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Abstract
Background For a genome-wide association study in humans, genotype imputation is an essential analysis tool for improving 
association mapping power. When IMPUTE software is used for imputation analysis, an imputation output (GEN format) 
should be converted to variant call format (VCF) with imputed genotype dosage for association analysis. However, the con-
version requires multiple software packages in a pipeline with a large amount of processing time.
Objective We developed GEN2VCF, a fast and convenient GEN format to VCF conversion tool with dosage support.
Methods The performance of GEN2VCF was compared to BCFtools, QCTOOL, and Oncofunco. The test data set was a 
1 Mb GEN-formatted file of 5000 samples. To determine the performance of various sample sizes, tests were performed 
from 1000 to 5000 samples with a step size of 1000. Runtime and memory usage were used as performance measures.
Results GEN2VCF showed drastically increased performances with respect to runtime and memory usage. Runtime and 
memory usage of GEN2VCF was at least 1.4- and 7.4-fold lower compared to other methods, respectively.
Conclusions GEN2VCF provides users with efficient conversion from GEN format to VCF with the best-guessed genotype, 
genotype posterior probabilities, and genotype dosage, as well as great flexibility in implementation with other software 
packages in a pipeline.
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Introduction

A genome-wide association study (GWAS) is a well-known 
approach to identify genetic variations associated with 
complex traits (Visscher et al. 2012). The GWAS Catalog 

is a free online database that collects GWAS results. As 
of November 2019, the catalog contains 161,525 variant-
trait associations from 4298 publications (https ://www.ebi.
ac.uk/gwas/) (Buniello et al. 2019). In a GWAS, genotype 
imputation has been regarded as an essential analysis tool 
to improve the power of association mapping by estimating 
tens of millions of variants that are not directly genotyped 
using a single nucleotide polymorphism (SNP) microar-
ray. Genotype imputation infers missing or untyped SNPs 
in a study dataset from a reference panel, such as the 1000 
Genomes project and Haplotype Reference Consortium 
(Auton et al. 2015; Huang et al. 2009; McCarthy et al. 
2016). Various imputation tools have been introduced such 
as IMPUTE2 (Howie et al. 2009), BEAGLE (Browning 
and Browning 2016), Mach (Li et al. 2010), and Minimac 
(Howie et al. 2012).

By default, imputation estimates posterior probabilities 
of three genotypes AA, AB, and BB. These posterior prob-
abilities are often used in a form of three different types 
in association testing: the best-guessed genotype (GT) with 
maximum posterior probability; genotype probabilities 
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(GPs); and genotype dosage (DS), which is the posterior 
mean of three posterior probabilities. Among them, DS is 
widely used in testing associations for imputed genotypes. 
The association test using DS showed enhanced statistical 
power (Liu et al. 2013).

However, there are challenges in using imputed dosages 
in association tests. Dedicated software packages, such as 
SNPTEST (see URLs) and mach2qtl (see URLs), using 
imputed dosages in association testing does not support 
various statistical methods and gene-based tests supported 
by recent association software packages, such as EPACTS 
(see URLs) and RAREMETAL (Feng et al. 2014). EPACTS 
and RAREMETAL are used to perform various statistical 
analyses and gene-based association tests using variant call 
format (VCF), which contains formatted imputed genotypes. 
Although the recently developed Minimac 3 outputs impu-
tation data in a VCF file, IMPUTE only outputs GEN files, 
a non-VCF file (Howie et al. 2012). Even though IMPUTE 
does not support VCF, IMPUTE has been widely used in 
many GWASs due to its high imputation accuracy compa-
rable to Minimac (Das et al. 2016). To handle imputed data 
from IMPUTE, an additional conversion process is required 
for subsequent association analyses.

Existing tools that support a VCF conversion process, 
such as BCFtools (see URLs) and QCTOOL (see URLs), 
convert IMPUTE GEN files to VCF without dosage infor-
mation. Thus, additional data processing using VCF parsers, 
such as PySAM (see URLs), is required to obtain dosage 
information, and the output can be merged with VCF data 
from BCFtools and QCTOOL. Oncofunco is an R pack-
age (see URLs) that converts posterior probabilities in an 
IMPUTE2 gen file to dosage and then outputs to a VCF file. 
The VCF file contains only dosage information; therefore, 
other information is added using the VCF parser. These mul-
tiple conversion steps may take a lot of time for reading, 
modifying, and writing data. Currently, as far as we know, 
Hail (see URLs) is the only software package that can be 
used for converting GEN files to VCF files. Hail uses Spark 
to read and write large data sets (Ganna et al. 2016; Khera 
et al. 2018). However, the implementation of a Spark-based 
system environment requires experts in related fields and a 
supercomputing resource for handling a large-scale dataset. 
Therefore, a fast and convenient GEN format to VCF conver-
sion tool with DS support is warranted.

