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Setup
● 6 Sessions:

(1) Genotype Imputation
(2) Use the server and the Imputation Bot, 
(3) GWAS,chrX, HLA (4) GWAS pipeline and PGS Server, 
(5) Helmholtz Munich Imputation Server, (6) TOPMed

○ Lectures
○ Demos
○ Interaction

■ PollEv.com/ashg

● Question & Answer session at the end
3
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Section 1

Imputation and the Server

 
 Christian Fuchsberger
 Eurac Research
 cfuchsberger@eurac.edu
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Learning objectives

Participants will
1. Understand the principles of genotype imputation and
the Michigan Imputation Server 
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Genotype imputation

Key method used in GWAS to

● Increase the number of tested variants

● Fine-mapping becomes more complete

● Meta-analysis using different arrays

6



0. Imputation setting

GWAS Haplotypes
. . . . A . . . . . . . A . . . . A . . .
. . . . G . . . . . . . C . . . . A . . .

Reference Haplotypes (e.g. TOPMed)
C G A G A T C T C C T T C T T C T G T G C
C G A G A T C T C C C G A C C T C A T G G
C C A A G C T C T T T T C T T C T G T G C
C G A A G C T C T T T T C T T C T G T G C
C G A G A C T C T C C G A C C T T A T G C
T G G G A T C T C C C G A C C T C A T G G
C G A G A T C T C C C G A C C T T G T G C
C G A G A C T C T T T T C T T T T G T A C
C G A G A C T C T C C G A C C T C G T G C
C G A A G C T C T T T T C T T C T G T G C
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1. Identify match among reference

GWAS Haplotypes
. . . . A . . . . . . . A . . . . A . . .
. . . . G . . . . . . . C . . . . A . . .

Reference Haplotypes (e.g. TOPMed)
C G A G A T C T C C T T C T T C T G T G C
C G A G A T C T C C C G A C C T C A T G G
C C A A G C T C T T T T C T T C T G T G C
C G A A G C T C T T T T C T T C T G T G C
C G A G A C T C T C C G A C C T T A T G C
T G G G A T C T C C C G A C C T C A T G G
C G A G A T C T C C C G A C C T T G T G C
C G A G A C T C T T T T C T T T T G T A C
C G A G A C T C T C C G A C C T C G T G C
C G A A G C T C T T T T C T T C T G T G C
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2. Impute

GWAS Haplotypes
c g a g A t c t c c c g A c c t c A t g g
c g a a G c t c t t t t C t t t c A t g g

Reference Haplotypes (e.g. TOPMed)
C G A G A T C T C C T T C T T C T G T G C
C G A G A T C T C C C G A C C T C A T G G
C C A A G C T C T T T T C T T C T G T G C
C G A A G C T C T T T T C T T C T G T G C
C G A G A C T C T C C G A C C T T A T G C
T G G G A T C T C C C G A C C T C A T G G
C G A G A T C T C C C G A C C T T G T G C
C G A G A C T C T T T T C T T T T G T A C
C G A G A C T C T C C G A C C T C G T G C
C G A A G C T C T T T T C T T C T G T G C
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ASHG 2014: imputation web service

1. 

Upload GWAS data

2. 
 

Server performs
• Quality checks
• Pre-phasing
• Imputation
• Encryption 

3.
 

Download results
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https://pollev.com/ashg

Interactive polls

https://pollev.com/ashg
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>14,000 users
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Used by researcher world-wide
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>120M imputed genomes
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Summary

Genotype imputation key method in GWAS

Michigan imputation server is easy to use and ensures high 
quality imputation

Cloud-services will accelerate genetic research so we can 
devote our time to more interesting tasks

More info and FAQ can be found here:
https://genepi.github.io/michigan-imputationserver/
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Section 2

Run a job, Data Preparation and Server 
Interaction

         
     Sebastian Schönherr 
     Medical University of Innsbruck
     sebastian.schoenherr@i-med.ac.at
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Learning objectives

Participants will learn
1. How to submit a genotype imputation job 
2. How to prepare your input data
3. Different ways to interact with imputation servers

18



● Michigan Imputation Server (2015) 
https://imputationserver.sph.umich.edu

● TOPMed Imputation Server (2020) 
https://imputation.biodatacatalyst.nhlbi.nih.gov

