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Comprehensive evaluation of imputation performance
in African Americans

Pritam Chanda1,2,6, Naoya Yuhki3,6, Man Li3, Joel S Bader1,2, Alex Hartz3, Eric Boerwinkle4, WH Linda Kao3

and Dan E Arking5

Imputation of genome-wide single-nucleotide polymorphism (SNP) arrays to a larger known reference panel of SNPs has

become a standard and an essential part of genome-wide association studies. However, little is known about the behavior

of imputation in African Americans with respect to the different imputation algorithms, the reference population(s) and

the reference SNP panels used. Genome-wide SNP data (Affymetrix 6.0) from 3207 African American samples in the

Atherosclerosis Risk in Communities Study (ARIC) was used to systematically evaluate imputation quality and yield. Imputation

was performed with the imputation algorithms MACH, IMPUTE and BEAGLE using several combinations of three reference

panels of HapMap III (ASW, YRI and CEU) and 1000 Genomes Project (pilot 1 YRI June 2010 release, EUR and AFR August

2010 and June 2011 releases) panels with SNP data on chromosomes 18, 20 and 22. About 10% of the directly genotyped

SNPs from each chromosome were masked, and SNPs common between the reference panels were used for evaluating the

imputation quality using two statistical metrics—concordance accuracy and Cohen’s kappa (j) coefficient. The dependencies

of these metrics on the minor allele frequencies (MAF) and specific genotype categories (minor allele homozygotes,

heterozygotes and major allele homozygotes) were thoroughly investigated to determine the best panel and method for

imputation in African Americans. In addition, the power to detect imputed SNPs associated with simulated phenotypes

was studied using the mean genotype of each masked SNP in the imputed data. Our results indicate that the genotype

concordances after stratification into each genotype category and Cohen’s j coefficient are considerably better equipped to

differentiate imputation performance compared with the traditionally used total concordance statistic, and both statistics

improved with increasing MAF irrespective of the imputation method. We also find that both MACH and IMPUTE performed

equally well and consistently better than BEAGLE irrespective of the reference panel used. Of the various combinations of

reference panels, for both HapMap III and 1000 Genomes Project reference panels, the multi-ethnic panels had better

imputation accuracy than those containing only single ethnic samples. The most recent 1000 Genomes Project release June

2011 had substantially higher number of imputed SNPs than HapMap III and performed as well or better than the best

combined HapMap III reference panels and previous releases of the 1000 Genomes Project.
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INTRODUCTION

Genome-wide association studies (GWAS) have identified numerous
loci associated with complex traits.1 Imputation of ungenotyped
markers has now become an essential part of GWAS and relies upon
the knowledge of linkage disequilibrium from haplotypes in a known
reference panel (for example, HapMap2,3 and the 1000 Genomes
Project4) to predict genotypes at the missing or untyped markers.
Imputation allows one to accurately evaluate the evidence for
association at genetic markers that are not directly genotyped (in

addition to the typed markers) and has been shown to improve the
power of GWAS to detect disease-associated loci5,6 and, perhaps more
importantly, also facilitates combining studies genotyped on different
platforms. Although 415 million common and rare genetic variants
exist in the human genome,4 the current (Affymetrix, Santa Clara,
CA, USA) and Illumina (San Diego, CA, USA) microarrays only assay
up to 2.5 million single-nucleotide polymorphisms (SNPs). Therefore,
there is a strong interest in identifying methods to impute high
quality genotype data using existing genotypes and reference panels
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from publicly available resources, such as the International HapMap
Project and the 1000 Genomes Project.
Considerable progress has been made in imputing genotype

data with high imputation accuracy and reliability in samples of
European descent7,8 and the improvements in imputation of
Western Europeans provided by increasing the size of reference
panels by combining HapMap III reference panels was assessed in
Jostins et al.9

However, progress has been limited in African American samples
even though the study of African population structure can be critical for
genome-wide association mapping of complex disease susceptibility
and pharmacogenetic responses.10–13 This difficulty is likely due to the
complex evolutionary history of the population, high levels of mixed
ancestry and admixture, short linkage disequilibrium blocks,14,15 the
lack of population specific genotyping microarray systems and
the limited availability of large study populations for evaluation.
A previous study that examined imputation quality in African
American populations16 used reference panels from HapMap
Phase II that are limiting and no longer routinely used and suggested
that the best imputation performance was observed using the
imputation algorithm MACH separately for the CEU and YRI
reference panels, and combining the results. However, their results
may well be specific to the Phase II HapMap data. Dependence of
statistical power of expression quantitative trait loci discovery on
imputation quality was investigated for both Caucasians and African
Americans in another study.6 Also, the increasing availability of
high-throughput sequencing technologies and 1000 Genomes data
has enabled genome-wide association analysis to discover disease-
associated rare variants that requires availability of high quality
imputed data for analysis of SNPs with low minor allele frequencies
(MAF).17,18

Therefore, given the recent release of data from the 1000 Genomes
Project, we set out to (1) systematically investigate the imputation
performance of MACH,19 IMPUTE20 and BEAGLE21,22 (three widely
used imputation algorithms based on hidden Markov models) in
African Americans using various combinations of reference haplotypes
from HapMap Phase III and the 1000 Genomes Project reference
panels; (2) determine the optimal reference populations for imputation
in African Americans given the current available reference datasets; and
(3) explore different imputation quality metrics, specifically on their
informativeness for SNPs with low allele frequencies.
Through our experiments we demonstrate that application of our

imputation performance metrics stratified by allele frequencies and
genotype categories (homozygotes and heterozygotes) can better
distinguish imputation performance across various reference panels
and imputation methods (particularly for SNPs with low MAF)
compared with the traditional metrics used in Hao et al. and Shriner
et al.6,16 We show that the commonly used imputation quality scores
are functions of allele frequency and caution should be exercised in
using a predetermined and fixed cutoffs for the quality scores for
retaining the well-imputed SNPs across all allele frequency ranges for
subsequent association analysis, as many studies routinely do.
Moreover, we show that inclusion of additional non-African
populations in reference panels for imputation results in improved
imputation performance compared with purely African reference
panels in both HapMap and 1000 Genome datasets. Our results also
present performance benchmarks for imputation accuracy in African
Americans with various reference panels and imputation algorithms
that can provide valuable guidelines to the research community
regarding choice of appropriate reference panels for imputation and
association analysis.

