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Abstract: Gene duplication is a major mechanism for the evolution of gene novelty, and copy-number
variation makes a major contribution to inter-individual genetic diversity. However, most approaches
for studying copy-number variation rely upon uniquely mapping reads to a genome reference and
are unable to distinguish among duplicated sequences. Specialized approaches to interrogate specific
paralogs are comparatively slow and have a high degree of computational complexity, limiting their
effective application to emerging population-scale data sets. We present QuicK-mer2, a self-contained,
mapping-free approach that enables the rapid construction of paralog-specific copy-number maps
from short-read sequence data. This approach is based on the tabulation of unique k-mer sequences
from short-read data sets, and is able to analyze a 20X coverage human genome in approximately
20 min. We applied our approach to newly released sequence data from the 1000 Genomes Project,
constructed paralog-specific copy-number maps from 2457 unrelated individuals, and uncovered
copy-number variation of paralogous genes. We identify nine genes where none of the analyzed
samples have a copy number of two, 92 genes where the majority of samples have a copy number other
than two, and describe rare copy number variation effecting multiple genes at the APOBEC3 locus.
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1. Introduction

Gene duplication is the major mechanism for the evolution of novel gene functions [1–3].
Copy-number and sequence variation within gene families is associated with a number of phenotypes,
evolutionary adaptations, and human diseases [4]. Gene duplicates can arise through two broad
mechanisms: duplication of DNA sequences and the reverse transcription and integration of RNA
transcripts. For simplicity, we refer to all genes related to each other via duplication, regardless
of the mechanism of origin, as paralogs. Duplications arising at the DNA level are generated via
two processes: whole genome duplication events and smaller duplications restricted to segments
of DNA (segmental duplications). Whole genome duplication is an ancient and continuing process
that is common in plants and has played key roles in the evolution of vertebrates, jawed fishes
(gnathostomes), and ray-finned fish (teleosts) [5,6]. Segmental duplication results in additional copies
of a single gene or of a cluster of adjacent genes. Unequal crossing over during meiosis (nonallelic
homologous recombination) can give rise to tandem duplications. Gene duplication events may
juxtapose parts of genes and their associated regulatory elements, leading to novel gene sequences
and functions. Over time, these processes result in the evolution of large gene families associated
with a number of biological processes, including development, gene regulation, immune function,
metabolism, and environmental response [4,7]. Immediately following duplication, paralog copies
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are identical. Unraveling the processes affecting the retention, loss, and divergence of gene paralogs
remains a major focus of theoretical and empirical evolutionary biology [8].

In addition to the evolution of gene function, duplications impact the overall structure and function
of the genome. Duplicated sequences are prone to subsequent gains and losses due to misalignment
during meiosis. Variation among duplicated sequences accounts for the majority of copy-number
variation found within vertebrates [9–14]. Gene conversion, or the nonreciprocal exchange of DNA that
shares sequence similarity, is also an important process for the evolution of duplicated sequences. Gene
conversion acts to homogenize sequences, is a mechanism that can lead to the concerted evolution
of gene families [4,15], and must be accounted for in models of sequence evolution [16,17]. Gene
conversion is thought to be of particular importance for the evolution of duplicated sequences on the
sex chromosomes [18,19], and conversion of sequence from pseudogenes into functional genes is the
molecular basis for a number of human diseases [15].

