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Abstract—Copy number variations (CNVs) are structural
variations associated with human diseases. We are constructing
the first high-resolution CNV map for Korean population, using
next-generation sequencing data. High quality CNVs are detected
in 400 unrelated healthy Korean individuals by running four
calling algorithms, and integrated to identify high confidence
CNV regions. We present a pipeline system which is composed of
various methodologies for construction of CNV maps. This
Korean CNV map will contribute to a more accurate clinical
interpretation of CNVs in Korean patients and serve as a starting
point for the implementation of personalized health care.
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I. INTRODUCTION
A copy number variation (CNV) is defined as a DNA
segment of 50 base pair or larger and present at a variable copy
number in comparison with a reference genome. CNV is an
important structural variation contributing to genetic diversity
and human evolution. It is also known that CNVs are
associated with human diseases such as autism, intellectual
disability, epilepsy, schizophrenia, obesity, and cancer [1, 2].
However, the CNV association studies have been impeded due
to the incomplete population-specific CNV resources and the
lack of standardization in terms of CNV detection and
statistical analysis methods [3, 4]. Recent studies focusing on
CNVs of specific ethnicities report that there are significant
amount of population-specific CNVs [5, 6]. However, most of
these assays were based on oligonucleotide or SNP arrays
having limitations of noisy signal and low resolution.
We are constructing, to our knowledge, a first CNV map in
Korean population using next-generation sequencing data. The
aim of the CNV map is to catalogue benign CNVs among
healthy individuals of the Korean population. We used wholegenome sequencing data of 400 healthy, unrelated Korean
people provided by the Korea National Institute of Health
(KNIH). To identify the most accurate set of CNVs of each
individual genome, CNVs were assessed using carefully
selected four different algorithms and retained only if observed
by more than one algorithm. We then separately merged
overlapping deletions and duplications across the population to
generate population-specific CNV regions (CNVR).
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II. METHODS
A. Resources
We used whole-genome sequencing data of 400 Korean
people provided by the Korea National Institute of Health
(KNIH). Sequencing data were generated on an Illumina Hiseq
2000 sequencing platform with an average coverage depth of
30× and alignment data were stored in BAM format. For each
sample data we performed a quality control using Picard
(http://picard.sourceforge.net/), SAMtools (http://samtools.sourceforge.net/),
and GATK (https://software.broadinstitute.org/gatk/) which
include the application of filters and the calculation of quality
statistics. The post-processed data which passed the strict
quality control threshold were only used for all downstream
analysis.
Detecting and characterizing CNV from next generation
sequencing data is still challenging due to the lack of effective
statistical approaches. Currently, no single calling algorithm
can detect all types of CNVs in the genome. Table 1 shows a
list of selected CNV calling methods. To increase the reliability
of CNV detection, we evaluated these publically available
CNV calling algorithms using a simulated data set generated
by SInC [7] and compared their performances in terms of
breakpoint and copy number estimation. We then selected the
most efficient four algorithms and analyzed the whole-genome
sequencing data of each Korean individual.
TABLE I. SUMMARY OF BIOINFORMATICS TOOLS FOR CNV
DETECTION USING WHOLE-GENOME SEQUENCING DATA [8]

B. A pipeline for generating a copy number variation map
Our pipeline proceeds in two stages: up and down stages.
Fig. 1 shows the overall process of our method. The up stage
includes sample selection, quality control (post processing),
algorithm-specific CNV detection and sample-specific CNV
list generation. The down stage includes CNVR clustering,
scoring, filtering and CNV map generation.
First, in the up stage, the BAM file of each sample was
processed, sorted and filtered with SAMtools. After removing
PCR duplicate reads with MarkDuplicates of Picard, local
realignment around indel was performed using the
RealignerTargetCreator and IndelRealigner of GATK. We then
identified raw CNVs in each sample using four different
calling algorithms. Next, within each individual, raw CNVs
from all four different algorithms were checked for overlap
with each other by at least 50% to detect high quality CNVs
that were detected by at least two algorithms. However,
whenever two CNVs were observed to overlap reciprocally by
50% or more, the narrower breakpoints were chosen, yielding a
shorter and conservative CNV interval. CNVs that passed the
comparison were only kept for each individual. We also
assigned a score for each CNV (high quality CNV) which
reflects the number of algorithms commonly detected the CNV.
We then finally generated a high quality CNV list for each
sample that contains non-overlapping CNVs that were
observed at least twice by the four different algorithms.
In the down stage, CNVs from individual samples were
clustered following a 50% reciprocal overlap. As CNVs called
from different individuals may estimate partially different
CNV intervals, we adopted a CNVR clustering algorithm to
identify sets of CNVs in which every possible CNV pair
overlaps reciprocally by 50% or more. The CNVs in each
cluster were then merged into a CNVR with the outermost
coordinates. Two or more neighboring clusters were merged if
they overlapped by at least 1 base pair, and the resulting CNVR
included the interval of all underlying clusters. In order to score
the cluster, we used the score of each CNV component within
the cluster. The final score of each cluster which represents the
stringency level was then calculated by adding the scores for
all CNVs in each cluster.

III. CONCLUSION
We combined four independently detected raw CNV list
from 400 individuals to generate a CNV map at high-resolution
in a Korean population. We presented a pipeline system which
performs a complete analysis starting from quality control of
selected samples to copy number variation map generation.
Our population-specific CNV map will serve as a valuable
addition to the existing resources for the clinical interpretation
of new CNV findings in Korean people.
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Fig. 1. Overall process of our pipeline system. In the up stage, we discovered high quality CNVs in 400 unrelated healthy Korean
individuals using four different calling algorithms. In the following down stage, we integrated these CNVs across the population to
generate high confidence population-specific CNV regions.