MATERIALS AND METHODS

Ethics statement
This research involves only the study of existing data with information

recorded in such a manner that the subjects cannot be identified directly or

through identifiers linked to the subjects.

Study sample
African American Atherosclerosis Risk in Communities Study (ARIC) data

consists of 3207 individuals and 839 048 SNPs. The raw data were cleaned

using PLINK23 with filters retaining SNPs having MAFX0.01, o5% missing

data and Hardy–Weinberg equilibrium P-value X0.00001. Further, population

stratification was evaluated in two ways. (1) For each individual, the average

allele sharing identity-by-state (IBS) with the rest of the study samples was

calculated and outliers were identified visually using a density plot. (2) The

Eigenstrat software24 was run for 10 iterations and individuals who were 48

s.d. away from the top 10 principal components were marked as genetic

outliers. A total of 50 unique individuals were identified as genetic outliers and

subsequently removed from the study sample to generate a cleaned data set

that was used for imputation experiments. Eigenstrat was also used to visually

study the clustering of the several reference populations we have used for

imputation in relation to the African Americans from the ARIC cohort. To

achieve this, we have combined the study population with the genotypes from

the ASW, CEU, YRI, EUR and AFR panels and computed the principal

components of the combined data set (Supplementary Figure 12). The shifting

of the ARIC African American study samples toward the Europeans indicate

European ancestry and population admixture.

Reference panels
We used both HapMap Phase III and 1000 Genomes Project reference samples

for our studies. For HapMap Phase III, the panels ASW, CEU and YRI

were downloaded from http://hapmap.ncbi.nlm.nih.gov/downloads/phasing/

2009–02_phaseIII/HapMap3_r2/ and formatted for MACH, IMPUTE and

BEAGLE. The August 2010 release of the 1000 Genomes Project panels of EUR

consisted of 90 CEUþ 92 TSIþ 43 GBRþ 36 FINþ 17 MXLþ 5 PUR, and the

AFR panel consisted of 78 YRIþ 67 LWKþ 24 ASWþ 5 PUR. The 1000

Genomes Phase I interim release (June 2011) consisted of 1094 samples—381

EUR (87 CEUþ 93 FINþ 89 GBRþ 14 IBSþ 98 TSI) and 246 AFR (61þ
ASWþ 97 LWKþ 88 YRI) and was used with IMPUTE. The 1000 Genome

project panels (except June 2011 release) were downloaded from the MACH

website (http://www.sph.umich.edu/csg/abecasis/MACH/download/1000G-2010-

08.html) and formatted for IMPUTE and BEAGLE, the June 2011 release was

downloaded from the IMPUTE website (http://mathgen.stats.ox.ac.uk/impute/

data_download_1000G_phase1_interim.html). The different combinations of

reference panels used for imputation with each algorithm were prepared by

merging the reference haplotypes. These panels are presented in Table 1. The

ARIC SNP coordinates are converted from b36 to b37 before imputation using

August 2010 and June 2011 releases.

Imputation software

MACH. A two-step imputation procedure was followed with MACH, in

which a set of seed samples were used to estimate the genotyping error and

recombination rates for every SNP, and those rates were applied to the overall

study sample in step two. For each chromosome, the HapMap III reference

files are split into chunks spanning 20Mb with an overlap of 250Kb between

the adjacent chunks. This resulted in 4, 4 and 3 chunks for chromosomes 18,

20 and 22, respectively. For 1000 Genomes Project reference panels, each panel

is split into 5-Mb chunks with an overlap of 250Kb between the adjacent

chunks. This resulted in 15, 13 and 7 chunks for chromosomes 18, 20 and 22,

respectively. In the first step, a seed set of 451 individuals are obtained by

sampling every seventh individual from the study sample. For each of the three

chromosomes, Mach was run as :./mach1 -d omapfile4 -p oseed genotype

file4 –snps oreference panel SNPs4 –haps oreference panel haplotypes4 –

rounds 100 –greedy –autoFlip –prefix outfile. In the second step, the parameters

estimated in step one were used to do the actual imputation :./mach1 -d

omapfile4 –p ogenotype file4 �snps oreference panel SNPs4 –haps

oreference panel haplotypes4 –crossoverMap orec file from step one4 –
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errorMap oerate file from step one4 –greedy –mle –mledetails –autoFlip

–prefix ooutput file4.

BEAGLE. BEAGLE version 3.2 was downloaded from http://faculty.washing-

ton.edu/browning/beagle/beagle.html. The reference haplotypes from the 1000

Genomes Project reference panels were obtained by splitting each chromosome

into 5-Mb chunks with overlap of 250Kb between adjacent chunks, which

resulted in 15, 13 and 7 chunks for chromosomes 18, 20 and 22, respectively.

For each chromosome, it was runs as: java –jar beagle.jar unphased¼
ogenotype file4 phased¼oref panel haplotypes4 markers¼oreference

panel SNPs4missing¼ 0 out¼ooutput file4.

