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Next-generation genotype imputation service and methods
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Genotype imputation is a key component of genetic association
studies, where it increases power, facilitates meta-analysis,

and aids interpretation of signals. Genotype imputation is
computationally demanding and, with current tools, typically
requires access to a high-performance computing cluster

and to a reference panel of sequenced genomes. Here we
describe improvements to imputation machinery that reduce
computational requirements by more than an order of
magnitude with no loss of accuracy in comparison to standard
imputation tools. We also describe a new web-based service for
imputation that facilitates access to new reference panels and
greatly improves user experience and productivity.

After study samples are genotyped on an array, typically assaying
300,000-1,000,000 single-nucleotide variants (SNVs), imputation
finds haplotype segments that are shared by study individuals and
a reference panel of sequenced genomes, such as those from the
1000 Genomes Project! or recent population sequencing studies?—.
Imputation accurately assigns genotypes at untyped markers, improv-
ing genome coverage, facilitating comparison and combination of
studies that use different marker panels, increasing power to detect
genetic association, and guiding fine-mapping>®.

Imputation accuracy increases with the number of haplotypes in
the reference panel of sequenced genomes’~?, particularly for rare
(minor allele frequency (MAF) < 0.5%) and low-frequency (0.5% <
MAF < 5%) variants. These rare and low-frequency variants include
most loss-of-function alleles!? and other high-impact variants that
are key for genotype-based callback and focused studies of natural
knockout alleles!!-13.

Large reference panels, such as the one developed by the Haplotype
Reference Consortium!'* (HRC), extend accurate imputation to

variants with frequencies of 0.1-0.5% or less and already include thou-
sands of putative loss-of-function alleles. The HRC panel combines
sequence data across >32,000 individuals from >20 medical sequenc-
ing studies and is cumbersome to access directly as a result of partici-
pant privacy protections in individual studies and the large volumes of
data involved. Imputing 1,000 genome-wide association study (GWAS)
samples using the HRC reference set requires ~2 years on a single CPU,
or 1 week on a 100-core cluster, using minimac2 (ref. 8).

Here we present new algorithms for genotype imputation that
increase computational efficiency with no loss of accuracy by leverag-
ing local similarities between sequenced haplotypes. We also present
a new web-based imputation service that greatly simplifies analysis,
eliminates the need for cumbersome data access agreements, and so
allows users to devote their time to other essential tasks.

The methods described here provide an extremely efficient strat-
egy for genotype imputation. Together, they ensure accurate impu-
tation, while reducing computational requirements and user time.
Our implementation supports reference panels composed of hundreds
of thousands of haplotypes and is freely available, enabling others to
build on our work.

To illustrate the potential benefits of these improved methods for
imputation, we first used computer simulation (Online Methods and
Supplementary Table 1). We found substantial gains in imputation
accuracy between imputed genotypes and the true simulated geno-
types as panel size increased. For variants with MAF of 0.01-0.1%,
average imputation r2 values increased from 0.41 to 0.79 when refer-
ence panels grew from #n = 1,000 to # = 20,000 individuals, a near dou-
bling in effective sample size for association (which scales as r?)1°.

Imputation into current large GWAS data sets, which total millions of
samples, can quickly and cost-efficiently identify carriers of many inter-
esting rare and low-frequency variants. For example, with a reference

1Department of Biostatistics, Center for Statistical Genetics, University of Michigan, Ann Arbor, Michigan, USA. 2Division of Genetic Epidemiology, Department

