
● GQ in Phred Likelihood scale

https://samtools.github.io/hts-specs/VCFv4.5.pdf
http://gnomad.broadinstitute.org/variant/2-49922214-T-C?dataset=gnomad_r4


Hail Matrix table cheat sheet

Hail Matrix table format (.mt)

Hail Matrix Table VCF

g “global” annotations FORMAT field

c “column” annotations Sample level fields

r ”row” annotations variant level fields

e “entry” fields genotype level data

key assigned field for 
sorting

Assumes chrom / 
position order

https://hail.is/docs/0.2/_static/cheatsheets/hail_matrix_tables_cheat_sheet.pdf


Variant Annotation



What does “annotating” a variant mean?



Non-protein coding annotations
● Promoter
● Enhancer/silencer/repressor
● Transcription factor

○ Binding site
○ Modifier

Epigenetic effects
● Histone modifiers
● Methylation

Quantifying non-coding variant effects
● QTL (quantitative trait locus)
● Gene Expression (eQTL)
● Alternative Splicing (sQTL)
● Chromatin Accessibility (caQTL)





“MAPS” = Mutability adjusted proportion of singletons

Annotation via constraint and predicted “pathogenicity”

● Cross-species conservation
○ phyloP
○ GERP

● Missense deleteriousness
○ Polyphen-2
○ REVEL
○ SIFT

● Within-species constraint
○ MPC
○ LOEUF / pLOF

● Machine learning aggregate scores
○ CADD

● Deep neural networks
○ AlphaMissense
○ popEVE
○ PrimateAI

NRXN1 gene

https://github.com/Illumina/PrimateAI
https://gnomad.broadinstitute.org/gene/ENSG00000179915?dataset=gnomad_r4


Coding annotation broadly enriched for rare variant h2 in UKB phenotypes  

Wainschtein et al., 2025



Yet constraint annotations less likely than GWAS hits explains rare variant h2 in 
UKB phenotypes

DCCVA 

Distance to Closest 
Common Variant 
Association

Wainschtein et al., 2025



Case-control vs family-based designs



Case-control vs family-based designs



Using the de novo mutation rate as our expectation

● Modeling a fixed expectation 
for each annotation class

● More powerful than control 
rates, particular among rare 
observations

● Sensitive for testing gene 
recurrence as well (2 or more 
de novo mutations)



Family-based testing for an exome-wide burden of de novo PTVs





Enrichment of variants in constrained genes across a 
variety of neuropsychiatric illnesses





Gene-based RVAS tests

RVAS = Rare Variant Association Tests



Gene-based burden testing
Often we determine which variant annotations are “damaging” on the 
exome-wide / constraint gene-set burden

* Cirulli et al. 2020



GRIN2A gene in SCHEMA

24.2K cases
97.3K controls
3.4K trios

Burden test used 

● Fisher’s Exact Test (2 x 2) 

● Cochran-Mantel-Haenzel (CMH) 
Test (2 x 2 x N)



Many collapsing tests proposed
Basic 2 x 2 burden test is still most widely used 

Type Examples Description Strengths Weaknesses

Burden test
ARIEL test, CAST, 
CMC method, MZ 

test, WSS

Collapse rare 
variants into genetic 
scores

Powerful when a large proportion 
of variants are causal and effects 
are in the same direction

Lose power in the presence of both 
trait-increasing and trait-decreasing variants or 
a small fraction of causal variants

Adaptive 
burden test

aSum, Step-up, ER
EC test, VT, KBAC 

method, RBT

Use data-adaptive 
weights or 
thresholds 

More robust than burden tests 
using fixed weights or thresholds; 
some tests can improve result 
interpretation

Computationally intensive; VT requires the 
same assumptions as burden tests

Variance 
components 

test

SKAT, SSU 
test, C-alpha test

Test variance of 
genetic effects

Powerful in the presence of both 
trait-increasing and 
trait-decreasing variants or a 
small fraction of causal variants

Less powerful than burden tests when most 
variants are causal and effects are in the 
same direction

Combined 
test

SKAT-O, Fisher 
method, MiST

Combine burden and 
variance-component 
tests

More robust with respect to the 
percentage of causal variants and 
the presence of both 
trait-increasing and 
trait-decreasing variants

Slightly less powerful than burden or 
variance-component tests if their assumptions 
are largely held; some methods (e.g., the 
Fisher method) are computationally intensive

Other RUNNER, 
DeepRVAT

Not test on 
region-based 
aggregated score

More flexible than traditional 
aggregated tests

Haven’t been widely tested, less 
straightforward to interpret

*Lee et al. 
2014



Using a bayesian framework (TADA) with well-powered 
sample sizes and reliably specified parameters

Autism gene discovery

Fu, Nat Gen 2022



Burden Tests

 

Compare the difference in the number of individuals carrying variants in a 
given gene/region between disease case and control cohorts.