● Helmholtz Munich Imputation Server (2024)
https://imputationserver.helmholtz-munich.de

● Mexico City Prospective Study Imputation Server (2025)
https://imputationserver-reg.sph.umich.edu/

19

To run an imputation / PGS jobs, several 
imputation servers are available (1)

https://imputationserver.helmholtz-munich.de


● All servers are built on the same software stack 
○ version 1: Hadoop based
○ version 2: Nextflow based (since 2024)

● Each server offers different reference panels and 
applications

● For this workshop, we provide a hands-on tutorial using 
the Michigan Imputation Server (MIS) instance

20

To run an imputation / PGS jobs, several 
imputation servers are available (2)
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Hands-On Tutorial 
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https://tinyurl.com/imputationserver-2025



Running Imputation: Register an Account

23

https://tinyurl.com/imputationserver-2025



Running Imputation: Download Array Data
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https://tinyurl.com/imputationserver-2025



Running Imputation on MIS

25

https://tinyurl.com/imputationserver-2025



Running Imputation on MIS
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Running Imputation: Submit a first job
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Upload Data and Select Reference Panel

PANELS

1

2 3
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Step 1: Input Validation

Before uploading your data
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Step 2: Quality Control

1 2
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Step 3 + 4: Phasing, Imputation, Encryption

Imputation speed varies with server load.
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Download Results

Decrypt chr_20.zip using the password sent via email.



How many jobs are failing?

● 40% in 2015; 20% in 2019; 7% 2020-2024; >10% 2025
● Reason for job failures: Something wrong with your input data 

or phasing/imputation issue on our side

33



34



Input Validation
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QC Step 

How to fix input files? 36

1 2
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Imputation Preparation Tool 

● Developed by W. Rayner
● Works for all major reference panels (HRC, TOPMed, Asia, 

CAAPA, 1000G)
● Checks for consistency between input data and a reference 

panel
● Updates/removes SNPs, Updates strand, position and ref/alt 

assignment 
● Input Data in PLINK Binary Format (bim, bed, fam)

https://www.well.ox.ac.uk/~wrayner/tools/HRC-1000G-check-bim-v4.3.0.zip 37

TUTORIAL AVAILABLE ON MIS
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How to download
the imputed genotypes?

40



Option 1: Web-Interface

41

1

2

3



Option 2: Batch Download
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Option 3: Use Imputationbot
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https://tinyurl.com/imputationserver-2025



● Automate remote imputation
● Submit and monitor jobs from the command line
● Different commands can easily be combined

Imputation Bot

44
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Workflow

● curl -sL imputationbot.now.sh/v2 | bash

● ./imputationbot add-instance

● ./imputationbot impute --files gwas.array.hapmap.chr20.vcf.gz --refpanel 
hapmap-2 --population eur

● ./imputationbot download job-20251007-104433-914 --password ABCD

46



Running Imputation Locally

47

https://tinyurl.com/imputationserver-2025



● Since 2024 MIS Workflow is based on Nextflow
● Nextflow is a workflow management system for scalable and 

reproducible bioinformatics pipelines
● Requirements

● Install Nextflow

● Use your own/publicly available reference panel

● Run Imputation on the commandline

48

Running Imputation Locally
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Running Imputation Locally

1

2

3
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Running Imputation Locally



Summary

● MIS Web Interface provides a fast and reliable way to 
impute data 

● We provide tutorials to run imputation on MIS, locally and 
via the imputationbot

● MIS applies a strict Quality Control with the goal to return 
high quality imputation data

51



Section 3

Performing GWAS using imputed data

52

Cassandra Spracklen
University of Massachusetts
cspracklen@umass.edu



Learning objectives

Participants will learn to:
● Identify and understand the use of variant imputation 

quality information following imputation in the MIS
● Distinguish between some of the available options for 

GWAS
● Troubleshoot common GWAS errors

53
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Imputation Quality

● For each variant, how confident can we be that the imputation dosages are 
sufficiently “accurate” for association analyses?

● Measure of confidence in imputed dosages: “Rsq” column [range 0-1]

From a chr20.info.gz file
55
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Imputation Quality

● Minimal Rsq value for common variants
○ ≥ 0.30

● Minimal Rsq value for low frequency/rare variants
○ ≥0.50

● Before performing GWAS, remove variants that do not meet these thresholds
○ Suggested program: VCFtools
○ Saves computational time when performing GWAS

58



Which GWAS program(s) have you used?