Many studies of gene duplicate evolution have used comparisons of genome reference assemblies
to define patterns of gene gain, loss, and sequence divergence [20–22]. Short-read sequencing technology
has enabled the rapid acquisition of genome-wide data from countless samples; however, systematic
assessment of variation among gene duplicates using this data has been limited. The most commonly
used signal for detecting the presence of a duplication in a sample is the increase in read depth obtained
from whole genome sequencing. Such approaches have their origins in the genome-wide identification
of human segmental duplications by mapping whole genome shotgun reads from the Celera genome
project onto the public, clone-based human genome assembly [23]. Similar ideas have been adapted
for the short sequencing reads produced by the Illumina platform, with improvements that model
factors, such as local GC content, that may bias the observed sequencing depth. Typically, reads
that align to multiple locations on a reference genome are randomly placed, severely complicating
paralog specific analyses. Several alternative approaches based on probabilistic assignment of reads to
repetitive and duplicated sequences have been developed. One method focused on detecting structural
variation using discordant read pairs includes VariationHunter, which constructs consistent clusters
of reads, including probabilistic assignment of reads that have multiple mappings [24]. Similarly,
probabilistic approaches have been used to call ChIP-seq peaks from multiply-mapped reads [25,26].
These approaches are geared toward discovering genetic variation or functional genomics signals
in repetitive sequences, and generally work by modeling the distribution of signals among multiple
read placements.

A number of approaches for detecting copy-number variation using Illumina sequencing data
have been developed [27]. Two existing approaches that are most relevant for the genome wide
analysis of paralog variation are Genome STRiP and the tools based on the mrFAST and mrsFAST
aligners. The Genome STRiP software was designed to discover and genotype copy-number variation
across a population of sequenced samples [10,28]. To study multiallelic copy-number variants (CNVs)
overlapping duplicated regions, Genome STRiP was extended to include reads mapping to reference
locations that have identical sequence between duplication copies [28]. By considering reads mapping
uniquely to a specific paralog, Genome STRiP can, in some cases, identify which paralog is duplicated or
deleted. The mrFAST and mrsFAST aligners were designed to efficiently return all possible alignments
on the genome for a read within a specified edit distance [29–31]. This enables direct assessment of
the total copy-number of a DNA segment, including segments that are represented multiple times
in the genome reference assembly. To supplement these mappings, defined sets of paralog-specific
variants (PSVs) that are unique to specific duplication copies in the human genome reference were
defined, and the depth of uniquely mapping reads at PSV positions was used to assign copy-number
to specific paralogs [29]. For consistency across read sizes, and to limit the effect of masked regions on
flanking coverage, this approach typically divides sequencing reads into nonoverlapping 36-bp long
segments. This methodology was subsequently applied to an initial release of 159 samples from the
1000 Genomes Project [9]. This involved extracting nonoverlapping segments of 36 bp from existing
reads and remapping these segments using the mrFAST or mrsFAST aligners, a computationally
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intensive process. Since paralog-specific counts were determined based on 36-bp read fragments with
a unique mapping position that began at an annotated PSV position [9], effective paralog-specific
detection was limited to samples with high coverage. This mapping-based approach was also applied
to study copy-number variation in other samples, such as a set of primate genomes [12] and the
collection of human genomes from the Simon’s Diversity Panel [32], revealing multiple insights into
the evolution of duplicate genes in humans [33–37].

To enable the systematic assessment of gene duplication variation, we previously developed
QuicK-mer, a mapping-free approach that efficiently determines copy-number in a paralog-specific
manner [38]. Rather than the costly interrogation of all possible mapped read locations, QuicK-mer
tabulated observed counts for pre-specified sets of sequences of length k (known as k-mers, by default
we use k = 30 bp), a highly efficient approach. The use of k-mers has a long history in genomic
DNA analysis, with many uses, including genome assembly [39,40], the annotation of repetitive
sequences [41], the genotyping of structural variants [42], and the identification of sequences unique
to a given sample [43,44]. Related mapping-free approaches have recently gained prominence in the
analysis of RNA sequencing data [45–47], where they show superior performance and drastically
increased speed [47].