In this paper, we present a new tool GEN2VCF, which con-
verts the IMPUTE output in GEN format to VCF. GEN2VCF 
provides DS as well as GT and GP. GEN2VCF is a C-based 
software that converts GEN files faster than the existing pipe-
lines and is efficient in handling large amounts of data with 
low memory usage. GEN2VCF also has options for standard 
input and output of processing data. This feature is particu-
larly useful in implementing GEN2VCF with various different 
software packages by piping and redirection. We compared 

the performance of GEN2VCF with three possible pipelines 
by using combinations of three converting tools (BCFtools, 
QCTOOL, and Oncofunco) and a VCF parser (PySAM). A 
subset of chromosome 1 of the imputed data of 5000 samples 
was used as input data. To measure the performance, runtime 
and memory usage were used as measures.

Materials and methods

Implementation of GEN2VCF

GEN2VCF was implemented in the C programming lan-
guage on Linux-based operating systems, which allows 
for large amounts of imputed data to be handled quickly. 
Memory usage is also relatively low compared to other 
programming languages (Fourment and Gillings 2008). All 
GEN2VCF commands are run in a Linux terminal. Given 
two alleles of A, B, there are three possible genotypes of a 
SNP: AA, AB, and BB. The A allele was regarded as the 
reference allele, and B allele as a coded allele (alternative 
allele). From the imputation output, the probability of each 
genotype is given by P(AA), P(AB), and P(BB). An imputed 
genotype dosage was estimated as 0 · P(AA) + 1 · P(AB) + 2 
· (BB) (Hoffmann and Witte 2015). The dosage has a value 
between 0 and 2.

Comparison with other existing software 
packages

For the comparison analysis, we converted a GEN-format-
ted file, which is an output from IMPUTE software, to a 
VCF file with GT, GP, and DS. In the conversion from GEN 
format to VCF, the processes of GEN2VCF and existing 
software packages (BCFtools, QCTOOL, and Oncofunco) 
were displayed in Fig. 1. Briefly, there are three main steps 
during conversion processes: (1) the GEN file generated by 
IMPUTE is read, (2) dosages are calculated using genotype 
probabilities in the GEN file, and (3) an indexed compressed 
(bgzip) VCF file with GT, GP, and DS is generated. The 
basic characteristics of GEN2VCF and existing software 
packages are summarized in Table 1. Since the existing 
software alone do not have an option for handling dosage 
values   for the conversion, an imputed genotype dosage was 
calculated using the VCF parser PySAM. On the other hand, 
GEN2VCF provides the conversion in a single process, 
thereby enabling more efficient analysis.

Performance test

For the experiment, we randomly sampled imputed data 
from a 1 Mb region on chromosome 1 from 5000 samples 
that was previously genotyped with the Korea Biobank 
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Array (Moon et al. 2019). The 1 Mb genotype data were pre-
phased using Eagle v2.3 (Loh et al. 2016) and imputed using 
Impute v4 (Bycroft et al. 2018) using the 1000 Genomes 
project phase 3 data as a reference panel (Auton et al. 2015). 
The imputed dataset consists of 13,891 variants. All experi-
ments were performed on a computer with an Intel Xeon 
processors 3.47 GHz (12 cores), 66 GB of memory, and the 
Linux-based operating system Ubuntu 14.04.6. To measure 
the performances of GEN2VCF and other software pack-
ages, we used total runtime and maximum memory usage as 
performance measures. All tools were used with their default 
options in a single process.

Results

We performed a comparison analysis between GEN2VCF 
and possible three existing pipelines by using combina-
tions of three converting tools (BCFtools, QCTOOL, and 
Oncofunco) and a VCF parser (PySAM). We converted a 

GEN-formatted file, which was an output from the IMPUTE 
software, to a VCF file with GT, GP, and DS. To determine 
the performance for various sample sizes, tests were per-
formed from 1000 to 5000 samples with a step size of 1000. 
To determine the performance, total runtime and memory 
usage was used for each approach.

The basic characteristics of the four methods used in this 
study are summarized in Table 1. BCFtools and QCTOOL 
only support the GT and GP of each genotype. Oncofunco 
outputs a VCF file with DS except GT and GP. Therefore, 
the VCF parser PySAM was used to combine VCF files with 
partial information to generate a VCF file with GT, GP, and 
DS.

Figure 2 shows the total runtime of each method. As 
shown in the figure, GEN2VCF was the fastest among the 
four methods. The second fastest pipeline was Oncofunco 
and BCFtools used with PySAM. The runtime for generat-
ing a VCF file using QCTOOL and PySAM was the low-
est of the four. However, GEN2VCF showed a 1.4–17-fold 
decrease in conversion time compared to the other pipelines.

