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Abstract
Genotype imputation is increasingly employed in genome-wide association studies, particularly for integrative and
cross-platform analysis. Several imputation algorithms use reference panels with a larger set of genotyped markers
to infer genotypes at ungenotyped marker locations. Our objective was to assess which method and reference panel
was more accurate when carrying out imputation. We investigated the influence of choice of two most popular
imputation methods, IMPUTE and MACH, on two reference panels from the HapMap and the 1000 Genomes
Project. Our results indicated that for the HapMap, MACH consistently yielded more accurate imputation results
than IMPUTE, while for the 1000 Genomes Project, IMPUTE performed slightly better. The best imputation results
were achieved by IMPUTE with the combined reference panel (HapMap + 1000 Genomes Project). IMPUTE with
the combined reference panel is a promising strategy for genotype imputation, which should facilitate fine-mapping
for discovery as well as known disease-associated candidate regions.
Introduction
Due to the advance in low-cost and high-throughput genotyping techniques, genome-wide association studies
(GWAS) have successfully identified numerous susceptibility loci strongly associated with a trait or disease of
interest.1 Recently, GWAS have been widely employed for discovery of novel disease loci in very large sets of cases
and controls, such as Alzheimer’s Disease(AD).2-3 However, many single nucleotide polymorphisms (SNPs)
identified from previous studies were not replicated even in these large-scale studies. Thus, GWAS still needs larger
sample sizes to identify and replicate genetic variation of modest effects at adequate power. Consequently,
combining genotype data from multiple studies is one way to increase sample sizes and thus the detection power of
GWAS. However, GWAS projects have usually used different genotyping platforms containing distinct sets of
markers. When combining the results across two or more studies that have different sets of genetic markers, it is
more powerful to combine the genotype data from all studies and then analyze them together than to simply
investigate the top results from each individual study. In addition, in the fine-mapping of known disease-associated
regions, having denser genotype data by imputing additional ungenotyped markers in the same regions can allow
one to localize the disease-associated regions more precisely, and some of the candidate SNPs identified by a
pathway analysis are often ungenotyped in a given study and need to be imputed for further analysis. As a result,
genotype imputation methods have increasingly become popular.4
Recently, many imputation methods have been proposed, and their performance has been compared by investigating
the effect of linkage disequilibrium (LD; defined formally below), minor allele frequency (MAF), and reference
population on imputation accuracy rate.5-7 MACH (www.sph.umich.edu/csg/abecasis/MACH)8 and IMPUTE
(https://mathgen.stats.ox.ac.uk/impute/impute.html)9 produced similar accurate results and these two methods are
consistently superior to other methods. These imputation algorithms use a reference panel with very dense
genotyping to effectively impute genotypes at unobserved markers by using the pattern of LD in the reference panel.
A reference panel consists of a number of individuals genotyped at all markers of interest. To date, most imputationbased association studies have been conducted using diverse reference population samples only from the HapMap
(www.hapmap.org) as reference panels.10 Very recently, the 1000 Genome Project (www.1000genomes.org)
released high quality genotype data with denser markers which may help yield improved imputation results.
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Furthermore, IMPUTE can use a combined set of haplotypes from both the HapMap and the 1000 Genomes Project
as a reference panel for a single imputation. The choice of a reference panel may play an important role in
influencing the accuracy of imputation methods. Therefore, key components for a successful imputation include not
only a promising imputation method but also an appropriate reference panel.
In this study, our goal was to examine two highly popular genotype imputation software packages, IMPUTE v2 and
MACH v1, by investigating their performances using two independent reference panels from the HapMap and the
1000 Genomes Project. It is necessary to assess the influence of choice of reference panels on imputation accuracy
rate in order to address which combination of the method and the reference panel is optimal for imputation prior to
GWAS.
Methods
Study samples
822 participants in the Alzheimer’s Disease Neuroimaging Initiative (ADNI) (www.adni-info.org) were used in this
study. The ADNI was launched in 2004 to help researchers and clinicians develop new treatments for MCI (mild
cognitive impairment) and early AD, monitor their effectiveness, and decrease the time and cost of clinical trials.
Neuroimaging and biological markers were used to achieve the goal of the ADNI study.
This multi-year multi-site longitudinal study was started by the National Institute on Aging (NIA), the National
Institute of Biomedical Imaging and Bioengineering (NIBIB), the Food and Drug Administration (FDA), private
pharmaceutical companies, and non-profit organizations. The ADNI participants consist of AD, MCI, and elderly
healthy control individuals. They were aged 55-90 years and recruited from 59 sites across the U.S. and Canada.
Written informed consent was obtained from all 822 participants and the study was conducted with prior
Institutional Review Boards approval.
For the clinical diagnosis of AD, National Institute of Neurological and Communicative Disorders and Stroke and
the Alzheimer’s Disease and Related Disorders Association (NINCDS-ADRDA) criteria, mini mental state
examination (MMSE) scores, and clinical dementia rating (CDR) were used. Demographic information, APOE
genotype, neuropsychological test scores, and diagnosis were downloaded from the ADNI database
(www.loni.ucla.edu\ADNI).
Genotyping
A majority of ADNI participants (818 out of 822) were genotyped using the Illumina Human610-Quad BeadChip,
which contains 620,901 markers. Their genotyping was conducted as described previously. 11-12 ADNI genotyping
data are publicly available at the ADNI database.
Quality Control
We performed standard quality control procedures for genetic markers and subjects using PLINK v1.06
(pngu.mgh.harvard.edu/~purcell/plink).13 All the copy number variation (CNV) markers were excluded. SNPs were
excluded using the following marker exclusion criteria: (1) call rate ≤ 90%, (2) minor allele frequency (MAF) ≤ 5%
, and (3) Hardy-Weinberg equilibrium (HWE) test P< 1 × 10-6 in healthy control participants only.11-12
After excluding markers, we removed participants with overall genotyping call rates ≤ 90% and then compared the
gender in the clinical database with the gender determined through the heterozygosity of SNPs on the X
chromosome to exclude gender mismatches from the analysis. We evaluated the pair-wise identity by descent (IBD)
for all subjects to identify pairs with estimated proportional IBD > 0.125 and removed one subject from each pair
who appeared to be relatives closer than first-cousin or sample duplications. Since population stratification is known
to cause spurious association in disease studies, we restricted our analyses to non-Hispanic Caucasian participants.1112