The initial version of QuicK-mer relied on a pipeline of external tools and made use of cumbersome
intermediate files. This made it difficult to construct k-mer sets for additional genome assemblies and
imposed a large load on file reading and writing, which hindered the analysis of the thousands of
high coverage genomes sequences that are now routinely generated. Here, we report QuicK-mer2,
a stand-alone implementation that utilizes many ideas to increase efficiency, including encoding k-mers
using a 2-bits-per-base scheme, indexing k-mers into memory using the DJB hash function, the use
of bitwise operations to efficiently complement k-mers, and various design choices that leverage the
efficiencies of 64-bit register sizes. We use QuicK-mer2 to generate paralog-specific copy number
profiles based on the observed depth at informative k-mers obtained from 30X coverage sequencing
of 2457 individuals produced by the 1000 genomes consortium. We describe broad-scale patterns of
gene copy-number variation across humans report low-frequency copy-number variants, and present
results in a publicly accessible format using the TrackHub system [48].

2. Materials and Methods

2.1. Conceptual Overview of the QuicK-mer Algorithim

The QuicK-mer pipeline for paralog specific copy-number estimation has been previously
described [38]. The approach has three major steps. First, a set of unique k-mer sequences are identified
from a genome reference for subsequent analysis. This set can be supplemented by additional k-mers
that are unique to a family of related sequences (as in [49]), or that are absent from the genome
reference, including unique junction or insertion sequences (as in [50,51]). This process need only
be performed once but requires many external programs. We previously released pre-built unique
k-mer sets for commonly utilized genomes (https://kiddlabshare.med.umich.edu/QuicK-mer/). Second,
the occurrence count for each k-mer identified in step 1 is tabulated from Illumina sequencing data
generated from a sample. Third, the tabulated raw counts are normalized to correct for the effects
of local GC content. The normalized counts are then converted to estimated copy number values.
The results are typically summarized in bins of consecutive k-mers along the genome, with typically
1000 or 3000 k-mers per bin. These results then serve as the input for subsequent analysis. Originally,
step 1 required the use of many external programs on large computer cluster, step 2 relied upon the
Jellyfish [52] k-mer counter, and the whole pipeline produced many large intermediate files.

2.2. Implementation of QuicK-mer2

To improve performance and simplify ease of use, we developed QuicK-mer2 as a stand-alone
application that contains all three functionalities with a novel internal core (Figure 1) [53].

https://kiddlabshare.med.umich.edu/QuicK-mer/
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Figure 1. Overview of QuicK-mer2. Copy number analysis with QuicK-mer2 proceeds through three
stages. First, a set of unique k-mers are identified in a reference genome. These k-mers are then further
searched against the reference to find additional hits within a specified edit distance, and k-mers that
have too many hits are discarded. This results in a set of k-mers for future analysis. This k-mer list
is further annotated based on a user-supplied list of genomic regions unlikely to be copy number
variable. K-mers in the invariable regions are used for subsequent normalization. This step is only
completed once for each reference genome assembly to be analyzed (i.e., GRCh38). Second, Illumina
read files from a sequenced sample are interrogated and the observed counts for each targeted k-mer
are tabulated. Finally, the raw k-mer counts are normalized to account for the effects of local GC
content on coverage and converted to estimated copy number values based on the specified control
regions. Copy number values are output in bed format, with each interval containing an equal number
of analyzed k-mers. The resulting copy number estimates are suitable for subsequent analysis.

2.2.1. K-mer Encoding and Internal Data Structures

We represent each of the four nucleotides using two bits. In the standard ASCII encoding, bits 1-2
happen to be unique among the ‘A’, ’C’, ’G’, and ‘T’ characters, with ‘A’ and ‘T’, or ‘G’ and ‘C’ differing
by two. Thus, reverse complement conversion can be performed with a subtraction of the value of two
in a two-bit unsigned integer space. The use of both encoding tricks and bit manipulation reduces
CPU instruction cycles and avoids branching instruction execution.