of Medical Genetics, Molecular and Clinical Pharmacology, Medical University of Innsbruck, Innsbruck, Austria. 3Istituto di Ricerca Genetica e Biomedica, CNR,
Monserrato, Cagliari, Italy. 4Dipartimento di Scienze Biomediche, Universita degli Studi di Sassari, Sassari, Italy. ®Institute for Behavioral Genetics, University of
Colorado, Boulder, Colorado, USA. éClinical Trials Branch, Division of Epidemiology and Clinical Applications, National Eye Institute, US National Institutes of Health,
Bethesda, Maryland, USA. 7HudsonAlpha Institute for Biotechnology, Huntsville, Alabama, USA. 8Department of Psychology, University of Minnesota, Minneapolis,
Minnesota, USA. 9Laboratory of Genetics, National Institute on Aging, US National Institutes of Health, Baltimore, Maryland, USA. 19Department of Genetics,
University of Pennsylvania, Philadelphia, Pennsylvania, USA. 11Department of Epidemiology, Harvard T.H. Chan School of Public Health, Boston, Massachusetts,
USA. 12Program in Medical and Population Genetics, Broad Institute of Harvard and MIT, Cambridge, Massachusetts, USA. 13Neurobiology-Neurodegeneration and
Repair Laboratory, National Eye Institute, US National Institutes of Health, Bethesda, Maryland, USA. 14Center for Biomedicine, European Academy of Bolzano/Bozen
(EURAC), affiliated with the University of Liibeck, Bolzano, Italy. 15These authors contributed equally to this work. 16These authors jointly directed this work.
Correspondence should be addressed to G.R.A. (goncalo@umich.edu) or C.F. (christian.fuchsberger@eurac.edu).

Received 27 January; accepted 2 August; published online 29 August 2016; doi:10.1038/ng.3656

NATURE GENETICS ADVANCE ONLINE PUBLICATION


http://dx.doi.org/10.1038/ng.3656
http://www.nature.com/naturegenetics/
http://www.nature.com/naturegenetics/

l@y © 2016 Nature America, Inc. All rights reserved.

LETTERS

&

Block B+1 m

Block B
4> Block B+1 Block B 4_’
Start with [ —
block B X, iATAAGICIAGA! X; ATAAGICIAGA!
X, {ATARGICIAGAL X, ATAAGICAGA!
Xy iaTaaciciacTi X, ATAAGiciACT!
X, iaTaaciciacri Xy BuTuduhaG G AuCulei Repeat same
Xs iacTAAiciTCT! Xs ACTAARACITCT:
X¢ iACTARCITGA; Xe A CTARACITGA; procedure on
X, iATARARITIAGA: X; ATAARATIAGA! block B+1
Xs iATAARAITIACT Xg ATAAATIACT
Marker:il 2 3 4 5:6i78 9! Marker:il 2 3 4 5i6i78 9}
— c—
H H A—p. H H
. . X, ATAAGCE i ; X, iATAAGCE
Identify unique X araacc X arancc
haplotypes X, ATAAGC! {(ATARAGC: X, ATAAGC
X4 ;ATAAGC; Xs ;ATAAGC
X meranc AcTAAC X menanc
Yy« X1 X0 XX, X, BmTAAATD X, mTAAAT
Y, « X5 Xg X¢ ATAAAT: iATAAAT: Xg ATAAAT Unfold
Yy XpXg Marker:il 2 3 4 5 6} varkes: L2 s 4 s 6 Marker:il 2 3 4 5 6} probabilities at
’ i end marker 6
Block B Block B
Lp(X)
R 1], ~m P
LX) =L8(V) x| |+ £ (v)[———
6 6\
j e O L)
Fold probabilities Implement
t start marker 1
atstart marke HMM along
block

)

L(Y) = 2 LX)
iX=Y,

Figure 1 Overview of state space reduction. We consider a chromosome region with M = 9 markers and H = 8 haplotypes: X1, Xo, ..

N,
Li4(Y) = [[1 =0 L(Y) + 'Tkz L ()% P(Si4lY))

., Xg. We break the

region into consecutive genomic segments (blocks) and start by analyzing block B from marker 1 to marker 6. In block B, we identify U= 3 unique
haplotypes: Y1, Y», and Y3 (colored in green, red, and blue, respectively). Given we know the left probabilities of the original state space at marker 1
(that is, L1(X1), ..., L1(Xg)), we fold them to get the left probabilities of the reduced state space at marker 1: £1(Y7), £1(Y2), and £1(Y3). We implement
HMM on the reduced state space (Y1, Yo, and Y3) from marker 1 to marker 6 to get Lg(Y1), Le(Y>), and Lg(Y3). We next unfold the left probabilities of
the reduced state space at marker 6 to obtain the left probabilities of the original state space: Lg(X7), ..., Lg(Xg). We repeat this procedure on the next

block, starting with Lg(X1), ..., Lg(Xg), to finally obtain Lg(X1), ..., Lo(Xg).

panel of 20,000 individuals, our simulations estimate the probability
that individuals identified as rare allele carriers through imputation
actually carry the allele is ~84% (MAF of 0.01-0.1%; Supplementary
Table 1). If desired, genotypes for imputation-identified carriers can
be validated through Sanger sequencing or other targeted assays before
callback phenotyping or other follow-up analyses.