IMPUTE. Imputation with IMPUTE version 2 (v2.1.2) (released 1 October

2010; http://mathgen.stats.ox.ac.uk/impute/impute_v2.html/) involved a two

step procedure for each chromosome—phasing to generate the haplotypes

followed by imputation. For both the stages, IMPUTE was run using

parameters k¼ 80, iter¼ 30, burnin¼ 10, ne¼ 15 000, where k indicates the

maximum number of copying states to be used for diploid phasing updates,

iter gives the total number of MCMC iterations to perform, burnin indicates

the number of Markov chain iterations to be discarded during the initial burn-

in iterations and ne is the effective population size. In addition, each

chromosome was split into chunk sizes of 5Mb with overlap of 250Kb

between adjacent chunks (using input flags –int and –buffer). As a result, 15, 12

and 7 chunks are obtained for chromosomes 18, 20 and 22, respectively, for

HapMap panels, and 15, 13 and 7 chunks are obtained for chromosomes 18,

20 and 22, respectively, for panels containing 1000 Genomes reference panels.

Imputation performance
For each of the three chromosomes (18, 20 and 22), randomly chosen 10% of

all the SNPs in the study sample were masked by setting and their genotypes to

0 (untyped or missing). The total number of SNPs and count of masked SNPs

common across the HapMap and 1000 Genomes Project panels binned by

MAF for each chromosome is shown in Table 2. MACH and BEAGLE output

the maximum likelihood genotypes using the posterior probability distribu-

tions of the imputed genotypes at each SNP position. Using IMPUTE, we

obtained the most likely genotypes from the posterior distribution of the

imputed genotypes.

Each of the imputation methods generated different statistical measures to

ascertain imputation quality for each SNP – r̂2, R2 and Info for MACH,

BEAGLE and IMPUTE, respectively. The MACH r̂2 estimates the correlation

between the true allele counts and estimated allele counts from the imputed

genotypes. This is evaluated by comparing the variance of the estimated

genotype dosages with what would be expected if the dosages were observed

without error.5 It is given by r̂2 ¼VarðgÞ/½2pð1� pÞ�, where g denotes SNP

dosage and p denotes the estimated frequency of an allele. The quality

measures for BEAGLE and IMPUTE are given in details in the review25

(Supplementary S3). We repeat them here for completeness. The BEAGLE

imputation quality measure R2 estimates the squared correlation between the

best guess genotype and the true allele dosage. For each SNP, it is computed as

R2 ¼ ½�i giei �ð1/NÞð�i gi�i eiÞ�2

½�i fi �ð1/NÞð�i eiÞ2 �½�i zi �ð1/NÞð�iziÞ2 �
. The Info statistic output by IMPUTE is

based on measuring the relative statistical information about the population

allele frequency y and is given by Info¼ 1� �iðfi � e2i Þ
2Nŷð1� ŷÞ for 0o ŷo 1, 1

otherwise. Here gi, ei and ŷ denote the observed dosage for a SNP at sample

i, the expected allele dosage for a SNP at sample i and sample allele frequency,

respectively. If pik denotes the probability that the genotype of the ith sample is

k (A{0,1,2}), fi is given by fi¼ pi1þ 4pi2.

For each imputation method and reference panel, imputation performance

was measured using the following statistical measures:

(1) Concordance accuracy (CA): Degree of concordance between the observed

genotypes from the study sample and the imputed genotypes at each

masked SNP. It was computed as the proportion of matches between

genotype calls from imputed data and the study sample at each masked

SNP such that both genotypes are not missing. For a given masked SNP s,

it is given by CAsðgimp; gtrueÞ¼
P

j dgðimp;jÞ ;gðtrue;jÞ /N. Here, d denotes the

Kronecker delta function, gimp and gtrue denote the maximum likelihood

genotypes of the imputed and true genotypes for SNP s, j indexes the

genotypes of the individuals and N denotes the count of non-missing

genotype calls from imputation for this SNP. Unlike the quality score

statistics mentioned above that are measures of correlation, concordance is

a more stringent statistic as it is a measure of agreement between the

observed and imputed genotypes.

(2) Kappa (k): The k coefficient26 adjusts the agreement between the original

and masked genotypes for the amount of agreement that could be

expected under the null hypothesis of independence. For each masked

SNP s, it was calculated using the observed and expected frequencies from

a square contingency table T as follows. Let SNP s be biallelic with alleles A

and a and N be the count of non-missing genotype calls from imputation

for this SNP. Then T is a contingency table where T(ij) denotes the

frequency of a particular genotype combination of the true and imputed

genotypes (i; j 2 faa;Aa;AAg) at SNP s. Then the observed proportional

agreement between the true and imputed genotypes is given by

po ¼
P

g2faa;Aa;AAg TðggÞ/N, and the expected agreement by chance is

given by pe ¼
P

g2faa;Aa;AAg TðgþÞTð þ gÞ/N
2, where T(gþ ) and T(þ g) are

the totals for the gth row and the gth column, respectively, in T. Using these,

the k is calculated as k¼ po � pe
1� pe

.

(3) Power: A quantitative phenotype was simulated for each of the masked

SNPs with fraction of variance explained ranging from 0.003 to 0.007 in

steps of 0.001 using the genotypes from the study sample. Following

Table 1 Reference panels used for imputation with each method

Reference panels SNPs (chromosome 18/20/22) Haps

HapMap Phase III

ASW 126

YRI 230

CEUþYRI 40824/36258/20 085 464

ASWþYRI 356

ASWþYRIþCEU 592

1000 Genomes Project (August 2010)

AFR 505 592/400 297/226 376 348

EURþAFR (all SNPs)a 592 888/469 881/259 048 904

EURþAFR (consensus SNPs) 261 388/213 336/129 064 904

1000 Genomes Project (June 2010)þHapMap Phase III

1000 G(YRI)þAll HapMap IIIa 347 394/278 104/156 076 2032

1000 Genomes Project (June 2011)

EURþAFR-2011b 1 056 507/824 876/494 975 1254

Abbreviation: SNP, single-nucleotide polymorphism.
aUsed with IMPUTE only.
bUsed with chromosome 18 and IMPUTE only.