A threshold indicator 
or weight for variant j

Allele count of variant j in sample i

 



Adaptive Burden Tests

VT test* EREC*

Feature Find the optimal MAF threshold of 
rare variants by varying the threshold 

Estimates a regression coefficient of 
each variant and uses them as the 

weight 
Pre-requisites Requires similar assumptions to 

those of the burden tests; i.e., it 
requires a majority of rare variants 
under the optimal threshold to be 

causal and have effects in the same 
direction 

Requires estimation of regression 
coefficients, which are difficult to 
estimate stably for rare variants 

Strengths Improve the power compared to the burden tests 

Weaknesses Computationally intensive when applied to large-scale sequencing studies
Because they rely on a large number of permutation or bootstrap samples to compute p 
values and are difficult to control for covariates, such as population stratification 

Use data-adaptive weights or thresholds on variants to adjust for traditional 
burden tests. 

* Price et al. 
2010

* Lin et al. 
2011



Variant Component Tests / Kernel-based 
Tests

C-alpha*
●  

SKAT*
●  

Use the variance of genetic effects and demonstrate more power in the 
presence of variants with diverse functional directions or a smaller proportion 
of causal variants

* Wu et al. 
2011

 

* Neale et al. 
2011

 

The proportion of 
cases out of total 
samples, e.g. 0.5



Combined Tests - e.g., SKAT-O* 

●  

Take the benefit of both burden and variance-component tests to construct 
association tests that are more robust with respect to the proportion of causal 
variants and the functional direction of variants

Strengths

Computationally efficient

Easy to adjust for covariates for population 
stratification, e.g., age, gender, PC

Maximize power

Adjust for small sample size and 
dichotomous phenotype

* Lee et al. 
2012



Novel Test #1: STARR

● Functional 
annotation

● Population 
structure 

● Relatednes
s

● Scalable

A scalable and powerful rare variant association test method that dynamically 
incorporates both qualitative functional categories and quantitative complementary 
annotation scores using a unified omnibus multidimensional weighting scheme

* Li et al. 
2020



Novel Test #2: RUNNER* 

Strengths Limitations

Insensitive to population 
structure and relatedness

Not adjusted for 
confounders (sex, age)

Runtime insensitive to 
sample size 

Difficult to select reference 
population for admixed 

pop

Independent of mutation 
types (coding & splicing)

Not considering 
non-coding region

More powerful and more 
accurately reflecting 

mutation burden 

Decreased power for 
highly polygenic diseases

Rare variants association test based on the of the observed mutation burden of a 
gene in cases from a baseline predicted by a weighted recursive truncated 
negative-binomial regression 

*Jiang et al. 
2022



Novel Test #3: DeepRVAT

Strengths:

1) Learn variant effects without strong 
filtering or specifying a kernel

2) Model nonlinear and epistatic effects

3) Efficiently incorporate dozens of 
multi-modal variant annotations

4) Provide trait-specific burden scores 

5) Utilize GPUs for biobank-scale 
analyses.

Data-driven framework that uses deep neural networks to learn a flexible rare 
variant aggregation function. DeepSet networks to efficiently model variant effects 
and interactions

Association testing 

Phenotype prediction

DeepRVAT
Annotate 
variants

Variant 
embeddings 

Gene 
embeddings

Gene 
impairment 

score

Select seed genes from burden tests



Exome-wide significance

Bonferroni correction

0.05 * Ngenes * Nindep. annotations



https://app.genebass.org/

https://app.genebass.org/


Burden heritability



How much trait variance can be explained by ultra-rare variants?



UK Biobank burden heritability regression results



Addressing the difference with other estimates of rare variant heritability



Addressing the difference with other estimates of rare variant heritability



ML



















Thank you for listening