Consequently, 733 individuals and 530,992 SNPs passed all quality control tests, and the total genotyping rate in the
remaining subjects was > 99.5%.
Imputation Methods
The present study investigated two of the most widely used software packages: MACH v18 and IMPUTE v29.
MACH8 implements a Markov chain-based algorithm to infer possible pairs of haplotypes for each individual’s
genotypes and accurately impute missing genotypes on the basis of LD information. MACH works by successively
updating the phase of each individual’s genotype data conditional on the current haplotype estimates of all the other
individuals. It carries out a two-stage procedure: it first estimates unknown parameters to be used in the second stage
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using a subset of individuals and then carries out genotype imputation based on the first-stage maximum-likelihood
estimates of the crossover map and the error rate map. MACH produces several output files containing the dosages
of reference allele and the posterior probability for the most likely genotype at each marker for each individual.8
IMPUTE9 employs a hidden Markov chain Monte Carlo method to compare the set of genotype for each individual
in the given study dataset to the reference haplotypes. SNPs are first divided into two sets: a set T that is genotyped
in both the study sample and reference panel, and a set U that is ungenotyped in the study sample but genotyped in
the reference panel. IMPUTE produces posterior probabilities of missing genotypes by estimating haplotypes at
SNPs in T and then imputing alleles at SNPs in U conditional on the current estimated haplotypes.9
We determined discrete imputed genotypes using the posterior probabilities obtained from MACH and IMPUTE: for
a given individual, imputed genotypes at given marker loci with posterior probabilities greater than a threshold value
were accepted, otherwise classified as missing.
Reference Population
MACH and IMPUTE use a reference panel with very dense genotyping to compare the potential haplotypes for each
individual in a given study with all other observed haplotypes from the reference panel. A reference panel consists
of a number of individuals genotyped at all markers of interest. For this purpose, the HapMap data
(www.hapmap.org) have successfully been employed in most imputation-based studies. Very recently, sets of
haplotypes from the pilot phase of the 1000 Genomes Project (www.1000genomes.org) have been made available.
The reference panel should be representative of the study sample population. We used non-Hispanic Caucasian
participants in this study. Therefore, we used the CEU (Utah residents with northern and western European ancestry
from the CEPH collection) panel of HapMap3 release 2 data and the CEU panel of the pilot 1 data of the 1000
Genomes Project as reference panels for inferring missing genotypes. The CEU panel of HapMap 3 release 2 has
234 haplotypes in phased files and about 1.39 million SNPs, and the CEU panel of the pilot 1 data of the 1000
Genomes Project has 120 haplotypes and about 7.9 million SNPs. In particular, IMPUTE can use a set of combined
haplotypes from both the pilot 1 data of the 1000 Genomes Project and the HapMap3 data as a reference panel for a
single imputation. Henceforth, we refer the CEU panel of HapMap 3 release 2 as HM3CEU, and the CEU panel of
the pilot 1 data of the 1000 Genomes Project as G1KCEU.
Imputation Performance
MACH and IMPUTE produce the posterior probabilities of the imputed genotypes at ungenotyped marker loci for
each individual. In order to assess the quality of imputation, we determined discrete imputed genotypes by accepting
an imputed genotype if its posterior probability reached a pre-specified threshold or classifying it as missing
otherwise. To make comparisons about imputation accuracy across MACH and IMPUTE using two different
reference datasets, HM3CEU and G1KCEU, we used 7,991 SNPs from chromosome 22 of the ADNI data to reduce
computation time. First, 300 genotyped SNPs were selected on chromosome 22 by picking a SNP every 26 SNPs
among the 7,991 SNPs. These 300 SNPs were then removed and subsequently imputed for all 733 subjects. The
total genotyping rate of the 300 SNPs is 0.9954. Imputation accuracy was calculated as the concordance rate
between the imputed and observed genotypes.
We calculated the dependence of imputation accuracy rates on a weighted average of linkage disequilibrium (LD)
and a SNPs’ minor allele frequency (MAF). Linkage disequilibrium (LD) is defined as the nonrandom association of
alleles of SNPs residing near one another on a chromosome and D' denotes the measure of LD.1 We determined a
weighted average of the pairwise D' between each imputed SNP and all other SNPs in the same chromosome with
weights as