Table 2 Count of SNPs in the study sample and count of masked

SNPs present in all the panels studied

Count of all SNPS (masked SNPs common between HapMap

and 1000 Genomes Project)

Chromosome Total p0.05 0.05–0.1 0.1–0.3 40.3

18 23613 (1862) 2290 (161) 3482 (209) 10687 (860) 7154 (632)

20 20471 (1698) 2048 (142) 3126 (225) 9003 (763) 6294 (568)

22 10179 (790) 1237 (89) 1549 (115) 4447 (354) 2946 (232)

Abbreviations: MAF, minor allele frequencies; SNP, single-nucleotide polymorphism.
Four allele frequency bins are considered: MAFp0.05 (denoted p0.05), 0.05oMAFp0.1
(denoted 0.05–0.1), 0.1oMAFp0.3 (denoted 0.1–0.3) and MAF40.3 (denoted 40.3).
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masking and imputation for each masked SNP, we regressed the

corresponding simulated phenotype on the imputed genotypes of each

masked SNP. The statistical power was computed as the fraction of SNPs

detected as significant out of the masked SNPs at P-value o0.001. This

allowed us to quantitatively evaluate how the imputation performance

affect the ability to detect SNPs significantly associated with a given trait.

Intuitively, the SNPs with low allele frequencies were more difficult to

impute accurately compared with those with both alleles common. Also at low

MAF, the minor allele homozygotes and the heterozygotes were rarer and more

prone to prediction errors. We, therefore, computed and reported the above

three performance measures for each of the three genotypes at the masked

SNPs after binning by four allele frequency ranges: p0.05, 0.05–0.1, 0.1–0.3

and 40.3 (Table 2). Furthermore we computed the distributions for each

statistic as the fraction of the masked SNP that have the value of the statistic

exceeding a range of cutoffs: 0.0–0.9 in steps of 0.1. These plotted at each allele

frequency bin enabled us to visualize the distribution of the imputation quality

scores and comprehensively evaluate the imputation methods and the reference

panels for the African American study sample.

RESULTS

For each of the three methods MACH, IMPUTE and BEAGLE, we
have used the following statistical measures of imputation perfor-
mance: CA, k coefficient and power of detecting imputed SNPs
significantly associated with simulated phenotypes. The details of
each imputation performance metric are given in the Materials and
methods section. Previous studies on imputation of African
Americans took into account the admixture of European
and African genetic components in African American subjects.6,16,27

Therefore, we used the following reference panels for our
imputation experiments: (1) ASW, CEU and YRI data sets from
HapMap III; (2) the pilot 1 YRI data June 2010 release; (3) EUR
and AFR data from the August 2010 release; and (4) EUR and AFR
data from the June 2011 release of the 1000 Genomes Project. The
various combinations of these reference panels investigated in this
study are presented in Table 1. As only IMPUTE allows more than
one reference panel as input, it was also run with the combined
reference panel of YRI samples from the June 2010 release of the
1000 Genomes Project and all HapMap III panels (denoted 1000
G(YRI)þAll HapMap III). Also, only IMPUTE was used for
imputation on chromosome 18 using the panel from June 2011
release of the 1000 Genomes Project.
For each imputation method and reference panel combination,

10% of the SNPs on chromosomes 18, 20 and 22 in the study sample
were set to missing (Table 2) and imputation performance was
evaluated following a round of imputation with the masked data and
using only the SNPs common across the HapMap and 1000 Genomes
Project panels. Henceforth we use the phrase masked SNPs to simply
refer to this set of SNPs, unless otherwise mentioned.
In this section, we first present the imputation results for the three

methods individually, followed by a comparison using the best
common reference panel for each method. To determine the extent
to which imputation performance metrics are sensitive to the allele
frequencies of the SNPs being imputed, we explored the performance
results for the three chromosomes after grouping the masked SNPs
into four MAF bins p0.05, 0.05–0.1, 0.1–0.3 and 40.3 for each of
the three methods. The imputation performance of the SNPs in the
bin MAF p0.05 being most sensitive to allele frequency, we focus on
the results for this bin for each method. The results for the other MAF
bins are presented in the Supplementary Data.
For each of the three imputation methods, we determined the

distribution of the CA for the minor allele homozygotes (denoted

CA(aa)), heterozygotes (denoted CA(Aa)) and the major allele
homozygotes (denoted CA(AA)) for masked SNPs with MAF
p0.05. The distribution of a statistic (CA or k) was plotted using
the fraction of the masked SNP that had the value of the statistic
exceeding a range of cutoffs: 0.0–0.9 in steps of 0.1. Thus, cutoff¼ 0.0
for CA(aa) resulted in the most lenient cutoff including all masked
SNPs with MAF p0.05 whereas 0.9 resulted in the most stringent
cutoff retaining only imputed masked SNPs of highest quality with
MAF p0.05 and CA(aa) X0.9. The imputation performance as
obtained using the k combined the agreements across the three
genotypes to provide an overall score of imputation concordance. It
measured the concordances between the original and masked
genotypes and adjusted these values for the amount of agreement
that could be expected due to chance alone. In addition to CA for
each genotype category, we computed the total CA (denoted
CA(Tot)) by simply summing the concordances of the three
genotypes as used in previous studies.6,16 Visualization of the
distribution of the concordances and k demonstrated the trade-off
between imputation quality and yield—higher imputation quality
threshold resulted in lower yield, that is, fewer SNPs retained after
imputation.
Also the ultimate goal of imputation is to boost the power of