To enable many researchers to use larger reference panels and so
benefit from this potential for improved power and targeted analyses
for carriers of rare variants, we devised a new, faster imputation algo-
rithm. This algorithm is based on a ‘state space reduction’ of the hid-
den Markov models (HMMs) describing haplotype sharing; it exploits
similarities among haplotypes in small genomic segments to reduce
the effective number of states over which the HMM iterates (Fig. 1
and Online Methods). Similar ideas are a fundamental part of haplo-
type sharing analyses and have been used in Beagle!®, SHAPEIT!7-18,
and other genomics tools!®-2! to improve computational perform-
ance. Whereas methods such as SHAPEIT are designed to work best
in settings where there are few missing genotypes, our own algorithm
works well with data where most genotypes are missing and need to
be imputed. Our model divides the genome into consecutive blocks
and iterates only over the unique haplotypes in each genomic block. It
then uses a reversible mapping function that can reconstruct exactly
the state space used by minimac® and IMPUTE2 (ref. 22). Two impor-
tant features of the algorithm are that it yields exactly the same results
as more cumbersome analyses in the original state space and that it
remains computationally efficient in the presence of missing data
(which is essential for imputation). We implemented this method in
the C++ package minimac3.

We compared run time and memory requirements for minimac3
against those for minimac2 (ref. 8), Beagle 4.1 (ref. 16), and IMPUTE2
(ref. 9) by carrying out genotype imputation into 100 individuals of
European ancestry using reference panels of 1,091 to 32,390 sequenced
individuals (Table 1 and Online Methods). For minimac2 and IMPUTE?2,
memory and run time increased linearly with panel size. The newest
Beagle 4.1 was substantially faster, and its run time increased slightly
less than linearly with panel size. minimac3 consistently outperformed
all alternatives: increasing panel size ~30-fold from 1,091 to 32,390 sam-
ples increased memory requirements sixfold and run time eightfold.
For this largest panel, minimac3 was twice as fast as Beagle 4.1, 29 times
faster than minimac2, and 30 times faster than IMPUTE2 and reduced
memory usage by 72%, 94%, and 97%, respectively (Table 1).

In this comparison, all programs were run on a single thread although,
because imputation is trivially parallelizable, all can benefit from
additional CPUs (for example, by imputing multiple chromosomes,
chromosome segments, or samples in a single or multiple parallel invo-
cations of the program). A comparison of multiple-threaded run times
for Beagle 4.1 and minimac3 is presented in Supplementary Table 2.

We compared imputation quality across the four methods by cal-
culating the squared correlation coefficient (r?) between imputed
allele dosages and masked genotypes (Table 1 and Online Methods).
minimac, minimac2, and minimac3 are based on the same math-
ematical model and hence gave identical results. minimac3 slightly
outperformed Beagle 4.1 and IMPUTE2, particularly for rare variants
(MAF =0.0004-0.5%) where, with 3,489 reference samples, IMPUTE2
attained 72 = 53.3%, Beagle 4.1 attained r? = 54.3%, and minimac3
attained r? = 55.5%. All methods demonstrated improved imputation
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Table 1 Comparison of minimac3, minimac2, IMPUTE2, and Beagle 4.1