∑

,

where is the physical distance between the imputed SNP and the ith SNP in 100 kb, and
between the same two SNPs.14

is the estimate of LD

Results
In Figure 1(a,b), we present the dependence of imputation accuracy rates on a weighted average of LD at the default
threshold value (qc=0.9), where we impose a posterior probability equal to 0.90 as a threshold value to accept the
imputed genotypes.

1015

Fig. 1 Imputation accuracy rate as a function of a weighted average of linkage disequilibrium (LD) ((a) MACH and
(b) IMPUTE) and minor allele frequency (MAF) ((c) MACH and (d) IMPUTE) at the default confidence threshold
value (qc=0.9) using HapMap 3 CEU population.
With a reference panel (HM3CEU), MACH and IMPUTE were used to impute SNPs that are not genotyped in the
sample but that are genotyped in the reference panel. As expected, imputing genotypes at SNPs that are in strong LD
with genotyped markers is much more likely to produce correct genotypes. Imputation accuracy strongly depends on
a weighted average of LD.
In addition, Figure 1(c,d) shows the accuracy of imputed genotypes as a function of the SNPs’ minor allele
frequency (MAF). Imputation of SNPs with a lower MAF appears to be more accurate than imputation of SNPs with
a higher MAF. Overall, IMPUTE and MACH had a similar performance.

Fig. 2 Proportion of SNPs that have imputation accuracy rates equal to or exceeding 90% as a function of the
number of SNPs with missing values ≤ 10% at different threshold values: (a) MACH and (b) IMPUTE.
Figure 2 shows the proportion of SNPs that have imputation accuracy rates equal to or exceeding 90% as a function
of the number of SNPs with missing values less than 10% at different threshold values of the posterior probability.
In general, the imputation accuracies increase if the threshold value for the posterior probabilities of genotypes is
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raised with the expense of more missing data. Within two compared reference panels (HM3CEU and G1KCEU),
HM3CEU produced better imputation accuracy at different threshold values for MACH. Within three compared
reference panels (HM3CEU, G1KCEU, and HM3CEU+G1KCEU), imputation accuracy rates were highest when
using IMPUTE and the combined reference panel (HM3CEU+G1KCEU). This result suggests that the large
increase in the number of both SNPs and samples in the reference panel allows more accurate imputation of most
ungenotyped SNPs.
We compared the imputation accuracy of two imputation methods (MACH, IMPUTE) within the same reference
panel. The results are shown in Figure 3. For HM3CEU, MACH consistently yields higher imputation accuracy rates
than IMPUTE. By contrast, for G1KCEU, MACH has slightly lower imputation accuracy rates.

Fig. 3 Proportion of SNPs that have imputation accuracy rates equal to or exceeding 90% as a function of the
number of SNPs with missing values less than 10% at different threshold values: (a) HM3CEU and (b) G1KCEU.
Discussion
In this study, we investigated the effect of the reference panels on the imputation accuracy of ungenotyped SNPs
using two commonly used imputation methods: IMPUTE v2 and MACH v1. Until now, nearly all imputation-based
association studies have been performed using HapMap haplotypes as reference panels. Our study assessed for the
first time which combination of genotype imputation method and reference panel could yield the most accurate
results. In our analyses, for the HapMap 3 data, MACH consistently yielded higher imputation accuracy rates than
IMPUTE, while for the 1000 Genomes Project data, IMPUTE performed slightly better. The best results was
achieved by IMPUTE coupled with a combined reference panel (HapMap 3 + 1000 Genomes Project). In addition,
we observed that the imputation accuracy was dependent on the extent of LD between the ungenotyped marker and
the neighboring genotyped markers as well as its minor allele frequency. However, compared to LD, MAF has a
weaker effect on imputation accuracy rate.
Each of the imputation methods, MACH and IMPUTE, has its own strengths and weaknesses. MACH is more userfriendly in terms of data handling, yet MACH requires high memory and CPU time especially for larger
chromosomes. A new MACH-based imputation software package, minimac
(http://genome.sph.umich.edu/wiki/Minimac), has recently been released. Minimac is a low memory,
computationally efficient implementation of the MACH algorithm for genotype imputation that supports multithreading. IMPUTE can also reduce the computation time and memory requirements, in this case by dividing larger
chromosomes into smaller segments of several mega bases. IMPUTE, however, is less user-friendly in handling
data.
In summary, in order to maximize the imputation accuracy, IMPUTE coupled with the combined reference data
(HapMap + 1000 Genome Project) appears to be a particularly promising strategy to support especially finemapping for GWAS and analysis of candidate regions. We note that imputation algorithms and reference panels are
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a rapidly evolving target. These issues will require frequent re-evaluation given the current status and prospects for
further improvement.
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