GWAS by predicting genotypes at markers that are not directly
genotyped. Therefore, it is essential to evaluate how imputation
quality as measured using CA and k affected the the ability to detect
SNPs associated with a given trait, that is, reference panels achieving
higher CA and k should also attain higher power and vice versa. We
therefore computed the statistical power by simulating phenotypes for
each masked SNP and regressing the corresponding simulated
phenotype on the imputed genotypes (see Materials and methods
for details).
Across each imputation method and reference panel used

(described in details below), we observed the following:

(1) For a given method and a reference panel, the concordances
increased in the order: minor allele homozygotes, heterozygotes
and major allele homozygotes. For masked SNPs with low MAF,
CA(aa) was most sensitive to the choice of the reference panel
and effectively distinguished the imputation performance of each
reference panel followed by CA(Aa) (Figure 1). At the same time,
owing to the presence of a vast majority of major allele
homozygotes, CA(AA) and CA(Tot) for the various reference
panels differed only slightly from one another (Supplementary
Figure 1). This indicates the advantage of estimating the
imputation performance for each genotype category separately
with focus on the genotypes containing the minor allele, as the
performance differences were more visible for minor allele
homozygotes and heterozygotes, specially at low MAF. Little or
almost no comparative information was provided by the CA(AA)
and CA(Tot). Instead, k is a more informative overall measure
(Figure 2a, c and e).

(2) For MACH and BEAGLE, the combined HapMap III reference
panel ASWþCEUþYRI III performed better than, or at least as
well as, the other HapMap panels whereas the combined 1000
Genomes Project panel EURþAFR was better than AFR alone.
For IMPUTE, EURþAFR-2011 performs better than or as well
as the other panels.

(3) The proportion of masked SNPs retained at each cutoff for an
imputation quality statistic (that is, the imputation yield)
decreased with increasing value of the cutoff (for example, see
Figure 3 for the k statistic). This demonstrates the critical choice
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a researcher has to face—the cutoff to choose for balancing
imputation quality with imputation yield.

(4) For each reference panel, imputation concordances as measured
by CA, k and power generally increased with increasing MAF,
irrespective of the imputation method used (for example, see
Figure 4 and Table 3 for reference panel ASWþCEUþYRI III).

(5) MACH and IMPUTE performed equally well and better than
BEAGLE.

Next, we discuss the imputation results in details.

Imputation quality and yield using the concordance and k statistics
Figure 1 shows the CA obtained with each method for the minor
allele homozygotes and the heterozygotes for the masked SNPs with
MAFp0.05 that are common across the HapMap and 1000 Genomes
Project panels. Using MACH and BEAGLE, for minor allele homo-
zygotes (Figure 1a and e) and heterozygotes (Figure 1b and f), the

combined reference panels ASWþCEUþYRI III (blue) and CEUþ
YRI III (light green) yielded more SNPs with better CA than the other
panels. For both algorithms, the panel ASWþCEUþYRI III (blue)
was slightly better than CEUþYRI III (light green) followed by
EURþAFR (turquoise). With IMPUTE (Figure 1c and d), the panels
EURþAFR-2011 (yellow, on chromosome 18) and 1000 G(YRI)þ
All HapMap III (brown) were the best-performing panels, followed by
ASWþCEUþYRI III (blue), CEUþYRI III (light green) and
EURþAFR (turquoise). We found that at MAF p0.05, the minor
allele concordance CA(aa) was slightly improved for EURþAFR-
2011 compared with panels containing HapMap haplotypes, and the
increase in CA(aa) was greater compared with EURþAFR. For panel
EURþAFR-2011, 54% of the masked SNPs had CA(aa) 40.8
compared with 52, 53 and 48% achieved by ASWþCEUþYRI III,
1000 G(YRI)þAll HapMap III and EURþAFR, respectively. For all
methods, the purely African panels of ASW III (magenta), YRI III
(gray) and AFR (dark green) had poor CA(aa) and CA(Aa).
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Figure 1 Distribution of concordance accuracy (CA) of minor allele homozygotes and heterozygotes of (a, b) MACH, (c, d) IMPUTE and (e, f) for BEAGLE.
(M¼MACH, I¼ IMPUTE and B¼BEAGLE).
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Supplementary Figure 1 shows the distribution of the CA for the
major allele homozygotes and that of the total CA, respectively, which
do not provide substantial information to distinguish the perfor-
mance of the reference panels. Only with BEAGLE, CA(AA) and
CA(Tot) were able to distinguish the AFR and YRI III panels from the
others as BEAGLE discarded 20–25% of the masked SNPs during
imputation when used with the AFR and YRI III panels.
The distribution of the overall agreement across the three geno-

types as measured by the k statistic is shown for MACH, IMPUTE
and BEAGLE in Figure 2a, c and e, respectively. For the methods
MACH and BEAGLE, the combined reference panel ASWþCEUþ
YRI III (blue) outperformed the others whereas the panels ASW III
(magenta), YRI III (gray) and AFR (dark green) performed the worst
with all three methods. For IMPUTE, the distribution of k for the
panels EURþAFR-2011 (yellow) and 1000 G(YRI)þAll HapMap III
panels (brown) closely followed that of ASWþCEUþYRI III (blue).
These were in agreement with what we had observed with CA(aa) and