59



Performing the GWAS

● Each program has its own input, output formats, and options
● Typical input files 

○ Genotype file (.vcf; .bgen; .bed/.bim/.fam)
○ Phenotype/covariate file (.txt; .ped)
○ Some programs use separate phenotype and covariate files
○ Kinship/relationship matrix (EPACTS, SAIGE)

60



Available GWAS Programs

No File Reformatting (VCF from MIS)

● EPACTS
● Rvtests
● SNPTEST
● SAIGE

File Formatting Required

● BOLT-LMM
● BGENIE
● regenie 
● PLINK 

61*May not be all-inclusive



Each GWAS Program Has Strengths, Limitations

EPACTS/Rvtests

+ Many model options - single variant, gene-based
+ Chr X analyses
+ Phenotypic transformation (e.g inverse normal; Rvtests only)
+ Linear mixed model for sample relatedness (quantitative traits only)
+ Generate covariance matrices for downstream analyses (e.g conditional analyses; 

Rvtests only)

- Memory intensive 
- Sample size ~≤20,000 (better ≤10,000)

EPACTS: https://genome.sph.umich.edu/wiki/EPACTS 
Rvtests: https://genome.sph.umich.edu/wiki/Rvtests 62

https://genome.sph.umich.edu/wiki/EPACTS
https://genome.sph.umich.edu/wiki/Rvtests


Each GWAS Program Has Strengths, Limitations

SAIGE

+ Similar to Rvtests, but for very large sample sizes (e.g. biobanks)
+ Able to account for sample relatedness for binary traits
+ Designed to handle unbalanced number of cases and controls
+ Chr X analyses

- Should not be used to examine heritability (biased variance estimates)
- Computational time can vary widely between phenotypes and sample sizes
- Can be conservative for extremely unbalanced case and control ratio
- Odds ratios estimated to conserve computational time

SAIGE: https://github.com/weizhouUMICH/SAIGE 63

https://github.com/weizhouUMICH/SAIGE


Each GWAS Program Has Strengths, Limitations

SNPTEST

+ Frequentist and bayesian methods supported
+ Chr X analyses

- Limited to unrelated individuals
- Computationally intensive

SNPTEST: https://www.well.ox.ac.uk/~gav/snptest/#introduction 64

https://www.well.ox.ac.uk/~gav/snptest/#introduction


Each GWAS Program Has Strengths, Limitations
BOLT-LMM/BGENIE/Regenie

+ Great for very large sample sizes (e.g. biobanks)
+ Chr X analyses
+ Computationally efficient (Regenie)

- Requires files to be in BGEN or PLINK format 
- Nextflow pipeline for regenie using VCF: https://github.com/genepi/nf-gwas
- Not optimal for extremely unbalanced case control ratio (especially with rare 

variants) 

BOLT-LMM: https://data.broadinstitute.org/alkesgroup/BOLT-LMM/#x1-5600011
BGENIE: https://jmarchini.org/bgenie/ 
Regenie: https://github.com/rgcgithub/regenie

65

https://data.broadinstitute.org/alkesgroup/BOLT-LMM/#x1-5600011
https://jmarchini.org/bgenie/
https://github.com/rgcgithub/regenie


Each GWAS Program Has Strengths, Limitations

PLINK

+ Quick
+ Multiple versions; often as intermediary tool to the other programs
+ Can run on the command line (unix not required)
+ Chr X analyses

- Requires files to be in PLINK format (.bed/.bim/.fam)
- Limited model options

PLINK: https://www.cog-genomics.org/plink/2.0/ 66

https://www.cog-genomics.org/plink/2.0/


Summary of common GWAS analysis tools

EPACTS Rvtests SNPTEST SAIGE BOLT-LMM Bgenie Regenie

Input VCF Y Y Y

Sample relatedness 
(Quantitative outcome) Y Y Y Y Y Y

Sample relatedness 
(Binary outcome) Y Y Y

Case control 
imbalance Y Y

Large sample size
(>20,000) Y Y Y Y
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Common Errors When Running a GWAS

● Wording of error messages vary by program, but the same issues will cause 
errors throughout all of the program