In terms of memory usage during the conversion process, 
GEN2VCF had the least memory usage among the meth-
ods (Fig. 3). Oncofunco and Pysam use more memory than 
GEN2VCF to generate the VCF file. When using BCFtools 
and QCTOOL with PySAM, memory usage was comparable 
to other methods. For the conversion process, as the sam-
ple size increased, the difference in memory usage of other 
methods increased compared to that of GEN2VCF. When 
a 1 Mb GEN file with 5000 samples was used as the input, 
GEN2VCF showed a 7.4–1770-fold decrease in memory 
usage compared to other methods.

Discussion

In this study, we developed a new tool to convert the 
IMPUTE output (GEN format) to VCF with GT, GP, and 
DS in a single process. The performance of GEN2VCF was 
compared with three possible pipelines using existing tools. 
As a result, GEN2VCF showed at least a 1.4-fold decrease 
in processing time during the conversion. Moreover, GEN-
2VCF showed the lowest memory usage; at least a 7.4-fold 

Fig. 1  Conversion processes of GEN2VCF and existing software 
packages

Table 1  Basic characteristics of methods used in this study

Tool Input Output VCF FORMAT Field Ver. Ref. URL

BCFtools GEN, BCF, VCF, HAPS BCF, VCF GT, PL, GL, GQ, GP 1.6 PMID: 21,903,627 http://samto ols.githu b.io/bcfto ols/bcfto 
ols.html

QCTOOL GEN, BGEN, VCF GEN, VCF GT, GP 1.4 doi: 10.1101/308296 http://www.well.ox.ac.uk/~gav/qctoo 
l/#overv iew

GEN2VCF GEN, BGEN VCF GT, GP, DS 1.0 – https ://bitbu cket.org/4shin /divis ion-of-
genom e-resea rch/src/maste r

Oncofunco GEN VCF DS – – https ://githu b.com/oncog eneti cs/oncof 
unco

http://samtools.github.io/bcftools/bcftools.html
http://samtools.github.io/bcftools/bcftools.html
http://www.well.ox.ac.uk/~gav/qctool/#overview
http://www.well.ox.ac.uk/~gav/qctool/#overview
https://bitbucket.org/4shin/division-of-genome-research/src/master
https://bitbucket.org/4shin/division-of-genome-research/src/master
https://github.com/oncogenetics/oncofunco
https://github.com/oncogenetics/oncofunco
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decrease in memory usage was observed when converting a 
1 Mb GEN file of 5000 samples. The difference in memory 
usage was greater by increasing the number of samples for 
conversion. The memory usage is very important in cases 
handling millions of samples of whole genome imputed 

genotypes using a parallel computing environment. Since 
the maximum memory of a node of a parallel computing 
environment is limited, large memory usage may produce 
inefficiencies in the use of computing power for converting 
GEN files. The increased performance of GEN2VCF was 

Fig. 2  Runtime comparison 
among the four methods

Fig. 3  Memory usage compari-
son among four methods
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achieved by programming a dedicated conversion software 
using a high-level C language, minimizing memory usage by 
processing GEN file line by line appending to a temporary 
buffer, fast conversion of floating point to string via a custom 
function. Our results showed that GEN2VCF is an efficient 
and convenient tool for converting a GEN file to a VCF file 
with GT, GP, and DS.

In addition to the more efficient performance, GEN2VCF 
provides users with a convenient option of standard input 
and output for data processing. This feature is particularly 
useful in implementing GEN2VCF with various different 
software packages by piping and redirection. For example, 
an association test can be performed in a single command 
line by piping a GEN file management tool (i.e., QCTOOL), 
GEN2VCF, and association software supporting the VCF. 
Also, the application can be more efficient in managing 
storage space if used with a compressed imputation output. 
Imputed genotype data of millions of samples are typically 
hundreds of terabytes. For example, the BGEN format can 
significantly save storage space because it has a smaller file 
size than files with GEN format (Band and Marchini 2018; 
Bycroft et al. 2018). Indeed, about half a million samples of 
whole genome imputation data in the UK Biobank required 
about 2.1 Tb of file space (Bycroft et al. 2018). In a pipe-
lined command, GEN2VCF can handle a standard output 
from QCTOOL (which converts BGEN files to GEN files), 
convert GEN format to VCF with GT, GP, and DS, and 
then the VCF data can also be redirected to other software 
packages.

In conclusion, GEN2VCF provides users not only effi-
cient conversion from GEN format to VCF with GT, GP, and 
DS, but also great flexibility in implementation with other 
software packages in a pipelined command.
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