CA(Aa). Imputation accuracies with the 1000 G(YRI)þAll HapMap
III panel also show that the presence of reference populations
unrelated to African American ancestry does not adversely affect
imputation performance.
Visualization of the distribution of the concordances and k

statistics also highlights the fact that increasing the threshold for
each of these metrics would increase the quality of imputation (as
measured by k and CA), but at the same time, would reduce the
imputation or yield. Using MACH with the panel ASWþCEUþYRI
III (blue), 67% of the masked SNPs (MAF p0.05) had k statistic
40.8, but dropped to 58% with BEAGLE (Figure 2a and e). Using
IMPUTE, at a kX0.8, 67, 66, 70 and 55% of the masked SNPs are
retained using EURþAFR-2011 (yellow), ASWþCEUþYRI III
(blue), 1000 G(YRI)þAll HapMap III (brown) and EURþAFR
(turquoise), respectively (Figure 2c). These show that the imputation
accuracies of EURþAFR-2011 are improved over EURþAFR and
comparable to that of ASWþCEUþYRI III and 1000 G(YRI)þAll
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Figure 2 Distribution of kappa for (a) MACH, (c) IMPUTE and (e) BEAGLE. Power is shown in (b) for MACH, (d) for IMPUTE and (f) for BEAGLE.

(M¼MACH, I¼ IMPUTE and B¼BEAGLE).
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HapMap III. Both the 1000 Genomes Project panels EURþAFR
(turquoise) and AFR (dark green) had lower yield in comparison with
ASWþCEUþYRI III (blue) indicating poorer quality of imputation
with these panels.
Figure 2b, d and f show the power of detecting the masked SNPs

with simulated phenotypes for each algorithm computed using allele
dosage. The performance of the panels follow the same trend as the
CA(aa), CA(Aa) and k statistics, that is, ASWþCEUþYRI III (blue),
CEUþYRI III (light green), 1000 G(YRI)þAll HapMap III (brown,
only for IMPUTE) and EURþAFR-2011 (yellow, with IMPUTE on
chromosome 18) had higher power than the other panels followed by
EURþAFR (turquoise). This demonstrates that reference panels
attaining higher concordance and k computed using maximum
likelihood genotypes of the masked SNPs can improve power in
subsequent association analysis that uses allele dosage.
The distributions of the CA and k and the power of each reference

panel for the remaining MAF bins 0.05–0.1, 0.1–0.3 and 40.3 are
presented in Supplementary Figures 2–7.
Figure 3 depicts the fraction of SNPs retained at each cutoff of

the k statistic for the three methods using the reference panel ASWþ
CEUþYRI III. Based on the imputation performance using the
masked SNPs, we estimated that using MACH and IMPUTE with the
panel ASWþCEUþYRI III, 68%, 90%, 96% and 95% of the
untyped SNPs in African Americans can be imputed with imputation
accuracy k of 0.92 at the MAF bins p0.05, 0.05–0.1, 0.1–0.3 and
40.3, respectively. With BEAGLE, the percentages dropped to 53%,
77%, 87% and 87% for the above MAF bins, respectively. Using
IMPUTE with the combined reference panels 1000 G(YRI)þAll
HapMap III (Supplementary Figure 8), the yield remained extremely
close to that of ASWþCEUþYRI III. This demonstrates that

combining reference panels in addition to ASW, CEU and YRI is
unlikely to improve the imputation accuracies significantly. Both the
1000 Genomes Project panels EURþAFR and AFR had lower yield in
comparison with ASWþCEUþYRI III due to lower imputation
accuracy with these panels.

Comparison between the imputation algorithms
We compared the imputation performances of the three imputation
methods using the combined HapMap III panel ASWþCEUþYRI
III that achieved high concordance and power with each imputation
algorithm. As described in the preceding paragraph, Figure 3 also
serves to compare the three methods. Using the k statistic, MACH
(green) and IMPUTE (blue) performs similarly and both are better
than BEAGLE (red). Figure 4 compares the imputation performance
of the methods using the concordance statistics and k computed with
all the masked SNPs at the different MAF bins. We observed that
MACH and IMPUTE consistently achieved higher CA(aa)
(Figure 4a), CA(Aa) (Figure 4b) and k (Figure 4c) than BEAGLE at
all allele frequencies. Additional results using the distributions of
CA(aa) and CA(Aa) are presented in Supplementary Figure 9.
Using the dosage data, a detailed comparison of the power of each

algorithm at all MAF bins using panel ASWþCEUþYRI III is given
in Table 3. MACH and IMPUTE performed similarly and steadily
outperformed BEAGLE at all MAF bins, the difference in power being
higher for masked SNPs with lower MAFs.
Our experiments also indicated that BEAGLE is computationally

faster than MACH and IMPUTE whereas IMPUTE is computationally
much faster than MACH. The details of the runtimes of each method
can be found in Supplementary Data (Supplementary Tables 1 and 2).
Although 1000 G(YRI)þAll HapMap III has many more haplotypes

0.85 0.90 0.95 1.00

0.0

0.2

0.4

0.6

0.8

1.0

Kappa vs Yield for MAF<=0.05

Kappa

Y
ie

ld

M.ASW.CEU.YRI.3
B.ASW.CEU.YRI.3
I.ASW.CEU.YRI.3

0.85 0.90 0.95 1.00

0.0

0.2

0.4

0.6

0.8

1.0

Kappa vs Yield for 0.05<MAF<=0.1

Kappa

Y
ie

ld

M.ASW.CEU.YRI.3
B.ASW.CEU.YRI.3
I.ASW.CEU.YRI.3

0.85 0.90 0.95 1.00

0.0

0.2

0.4

0.6

0.8

1.0

Kappa vs Yield for 0.1<MAF<=0.3

Kappa

Y
ie

ld

M.ASW.CEU.YRI.3
B.ASW.CEU.YRI.3
I.ASW.CEU.YRI.3

0.85 0.90 0.95 1.00

0.0

0.2

0.4

0.6

0.8

1.0

Kappa vs Yield for MAF>0.3

Kappa

Y
ie

ld

M.ASW.CEU.YRI.3
B.ASW.CEU.YRI.3
I.ASW.CEU.YRI.3
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than AFR and EURþAFR, the HapMap III panels have fewer SNPs
compared with the 1000 G(YRI) panel. At the same time, only 118
haplotypes are present in 1000 G(YRI) compared with 1914 in the
combined HapMap III panel. This results in decreased runtime of
IMPUTE with the 1000 G(YRI)þAll HapMap III reference panel.