Number of
Reference panel samples minimac3 minimac2 IMPUTE2 Beagle 4.1
Time (in CPU-hours)
1000G Phase 1 1,092 4 27 34 5
AMD 2,074 9 59 73.5 9
1000G Phase 3 2,504 6 61 78 9
SardiNIA 3,489 7 85 108 11
COMBINED 9,341 17 236 288 31
Mega 11,845 21 304 364 40
HRC v1.1 32,390 31 925 951 128
Memory (in CPU-GB)
1000G Phase 1 1,092 0.09 0.34 0.91 0.51
AMD 2,074 0.14 0.62 1.58 0.39
1000G Phase 3 2,504 0.13 0.75 1.88 0.56
SardiNIA 3,489 0.13 1.03 2.55 0.46
COMBINED 9,341 0.28 2.73 6.57 0.41
Mega 11,845 0.33 3.51 8.28 0.43
HRC v1.1 32,390 0.55 9.31 22.08 1.98
Imputation accuracy (mean r?),
MAF = 0.0001-0.5%
1000G Phase 1 1,092 0.45 0.45 0.43 0.42
AMD 2,074 0.54 0.54 0.51 0.52
1000G Phase 3 2,504 0.52 0.52 0.49 0.52
SardiNIA 3,489 0.55 0.55 0.53 0.54
COMBINED 9,341 0.76 0.76 0.74 0.76
Mega 11,845 0.76 0.76 0.74 0.76
HRC v1.1 32,390 0.77 0.77 0.75 0.77
Imputation accuracy (mean r2),
MAF = 0.5-5%
1000G Phase 1 1,092 0.77 0.77 0.76 0.73
AMD 2,074 0.82 0.82 0.80 0.80
1000G Phase 3 2,504 0.79 0.79 0.78 0.79
SardiNIA 3,489 0.79 0.79 0.78 0.80
COMBINED 9,341 0.89 0.89 0.88 0.89
Mega 11,845 0.89 0.89 0.88 0.89
HRC v1.1 32,390 0.90 0.90 0.89 0.90
Imputation accuracy (mean r2),
MAF = 5-50%
1000G Phase 1 1,092 0.96 0.96 0.95 0.95
AMD 2,074 0.96 0.96 0.96 0.96
1000G Phase 3 2,504 0.96 0.96 0.96 0.96
SardiNIA 3,489 0.96 0.96 0.96 0.96
COMBINED 9,341 0.97 0.97 0.97 0.97
Mega 11,845 0.97 0.97 0.97 0.97
HRC v1.1 32,390 0.98 0.98 0.98 0.98

This table compares the imputation accuracy, run time, and memory required to impute
100 whole genomes using different reference panels and imputation tools (Online
Methods). Run time is interpolated from analysis on chromosome 20. All four tools were
run on 5-Mb chunks with 1-Mb overlap (13 chunks in serial or chromosome 20, yielding
a total of 227,925 variants). minimac3, minimac2, and IMPUTEZ2 were run with precal-
culated recombination and error estimates. minimac3 and Beagle 4.1 were run with their
input file formats (m3vcf and bref, respectively), while minimac2 and IMPUTEZ2 were run
on VCF files. The number of variants in the three MAF bins is 32,945 (0.0001-0.5%),
70,016 (0.5-5%), and 104,751 (5-50%). The best results for each reference panel
(lowest run time, lowest memory, or highest mean r2) are highlighted in bold.

quality with increasing panel size. For example, for minimac3, the
imputation quality of rare variants increased from r? = 45.3% to
r2 =77.2% when panel size increased from 1,092 to 32,390.

The complexity of the minimac3 algorithm depends on the number
of unique haplotypes in each genomic segment and the total number
of such segments in the reference panel (Fig. 1). As a result, minimac3
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scales better than linearly over our range of reference panel sizes.
For example, increasing the simulated reference panel from 1,000 to
20,000 individuals (20-fold) increased memory and CPU requirements
sevenfold (Online Methods). In real data, increasing the panel size from
1,092 (1000 Genomes Project Phase 1, ~27 million variants) to ~33,000
(HRC, ~40 million variants) (>40-fold increase in number of genotypes)
increased run time only tenfold (5.3 h versus 51.3 h). When we ran the
same analysis on the same set of markers (~22 million variants common
to both panels), the run time increased 8.5-fold (4.15 h versus 31.1 h).