● [Unix] Errors independent of GWAS program
○ File permissions

■ Correct by changing file permissions
○ Directory/file not found

■ Correct by making sure all of the file locations and names are accurate
○ Not enough memory/time

■ Correct by restarting job with adequate memory/time allocation

71



Common Errors When Running a GWAS

● Common errors
○ IDs don’t match

■ Correct by ensuring that the ID in the phenotype, genotype, covariance, kinship matrix are 
consistent format in all files

72



Common Errors When Running a GWAS

● Common errors
○ IDs don’t match

■ Correct by ensuring that the ID in the phenotype, genotype, covariance, kinship matrix are 
consistent format in all files

○ File format(s) incorrect
■ Correct by making sure the format of all files are as the program is expecting (e.g. 

columns, delimiters, headers, file extension

73



Common Errors When Running a GWAS

● Common errors
○ IDs don’t match

■ Correct by ensuring that the ID in the phenotype, genotype, covariance, kinship matrix are 
consistent format in all files

○ File format(s) incorrect
■ Correct by making sure the format of all files are as the program is expecting (e.g. 

columns, delimiters, headers, file extension
○ Improperly specified options/command

■ Correct by checking all needed options are specified, correct order, no typos

74



Common Errors When Running a GWAS

● Common errors
○ IDs don’t match

■ Correct by ensuring that the ID in the phenotype, genotype, covariance, kinship matrix are 
consistent format in all files

○ File format(s) incorrect
■ Correct by making sure the format of all files are as the program is expecting (e.g. 

columns, delimiters, headers, file extension
○ Improperly specified options/command

■ Correct by checking all needed options are specified, correct order, no typos
○ Peripheral programs not available (e.g. R with EPACTS, SAIGE)

■ Correct by installing other peripheral programs

75



Common Errors When Running a GWAS

● Common errors
○ IDs don’t match

■ Correct by ensuring that the ID in the phenotype, genotype, covariance, kinship matrix are 
consistent format in all files

○ File format(s) incorrect
■ Correct by making sure the format of all files are as the program is expecting (e.g. 

columns, delimiters, headers, file extension
○ Improperly specified options/command

■ Correct by checking all needed options are specified, correct order, no typos
○ Peripheral programs not available (e.g. R with EPACTS, SAIGE)

■ Correct by installing other peripheral programs
○ Invalid estimate (e.g. heritability in BOLT-LMM)

■ Sample too related and/or sample size too small
■ Correct by using a different program

76



Interpreting GWAS Results

● GWAS results must be carefully reviewed for:
○ Imputation quality!
○ Genomic inflation
○ False positives

● Replication datasets
● PheWas

77



Sex chromosomes

● Humans have two sex chromosomes, X and Y, that in 
combination determine the sex of an individual. 
○ To ensure balanced expression, one of the female’s X-chromosome 

is randomly selected to undergo inactivation(either paternal or 
maternal determined at early embryonic development).

○ Pseudoautosomal regions (PAR1 and PAR2) are short regions on 
the X- and Y-chromosomes that are inherited in an autosomal 
rather than a sex-linked manner

78



X-chromosome - genotype calls and QC

● Genotype calls on X-chromosomes
○ One copy in males, two copies in females

● Clarity of genotype calls on X-Chromosome
○ 0/1/2 allele coding in females; 0/1 or 0/2 allele coding in males
○ 0/0.5/1 allele coding in females; 0/0.5 allele coding in males
○ Comparing standard error with autosomal data

● Analysis plan to be specific on allelic coding
● Develop QC checks before association analyses, e.g., similar 

allele frequencies between males and females (differential calls 
bias)

79



X-chromosome - imputation

80https://imputationserver.readthedocs.io/en/latest/pipeline/#chromosome-x-pipeline



Interpretation of association

● Biological considerations:
○ Assumption of total X-inactivation but there is evidence of escape 

and compensation mechanisms
○ Different inheritance/activation in different tissues? 
○ Sex-biased gene expression? Unclear if it is real differences in gene 

expression or influence of hormones. 
● Methodology development

○ Statistical methods to estimate the inactivation when estimating 
the effects; adjusting for sex

81Markus Scholz @ Institute for Medical Informatics, Statistics and Epidemiology, University of Leipzig



Summary

● Variants must be filtered post-imputation to remove those with 
poor imputation quality

● There are many GWAS programs available, each with their own 
strengths and limitations - so be sure to pick one that fits your 
analyses needs

● As these GWAS programs are widely used or adopted by 
consortia, there are tutorials and help-pages available

● X-chr imputation and analyses are also possible!