Relationship of imputation quality metrics with the concordance
and k statistics
The quality of imputation for each imputed SNP was measured by
different statistical metrics for each method. MACH produced the
imputation quality measure (r̂2) that estimates the squared correla-
tion between the estimated allele dosage and true allele dosage. It
represents the ratio of the empirically observed variance of allele
dosage to the expected binomial variance at Hardy–Weinberg
equilibrium.28 BEAGLE generated a similar imputation quality
metric (R2) that estimates the squared correlation between the most
likely allele dosage and the true allele dosage. The output from
IMPUTE contained the Info statistic that represents a measure of the
relative statistical information about SNP allele frequency.25 For each
method, imputed SNPs with higher values of the corresponding
statistic are assumed to be more reliably imputed. Here, we explored
the effect of MAF on the imputation quality measures CA and k when
r̂2 was used to stratify the SNPs. We show the results only for MACH,
as the results of IMPUTE and BEAGLE are similar and presented in
the Supplementary Data (Supplementary Figures 10 and 11). Using
the panel ASWþCEUþYRI III, Figure 5a–d show how CA and k are
affected by allele frequencies when masked SNPs with r̂2 � a cutoff
value were used to compute the corresponding statistics. The four
MAF bins are denoted as p0.05 with red, 0.05–0.1 with blue, 0.1–0.3
with green and 40.3 with magenta.
We observed that r̂2 is a poor indicator of imputation quality for

SNPs with low MAF. Figure 5a shows the CA(aa) against r̂2 at each
MAF bin. The differences in imputation quality score CA(aa) were
more pronounced at lower values of r̂2 and gradually converged as r̂2

increases. The CA(Aa) and CA(AA) vs r̂2 are shown in Figure 5b and
c, respectively. We observed that the differences in concordance at
lower values of r̂2 decreased in the order CA(aa), CA(Aa) and
CA(AA), suggesting that imputation accuracy for similar r̂2 scores was
more affected by allele frequencies in minor allele homozygotes and
heterozygotes. The overall concordance score k (Figure 5d) also
highlights this fact and suggests that there is a great deal of
uncertainly in imputation quality even when imputed SNPs with
r̂2 �0.3 are considered for subsequent analysis as practiced in some
studies.29,30 As a result, we recommend that when maximum
likelihood genotypes from imputation are considered, higher r̂2

quality score cutoffs should be used to retain well-imputed SNPs at
lower allele frequencies. Alternatively, k can be used to ascertain
imputation quality more reliably, however, a small fraction of the
observed genotypes randomly chosen should be masked before
imputation to facilitate computation of the k statistic.

DISCUSSION

Although the 1000 Genomes Project panels have far more SNPs than
the HapMap panels, no studies to our knowledge have compared the
imputation accuracies between the 1000 Genomes Project and
HapMap panels for imputation of the African Americans. We have
performed a systematic and comprehensive evaluation of the imputa-
tion performance of various combinations of reference haplotypes
from the HapMap Phase III and the 1000 Genomes Projects using
three popular imputation methods—MACH, IMPUTE and BEAGLE
in African Americans from the ARIC study. We have used three
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imputation quality score metrics—CA, k and power of association
analysis to visualize and critically evaluate the performance of the
reference panels and imputation methods. The first two statistics use
the maximum likelihood genotypes to evaluate the accuracy of
imputation, whereas power is computed using the mean genotypes
(that is, allele dosage) computed from the posterior distribution of
the genotypes.
In previous studies on imputation performance, the metric for

comparison of imputation accuracy has been limited to using the
proportion of concordance between the original and masked geno-
type calls across all the study samples and averaged over all the
masked SNPs (that is, total concordance).6,16 Moreover, none of the
previous studies had examined the dependency of the imputation
accuracy metrics on MAF and evaluated the impact of each of the

three genotype classes—minor allele homozygotes, heterozygotes and
major allele homozygotes, separately, on the imputation performance.
In our study, we have shown that this naive metric is not suitable to
adequately differentiate the imputation accuracies between different
reference panels and algorithms. Instead, we have computed the
concordances for each class of genotypes separately. The overall
concordance computed using the k statistic is found to be far more
informative than total concordance. Our results demonstrate that
imputation performance is affected by allele frequency, and that
imputation of minor allele homozygotes and heterozygotes for SNPs
having low MAF is more sensitive when compared with that of the
major allele homozygotes. Therefore, imputation accuracies should be
evaluated using concordance and k metrics with minor allele
homozygotes and heterozygotes of low MAF SNPs. In addition,
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Figure 5 With MACH (a–c) mean concordance accuracy (CA) for each genotype and (d) mean kappa using masked single-nucleotide polymorphisms (SNPs)

exceeding a given r̂2
cutoff for panel ASWþCEUþYRI III. Four minor allele frequencies (MAF) bins are shown as p0.05 (red), 0.05–0.1 (blue), 0.1–0.3

(green) and 0.3–0.5 (magenta).