Our state space reduction also provides an efficient way to represent
haplotype data, substantially reducing file size relative to the now stand-
ard VCF format. The relative efficiency of the representation reflects
population genetics: for example, data from European-ancestry samples
can be compressed more efficiently than data from African-ancestry
samples (Supplementary Table 3). We adapted the VCF format to allow
for these efficiencies, resulting in the m3vcf format that stores only one
copy of each unique haplotype in a genomic segment (Online Methods).
For the HRC data set with >60,000 haplotypes, uncompressed m3vcf
files are ~97% smaller than uncompressed VCF files; gzip-compressed
m3vcf files are ~86% smaller than gzip-compressed VCF files. Our mini-
mac3 distribution includes simple utilities to manipulate m3vcf files.

Continued computational improvements in imputation tools are
necessary for imputation to remain practical as millions of samples
are genotyped and reference panels increase in size to tens of thousands
of sequenced genomes. An additional burden of imputation and other
genomics tools is the requirement for users to master and manage large
high-performance computing clusters and associated tools.

To reduce these burdens, we incorporated minimac3 in a cloud-
based imputation server, which combines minimac3, the MapReduce
paradigm?3, and a user-friendly interface. Behind the scenes, the
server divides reference and target data sets into small chromo-
some segments that are processed in parallel. Results are collected
and pasted together so that the process is seamless to end-users. The
server uses Apache Hadoop MapReduce for low-level tasks, such as
parallelization and distribution of jobs, and the Cloudgene?* work-
flow system to drive the user interface (Supplementary Fig. 1). It
automatically performs quality checks (verifying strand orientation,
allele labeling, file integrity, MAF distribution, and per-sample and
per-variant missingness, among others; Supplementary Fig. 2).
If no major problems are encountered, samples are phased (if this has
not been done already) and then imputed using one of the currently
available reference panels: HRC!4, 1000 Genomes Project Phase 1
(refs. 25,26) or Phase 3 (ref. 1), HapMap Phase 2 (ref. 27), or African-
ancestry genomes from CAAPA. Data can be uploaded directly or
by specifying a remote secure file transfer protocol (sftp) location.
Data transfers are encrypted, and input data are deleted after
processing. We require each user to agree not to try to identify the
underlying panel. As imputation proceeds, users are provided feedback
on progress, summary reports, e-mail notification, and a download link
for the imputed data. Results are encrypted with a one-time password
available only to the user and deleted after 7 d (Online Methods). More
than 4.5 million genomes have been processed by >1,200 users since
the service was announced at the American Society of Human Genetics
annual meeting in October 2014.

Here we have described improved computational methods, resources,
and interfaces to enable researchers to rapidly impute large numbers of
samples, without first becoming experts in the intricacies of imputation
software and cluster job management, and to conveniently access large
reference panels of sequenced individuals, such as those from the HRC.
To make imputation highly scalable, we reengineered the core algo-
rithms in our minimac imputation engine. Our state space reduction
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provides a computationally efficient solution for genotype imputation
with no loss in imputation accuracy and enables the use of large refer-
ence panels. Our cloud-based interface simplifies analysis steps and
can be adapted to other analysis needs, such as linkage-disequilibrium-
aware genotype calling from low-coverage sequence data. This trend,
where cutting-edge software, large data, computational power, and
a friendly interface are packaged together, will become increasingly
important as genomic data sets increase in size and complexity.

URLs. minimac3, instructions, and source code are available from
http://genome.sph.umich.edu/wiki/minimac3. Imputation on our server
is available from https://imputationserver.sph.umich.edu/. Cloudera man-
ager, http://www.cloudera.com/; CAAPA project, https://www.nhlbiwgs.
org/group/bags-asthma; Eagle 2, https://data.broadinstitute.org/
alkesgroup/Eagle/; Beagle, https://faculty.washington.edu/browning/
beagle/beagle.html; HAPI-UR, https://code.google.com/archive/
p/hapi-ur/; SHAPEIT2, https://mathgen.stats.ox.ac.uk/genetics_
software/shapeit/shapeit.html; IMPUTE?2, https://mathgen.stats.
ox.ac.uk/impute/impute_v2.html.