 
More info and FAQ can be found here:

https://imputationserver.readthedocs.io
82

https://imputationserver.readthedocs.io/


HLA Imputation

83

Saori Sakaue
Broad Institute
ssakaue@broadinstitute.org
       

Slides Created By: 

mailto:ssakaue@broadinstitute.org


HLA genes are within MHC (major histocompatibility 
complex) locus on chromosome 6

More than 200 immune-related genes!

HLA class II genes HLA class I genes
84



MHC locus confers the largest number of associations 
of any locus genome-wide

In UK Biobank, Sakaue et al. Nat Genet 2021, Sakaue et al. Nature Protocols 2023 85
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Genotype Imputation of HLA Region is great, 
but not perfect

Image Credit: Cristian Valencia
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Genotype imputation in a nutshell

Genotype imputation

Genotyped SNPs

Reference haplotype with 
whole-genome SNPs

Untyped SNPs

Known

Given

Unknown 
(Impute!)

88



HLA imputation in a nutshell

Genotype imputation

Genotyped SNPs

Reference haplotype with 
whole-genome SNPs

Untyped SNPs

Known

Given

Unknown 
(Impute!)

HLA imputation

Genotyped SNPs

Reference haplotype with 
HLA alleles and amino 
acid sequences

Untyped HLA alleles and 
amino acid sequences

89



QCed Plink *.{bed,bim,fam}

HLA imputation in a nutshell
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Multi-ancestry panel
(EUR, EAS, SAS, AFR, LAT)

Luo et al. Nat Genet 2021, Sakaue et al. Nat Protocols 2023

HLA imputation in a nutshell
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Haplotype phasing + Imputation

HLA imputation in a nutshell

92



• Beagle
• SHAPEIT
• Eagle

• Beagle
• Minimac

Browning & Browning. AJHG 2007, Dalaneau et al. Nat Methods 2013, Loh et al. Nat Genet 2016, Das et al. Nat Genet 2016

Haplotype phasing + Imputation

HLA imputation in a nutshell
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• Beagle
• SHAPEIT
• Eagle

• Beagle
• Minimac

Sakaue et al. Nat Protocols 2023

Haplotype phasing + Imputation

HLA imputation in a nutshell
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HLA imputation in MIS
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HLA imputation in MIS

Latest HLA reference panel

96



HLA imputation in MIS

QCed genotype data on chromosome 6 in VCF format

97



HLA imputation in MIS

Can be prephased (recommended in small 
sample size) or phasing by Eagle at MIS

98



Let’s look at the output from MIS!
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Let’s look at the output from MIS!

Imputed SNPs within MHC

100



Let’s look at the output from MIS!
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Imputed HLA alleles

“T”: Presence of the allele
“A”: Absence of the allele

REF   ALT
102



Imputed HLA alleles

“T”: Presence of the allele
“A”: Absence of the allele

REF   ALT
103



How are imputed HLA variants associated with disease?
Position 11 of
DRB1 gene

104



Omnibus test to ask which HLA amino acid position affects the disease 
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How much does this amino acid position’s polymorphism 
increase the explained variance for the trait?

→ Determine the single most significant amino acid position

Omnibus test to ask which HLA amino acid position affects the disease 

106



Summary

1. HLA amino acid sequences and alleles characterize 
antigen presentation and disease risk within HLA.

2. HLA amino acid sequences and alleles can be 
accurately imputed from genotyped SNPs by MIS.

3. Imputed HLA alleles can be used to fine-map causal 
disease mechanisms.

107



Summary

Sakaue et al. Nature Protocols 2023 108

1. HLA amino acid sequences and alleles characterize 
antigen presentation and disease risk within HLA.

2. HLA amino acid sequences and alleles can be 
accurately imputed from genotyped SNPs by MIS.

3. Imputed HLA alleles can be used to fine-map causal 
disease mechanisms.



Section 4
nf-gwas and PGS Server

Lukas Forer
Medical University of Innsbruck
lukas.forer@i-med.ac.at
@lukfor

109
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Learning objectives

Participants will 

1. Learn how to run a GWAS pipeline
2. Learn how to use the PGS extension
3. Learn how to analyze PGS calculated by the server