Table 3 Comparison of power of each method using the panel ASWþCEUþ YRI III at the four minor allele frequency bins

Power

p0.05 0.05–0.1 0.1–0.3 40.3

V M I B M I B M I B M I B

0.003 0.2321 0.2143 0.2026 0.235 0.2532 0.2222 0.2418 0.2423 0.2343 0.2242 0.213 0.2179

0.004 0.5306 0.5051 0.4667 0.6539 0.6648 0.6284 0.7309 0.7208 0.6802 0.7514 0.7486 0.7025

0.005 0.7066 0.6964 0.6179 0.8379 0.847 0.7832 0.8837 0.8887 0.8563 0.8946 0.8973 0.8652

0.006 0.8316 0.8367 0.7538 0.9217 0.9071 0.867 0.9383 0.9403 0.9175 0.9518 0.9448 0.9337

0.007 0.8878 0.8724 0.8077 0.9362 0.9271 0.9071 0.9646 0.9646 0.9448 0.9693 0.9686 0.9553

V, the fraction of variance explained. (M¼MACH, I¼ IMPUTE and B¼BEAGLE).
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visualization of distributions of each quality metric indicates that
imputation accuracies for homozygotes and heterozygotes increase,
and imputation yields decrease, with increasing imputation quality
for each method and reference panel.
We also found that when the commonly used imputation quality

score metrics r̂2, R2 and Info are used to estimate imputation
accuracy, for SNPs with lower quality scores, the concordances and
k are significantly affected by MAF. This suggests the use of
more stringent cutoffs to the imputation quality scores to select
well-imputed SNPs at lower allele frequencies for a subsequent GWAS
(for example, in Takahashi et al.31), as opposed to the conventional
approach of using a single cutoff to select imputed SNPs
across all allele frequency ranges. However, no guidelines exist as to
what cutoff values should be selected for each MAF range to attain a
given imputation accuracy. Masking a small fraction of the
observed genotypes before imputation and computing the
concordances and k statistics with the maximum likelihood
genotypes allow one to estimate the imputation performance more
reliably. Note that we are not advocating the use of maximum
likelihood genotypes from imputation for association analysis. Rather,
we emphasize that using maximum likelihood genotypes of masked
SNPs provides the opportunity to evaluate and compare
several imputation methods and reference panels critically and
systematically because the best guess genotypes are expected to be
very close to the (known) masked genotypes when the imputation
accuracies are good.
Our results indicate that imputation in African Americans is

challenging in that the imputation accuracy is reduced when
compared with that of the Caucasians.6–8 In the study by Hao
et al.,6 the authors imputed both Caucasians and African Americans
genome-wide with MACH and BEAGLE using HapMap release 22
CEU and combined CEU and YRI panels, respectively, and explored
how the statistical power of expression quantitative trait loci discovery
is affected by imputation quality. Imputation accuracy was evaluated
using total concordance after masking randomly selected 1% of the
SNPs genome-wide. With the Caucasians, they obtained a higher
imputation yield of 90% of the HapMap SNPs at 98% imputation
accuracy using the CEU panel, whereas for the African Americans
imputation yield dropped to 75% of the HapMap SNPs at 96%
accuracy using the CEUþYRI panel. Shriner et al.16 imputed
genotypes in African Americans from the Washington DC
metropolitan area using MACH, BEAGLE and PLINK, with both
weighted and un-weighted mixture of the reference panels ASW, CEU
and YRI from both HapMap II and III. They found that the weighted
mixture approach yielded fewer imputed SNPs than the un-weighted
mixture approach and recommended using MACH to perform two
imputations, one with CEU as reference and one with YRI as
reference, and then merging the results. However, this conclusion
was based on their observation that using the HapMap Phase II YRI
panel alone as a reference does better than the combined HapMap
Phase II CEUþYRI panel for SNPs present in the YRI panel. Thus,
these results may well be specific to the Phase II HapMap data. The
authors also reported that imputation using MACH with the
HapMap Phase III YRI reference panel marginally outperformed the
HapMap Phase III ASW panel. In our analysis, across all masked
SNPs and MAF bins, at a total concordance value of 0.96, 95% of the
masked SNPs were imputed with CEUþYRI and it increased to 98%
with the ASWþCEUþYRI III reference panel. However, neither of
the above studies stratified the SNPs by MAF or evaluated imputation
accuracies for minor allele homozygotes, heterozygotes and major
allele homozygotes separately.

Given various reference panels and algorithms for imputation of
African Americans, determining the optimal reference panels while
balancing imputation accuracy and SNP yield suited to one’s
experimental requirements can be an arduous and time consuming
task. Therefore, our results establish performance benchmarks for
imputation accuracy in African Americans that can guide the
researchers in choosing the appropriate reference panels for imputa-
tion and association analysis.
The recent June 2011 release from the 1000 Genomes Project

contains considerably more SNPs than the previous releases (June
2010 and August 2010) and many times more than that present in
HapMap reference panels and resulted in higher imputation coverage
(Supplementary Data, Tables 3 and 4). Across both HapMap III and
1000 Genomes reference panels, those consisting of multiple ethnic
panels performed better than panels from single ethnic samples alone
and the combined HapMap panels had better imputation accuracy
compared with the June 2010 and August 2010 releases of 1000
Genomes Project. The most recent June 2011 release performed as
well or better than the best combined HapMap III reference panels
and previous releases of the 1000 Genomes Project. Because of better
genome-wide coverage, greater reference panel size (haplotype count),
and greater presumed accuracy with each incremental 1000 Genomes
release, we conclude that for imputation of African Americans, users
would likely benefit from using a combined multi-ethnic panel from
the most current release.
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