METHODS
Methods and any associated references are available in the online
version of the paper.

Note: Any Supplementary Information and Source Data files are available in the
online version of the paper.
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ONLINE METHODS

Simulations. We simulated haplotypes for a three-population coalescent
model using the program ms®. We chose a demographic model consistent
with patterns of diversity observed in European-ancestry samples?®.

Imputation method with state space reduction. Here we describe
the state space reduction that uses the similarity between haplotypes in
small genomic segments to reduce computational complexity. We rec-
ommend first reading a description of the original minimac algorithm®.
Consider a reference panel with H haplotypes and a genomic segment
bounded by markers P and Q. Let U < H be the number of distinct
haplotypes in the block.

Label the original haplotypes as X;, X5, ..., Xy and the distinct unique
haplotypes as Yj, Y, ..., Y. For example, in Figure 1, block B bounded by
markers P = 1 and Q = 6 has U = 3 distinct haplotypes. Let £;(.) and L(.)
denote the left probabilities for the original states and reduced states at marker
k (ref. 29). Assuming we know Lp(X)), ..., Lp(Xp), equation (1) allows us to
obtain Lp(Y;) for each distinct haplotype.
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j=1...H
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Lp(X;)

In this reduced state space, we modify the Baum-Welch forward
equations®’ to obtain £y(.) recursively fork=P+1,P+2,....,, Q.
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In equation (2), 6 denotes the template switch probability between mark-
ers k and k+1 (analogous to a recombination fraction), Sy,; is the geno-
type in the study sample, P(Sg;1|Y;) is the genotype emission probability,
and N; is the number of haplotypes matching Y; in the original state space
(for example, in Fig. 1, Ny = 4, N, = 2, and N3 = 2). Once we obtain L(.)
values for all the reduced states, we use them to calculate EQ(XJ») at the
final block boundary, enabling us to transition between blocks. To accom—
plish thls, we split probability Lq(.) into two parts, [ZSR() and EQ()
where £Q R()) denotes the left probability at marker Q when no template
switches occur between markers P and Q and L‘Q( ) denotes the probabil-
ity when at least one switch occurs. This leads to equation (3) (where i is
such that Y; = X;)

LP(X’)} )

Lo(X)) = LR(Y) x {NL} + AS‘VY»[ )
1 1

Similar equations can be derived for the right probabilities R(.) and Ry(.).
Once we have the left and right probabilities for all the reduced states, the
posterior probabilities for a template including any allele of interest at marker
k can be calculated within the reduced state space as
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Computational complexity and optimal allocation. Methods that perform
phasing and imputation simultaneously (for example, MaCH?® and IMPUTE?!)
have a computational cost proportional to the number of study samples (N),
the number of genotyped markers in the reference panel (M), and the square of
the number of reference haplotypes (H?), or in total O(NMH?). In the context
of prephasing, as in minimac and IMPUTE2 (ref. 9), this computational cost is
reduced to O(NMH).

For imputation using mimimac3, we break up a chromosome into K con-
secutive segments. If U; denotes the number of unique haplotypes and M;
denotes the number of markers in segment 7, then complexity is

O/Nx Y UM, |+ ONKH)

i=1,..,K

The second term accounts for the complexity of transitions between blocks,
which occur in the original state space. Thus, although very short segments
could reduce the number of unique haplotypes per segment (U;) and complex-
ity measured by the first term, such segments would also increase the total
number of segments (K) and complexity measured by the second term. An
optimal allocation of genomic regions must balance these two goals.

We implement a recursive dynamic programming algorithm to find the opti-
mal allocation of the genomic segments, as a brute force approach is not feasi-
ble (~2M-1 alternatives). We assume that the optimal complexity of imputation
until marker i < M is denoted by C(i) and calculate C(M) recursively as

C(M) = min {CG)+UGM) x (M —i+1)+2H}

i=1,2,..,M-1 (5)

In equation (5), C(i) is the optimal cost for imputation from marker 1 to
marker i and U(i,M) is the number of unique haplotypes between marker i
and marker M (inclusive). This expression requires at most M? comparisons;
this number can be further reduced because we do not need to consider large
segments, as the unique number of haplotypes in large segments will be close
to the total number of haplotypes.