110



Summary of common GWAS analysis tools

EPACTS Rvtests SNPTEST SAIGE BLOT-LMM Bgenie regenie

Input VCF Y Y Y

Sample relatedness 
(Quantitative outcome) Y Y Y Y Y Y

Sample relatedness 
(Binary outcome) Y Y Y

Case control 
imbalance Y Y

Large sample size
(>20,000) Y Y Y Y

111



● A GWAS pipeline based on REGENIE and works with VCF input 
● Includes several pre- and post-processing steps

● Based on Nextflow 

○ Allows to build a portable, reproducible, scalable pipeline

○ Runs on clusters (e.g. SLURM) or in the cloud (e.g. AWS Batch)

112

nf-gwas



Workflow

113



114

You can also download the pre-imputed data

Simulated PhenotypesDownload Phenotypes

https://tinyurl.com/imputationserver-2025



Easy to configure

nextflow run genepi/nf-gwas -r v1.0.11 -profile docker -c my-gwas.config

my-gwas.config

115

phenotypes

covariates

Imputed genotypes
from Imputation Server

Annotation and
visualization



Results Phenotype 2

116

Top Loci

Loci are defined ±200 kb around lead SNPs



Results Phenotype 4

117

No significant loci.



Tutorial: Setup, Parameters, and Example Analyses

● On the workshop website, you’ll find a step-by-step tutorial on how to:

○ Setup and install the pipeline
○ Explore all available parameters
○ Run association tests for binary traits (e.g. pheno_1 and pheno_2)
○ Generate and interpret QQ plots

● Also available for PLINK2

118https://tinyurl.com/imputationserver-2025
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Imputation Server PGS
● Makes it easier to use polygenic scores (PGS) with imputed 

genotypes by calculating them directly on the server

● PGS: aggregates the effects of many genetic variants into a 
single number which predicts genetic predisposition for a 
phenotype

● Available since April 2022
● More than 5,000 submitted jobs
● Supports more than 3,000 scores

120



121



Workflow

122
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Results
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What can we do with these scores now?
Example: compare how well each score explains the simulated phenotypes

● Merge scores with phenotypes

● You can also download the calculated polygenic scores from the website

125https://tinyurl.com/imputationserver-2025
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UPDATE with test data!
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UPDATE with test data!



128https://tinyurl.com/imputationserver-2025



Summary

● Imputation Servers are easy to use and ensure high-quality 
imputation

● GWAS and PGS play a key role in modern genetic research

● Several pipelines and extensions of the Imputation Server

Aim: Taking the burden out of genetic analysis
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Section 5

Helmholtz Munich Imputation Server

Eleftheria Zeggini
Director, Institute of Translational 
Genomics

130



• The transfer of personal data to countries outside the European Economic Area (EEA) is generally 
prohibited by default

• Therefore, all personal data on EU citizens must reside and be processed on servers physically 
located within the EU

• Human genetic data are considered a special category of personal data subject to stricter 
requirements

• There are reasons when personal data can be moved outside the EEA:
‒ Consent is given by the individual for the transfer
‒ A Standard Contractual Clause (SCC) has been agreed between the two parties
‒ There is adequacy agreement with country

Why do we need another imputation server? 



EU Adequacy Agreements



Helmholtz Munich Imputation Server

The server is designed to assist 
users in the EU to comply with the 
2016 General Data Protection 
Regulation (GDPR) law



Helmholtz Munich Imputation Server

● Based on the freely available Michigan software

● Currently version 2 based on Cloudgene and Hadoop

● Moving to version 3, currently integrating the changes we have made 
from the standard Michigan software 



Notable Differences vs Michigan

● More information is required on sign up to comply with GDPR 



HMIS sign up

Institute name and address

email of legal representative 
and country are required so 
as to meet our obligations 
under GDPR



Notable Differences vs Michigan

● More information is required on sign up to comply with GDPR

● Short and long (>25,000 samples) processing queues introduced to 
ensure fair access to the resource

● Longer more complex passwords are now required, >15 characters



Current Reference 
Panels

● 1000G GRCh37 

● 1000G GRCh38

● HRC

● HapMap2



Upcoming Reference 
Panels

● German National Cohort (NAKO) 
~15,500
Will be expanded to 30,000

● Genome of Europe 



Registered Users

We have 101 registered 
users, largely from 
across the EU

 



Number of genomes

● Over 900,000 genomes 
imputed to date





Section 6

The TOPMed Imputation Server

Albert Smith
University of Michigan
albertvs@umich.edu 
      @avsmith

143
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TOPMed Program

● Trans-Omics for Precision 
Medicine (TOPMed) Program

● A Precision Medicine Initiative 
sponsored by National Heart, 
Lung and Blood Institute

● Integrating whole-genome 
sequencing and other omics data

● >180k participants from >90 
studies
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TOPMed Imputation
● Current reference panel based on TOPMed Freeze 8 Calls
● Michigan Imputation Server ported to Amazon Web Services
● R2 panel released April 2020
● Updated R3 panel released December 2023
● https://imputation.biodatacatalyst.nhlbi.nih.gov
● Registration as before, open access to TOPMed panel
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TOPMed Panel Compared
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TOPMed_r2 HRC 1000G 
Genomes

N samples 97K 39K 2,500
Ancestry Multiethnic European Multiethnic

N variants 308M 39M 88M
Avg. depth 38X 8X 4X

Genome build Position b38 b37 b37



TOPMed Panel Freq 
Distribution 

Variation type
Non-reference allele frequency bins

(0, 0.005] (0.005, 0.01] (0.01, 0.05] (0.05, 1) Totals

SNVs 270,352,495 3,365,284 5,330,340 7,020,861 286,068,980

Insertions 5,462,262 74,150 130,506 148,595 5,815,513

Deletions 15,406,052 185,606 297,186 333,748 16,222,592

Totals 291,220,809 3,625,040 5,758,032 7,503,204 308,107,085
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Imputation Panel Quality
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Imputation Panel Quality
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Updated TOPMed R3 Panel
● Existing panel has better 

coverage for EUR, AFR and 
AMR samples

● Targeted improvement for 
SAS and EAS samples

● Expanded panel (97k => 
143k)

● Released Dec 2023
(R2 deprecated)
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TOPMed Panel Compared
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TOPMed_r3 TOPMed_r2 HRC 1000G 
Genomes

N samples 143K 97K 39K 2,500
Ancestry Multiethnic Multiethnic European Multiethnic

N variants 414M 308M 39M 88M
Avg. depth 38X 38X 8X 4X

Genome build 
Position b38 b38 b37 b37

TOPMed_r2: Deprecated Dec 2025
TOPMed_r3: Contains HRC and HGDP
HRC: Haplotype Reference Consortium Panel
1000G: 1000 Genomes Project Reference Panel 



TOPMed Imputation 
Compared to WGS

● Proportion well imputed (r2 > 0.8) 
down to MAF:

○ 0.14% in African
○ 0.11% in Hispanic/Latino
○ 0.35% in European
○ 0.85% in Finnish 

● Similar performance for arrays 
with >700k variants

● Source: Hanks et al. 
https://doi.org/10.1016/j.ajhg.202
2.07.012
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TOPMed Imputation
● 84M genomes imputed
● Supplanted 1000g & HRC 

imputation for many studies
● Particularly benefits 

ethnically diverse cohorts 
● Satisfying GDPR-related 

concerns of European users 
remains a challenge 
(Better served by Munich 
Imputation Server)



TOPMed Imputation

● TOPMed Server migrating to Nextflow based architecture in near future
● Beta testers needed
● If you have imputation ready samples, contact me <albertvs@umich.edu> 

or our support address <imputationserver@umich.edu>
● NOTE: This will be the same R3 panel. Testers should have new samples.



Imputation Resources

● Michigan Imputation Server
https://imputation.sph.umich.edu/

● Helmholtz Munich Imputation Server
https://imputationserver.helmholtz-munich.de/

● TOPMed Imputation Server
https://imputation.biodatacatalyst.nhlbi.nih.gov/

● MCPS Imputation Server
https://imputationserver-reg.sph.umich.edu/

157

https://imputation.sph.umich.edu/
https://imputation.biodatacatalyst.nhlbi.nih.gov/


158



Thank you!
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Your questions

If we run out of time, please send your questions to

Christian Fuchsberger - cfuchsb@umich.edu
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