Parameter estimation under reduced state space. We implemented both
the expectation-maximization algorithm and Monte Carlo Markov chain
(MCMC) sampling to estimate 6 for adjacent marker pairs and e for each
marker. 8 is the template switching rate, which reflects a combination of popu-
lation recombination rates and relatedness between the samples. € is the error
parameter, which reflects a combination of genotyping error, gene conversion
events, and recurrent mutation (for details, see refs. 9,29).

Comparison of minimac2, minimac3, IMPUTE2, and Beagle 4.1.
We evaluated the performance of minimac3 (v1.0.14) in comparison to
the three most commonly used imputation tools: minimac2 (v2014.9.15),
IMPUTE2 (v2.3.1), and Beagle 4.1 (v22Febl16) (Table 1). We combined
chromosome 20 data across multiple whole-genome sequencing studies to
generate large reference panels. We compared results for the following seven
reference panels: (i) 1000G Phase 1: 1,092 individuals from 1000 Genomes
Project Phase 1 (refs. 25,26), (ii) AMD: 2,074 individuals sequenced for study
of age-related macular degeneration3?, (iii) 1000G Phase 3: 2,504 individuals
from 1000 Genomes Project Phase 3 (ref. 1), (iv) SardiNIA: 3,489 individuals
from the SardiNIA project?, (v) COMBINED: 9,341 individuals combined
together from AMD, SARDINIA, the BRIDGE study of bipolar disorder (L.J.S.,
unpublished data) (2,464 samples), and the Minnesota Twins study®? (1,314
samples), (vi) Mega: 11,845 individuals obtained by merging COMBINED
and G1KP3, and (vii) HRC v1.1: 32,390 individuals from HRC!*. To mimic
a GWAS, we selected 25 unrelated individuals each from AMD, SardiNIA,
BRIDGE Study, and Minnesota Twins and masked all variants except those
typed on the Illumina Duo 1M chip (resulting in ~20,000 genotyped vari-
ants for chromosome 20). To evaluate imputation accuracy, we estimated the
squared Pearson correlation coefficient (r?) between the imputed genotype
probabilities and genotype calls from sequence data. We evaluated imputation
accuracy at the 227,925 variants that were present in all the respective data
sets and had MAF of at least 0.00005 in all contributing studies. For each of
the combinations of the four imputation methods and seven reference panels,
we recorded the average imputation accuracy, total computational time, and
physical memory required to impute 100 GWAS individuals.

Imputation server architecture. The Michigan Imputation Server implements
the whole-genotype imputation workflow using the MapReduce programming

doi:10.1038/ng.3656

NATURE GENETICS



@4 © 2016 Nature America, Inc. All rights reserved.

model for efficient parallelization of computationally intensive tasks. We
use the open source framework Hadoop to implement all workflow steps.
Maintenance of the server, including node configuration (for example, amount
of parallel tasks, memory for each chunk, and monitoring of all nodes), is
achieved using the Cloudera Manager. During cluster initialization, reference
panels, genetic maps, and software packages are distributed across all cluster
nodes using the Hadoop file system HDFS. The imputation workflow itself
consists of two steps: first, we divide the data into non-overlapping chunks
(here, chromosome segments of 20 Mb). Second, we run an analysis (here,
quality control or phasing and imputation) in parallel across chunks. To avoid
edge effects, 5 Mb for phasing and 500 kb for imputation are added to each
chunk. Finally, all results are combined to generate an aggregate final output.

Genotype imputation can be implemented with MapReduce, as the compu-
tationally expensive whole-genome calculations can be split into independent
chromosome segments. Our imputation server accepts phased and unphased
GWAS genotypes in VCF file format. File format checks and initial statistics
(numbers of individuals and SN'Vs, detected chromosomes, unphased/phased
data set, and number of chunks) are generated during the preprocessing step.
Then, the submitted genotypes are compared to the reference panel to ensure
that alleles, allele frequencies, strand orientation, and variant coding are correct.
In this first MapReduce analysis, the map function calculates the VCF sta-
tistics for each file chunk, and the reducer summarizes the results and for-
wards only chunks that pass quality control to the subsequent imputation step
(Supplementary Fig. 2). The MapReduce imputation step constitutes a map-
only job. This means that no reducer is applied and each mapper imputes
genotypes using minimac3 on the previously generated chunk. If the user has
uploaded unphased genotypes, the data are prephased with one of the available
phasing engines: Eagle 2, HAPI-UR34, or SHAPEIT!”. A post-processing step
generates a zipped and indexed VCF file (using bgzip and tabix3®) for each
imputed chromosome. To minimize the input/output load, the reference panel
is distributed across available nodes in the cluster using the distributed cache
feature of Hadoop. To ensure data security, imputation results are encrypted
on the fly using a one-time password. All result files and reports can be viewed
or downloaded via the web interface.

The imputation server workflow has been integrated into Cloudgene?* to
provide a graphical user interface. Cloudgene is a high-level workflow system
for Apache Hadoop designed as a web application using Bootstrap, CanJs,
and JQuery. On the server side, all necessary resources are implemented in
Java using the RESTful web framework Restlet. The Cloudgene API provides
methods for the execution and monitoring of MapReduce jobs and can be seen
as an additional layer between Hadoop and the client. The imputation server
is integrated into Cloudgene using the provided workflow definition language
and its plugin interface. On the basis of the workflow information, Cloudgene
automatically renders a web form for all required parameters to submit indi-
vidual jobs to the Cloudgene server. The server communicates and interacts
with the Hadoop cluster and receives feedback from currently executing jobs.
Client and server communicate by asynchronous HTTP requests (AJAX) with
JSON as an interchange format. All transmissions between server and client
are encrypted using SSL (Secure Socket Layer).

Parameter estimation study. Parameter estimates for the reference panel can
be precalculated and saved to speed up the imputation process. To examine
the importance of GWAS panel individuals during the parameter estima-
tion step, we used 938 unrelated individuals from 53 worldwide populations
from the Human Genome Diversity Panel’. We compared the imputation

accuracy across three parameter estimation methods: constant parameters
(0 =0.001 and € = 0.01), reference panel only for updating the parameters
using a leave-one-out method, and reference and GWAS panels for updating.
The results of imputation accuracy evaluated on ~6,000 masked variants
from chromosomes 20-22 on the ExomeArray are shown in Supplementary
Figure 3. We see that updating the parameters results in increased imputation
accuracy in comparison to constant estimates (especially for European sam-
ples, where imputation 72 increases from 0.35 to 0.45 in the lowest MAF bin).
However, including the target panel (along with the reference panel) typically
produced only a very small improvement in imputation accuracy.

Optimized file structure for large reference panels. The idea of state space
reduction can be applied not only to improve HMM implementation efficiency
but also to store large reference panels using less disk space. We introduce the
m3vcf (minimac3 VCF) format, which is compatible with the Variant-Call
Format (VCF) format. m3vcf files save each genomic segment in series where
each segment has the list of bi- and multiallelic variants in order along with
the unique haplotypes at these variants and a single line at the beginning of
the block that describes which individual maps to which unique haplotype.
This format reduces disk space requirements because it saves only the unique
haplotypes at each block rather than all the haplotypes. The way in which the
unique haplotypes are ordered (along columns) creates long runs of 0’s and 1’s
(as they are ordered lexicographically from the first variant to the last variant)
and is thus even more helpful in disk space reduction when using standard file
compression methods such as gzip.

We calculated the order of disk space saved using m3vcf files in comparison
to the usual VCF files (in both unzipped and zipped formats) and found that,
for 1000 Genomes Project Phase 1 with ~1,000 reference samples, we save 60%
of disk space using zipped m3vcf files in comparison to zipped VCEF files and
93% when compared across unzipped formats. The saving is even greater for
larger panels. For example, for the HRC reference panel with ~33,000 samples,
we save ~84% and 98% of disk space using zipped and unzipped m3vcf files,
respectively (Supplementary Table 4).
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