With this encoding scheme, a 64-bit unsigned integer can store a maximum length of 32 nucleotides.
In QuicK-mer2, the 3′-end position is encoded in the least significant bit in the integer. During stream
processing, previous values can be shifted to the left two bits at a time. Any k-mer that contains
the ambiguous ‘N’ character is discarded. For our applications, we consider a k-mer and its reverse
complement to be equivalent. This is achieved by taking the smaller value after encoding both for
hashing process. We utilize the DJB2 hash function modulo the size of the array as the hash index.
An ideal hash function would generate a distinct index value for each distinct input. However, in reality,
the same value can be obtained from different inputs, due to hash collision. QuicK-mer2 uses a linear
probing approach, where the value colliding is appended in the adjacent array cell, to resolve hash
collisions. To restrict overflow of the array, the appending direction is flipped between the upper and
lower half of the array. In this collision resolving scheme, a k-mer search scan starts at the calculated
hash index and moves in the indicated direction until the encoded k-mer value cell is found or stops
when an empty cell is reached. Additional arrays with the same indexing strategy are also used.
During k-mer enumeration from a reference genome assembly, two integer arrays are used to store the
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occurrence count of each k-mer and to store the number of matches during the edit distance search.
Additionally, a linked list is constructed that stores the exact index of the next k-mer. This is used to
rapidly reorganize the depth information into chromosomal order.

2.2.2. Edit Distance Search

To limit the effect of sequencing errors, k-mers are required to have a single exact match (the
k-mer itself) as well as fewer than i matches within an edit distance of j, where j can be set to a value of
0, 1, or 2. For edit distances of j = 1 or 2, this is determined by tabulating, for each candidate k-mer, the
observed occurrence in the reference of all k-mer variants that differ from the candidate k-mer by 1 or 2
substitutions. This search process is amendable to multithreading with shared memory access to the
table of observed k-mer counts. By default, k-mers that are unique in the genome (a single edit-distance
0 occurrence) and have fewer than 100 near matches (edit distance 1 or 2) are retained for analysis.
In addition, the search step requires a bed file listing portions of the genome unlikely to differ in copy
number among the analyzed samples. This required file is provided by the user, and typically excludes
nonautosomal chromosomes, known duplications, and known regions of copy-number variation. The
positions indicated in the control file are used to correct observed k-mer counts based on the flanking
GC content and to convert obtained counts to diploid copy-number estimates.

2.2.3. CNV Estimation

In the count step, QuicK-mer2 determines the occurrence count for each target k-mer in an input
collection of sequence, typically derived from Illumina sequencing. QuicK-mer2 reads the sequence
from the standard input stream, making it easy to supply inputs in FASTQ, BAM, or CRAM formats
with minimal reformatting. The count step is also multithreaded, implemented as a feeder-consumer
scheme where the feeder thread fetches sequencing reads and generates encoded k-mer values, while
each consumer thread hashes the encoded k-mer and accumulates the depth in the corresponding
index location using the lock-add CPU instruction (Figure S1).

2.3. Application to Data from the 1000 Genomes Project

A QuicK-mer2 k-mer list was derived for a version of the GRCh38 reference with an edit distance
cutoff of j = 2. The reference version was based on the reference used by the 1000 Genomes project
(ftp://ftp-trace.ncbi.nih.gov/1000genomes/ftp/technical/reference/GRCh38_reference_genome/) and
included unlocalized scaffolds and decoy sequences. However, alternate loci, patch scaffolds, and
HLA sequences were excluded. Regions excluded for consideration during GC correction and to
set copy-number baseline included nonautosomal chromosome sequences, segmental duplications
(obtained from the UCSC Genome Browser Annotation Track), and nonmobile element duplications,
and deletions from [12,54–57] were obtained from the Database of Genomic Variants [58]. Regions
were merged together and converted to a file of regions to include using bedtools [59].

CRAM format files for 30x of Illumina NovaSeq sequencing of 2504 samples from the 1000 Genomes
project phase 3 sample set were generated at the New York Genome Center and downloaded from
ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/. Read sequences
were extracted from Cram format files using samtools [60] with flags set to exclude nonprimary
alignments, reads marked as duplicates, and reads that failed quality control checks (flag –F 3840).
Analysis focused on a set of 2457 unrelated individuals identified by [61]. Copy-number was estimated
in windows containing 1000 k-mers and converted to tracks for display using a UCSC Track Hub [48].
For visualization, heat maps were created of copy number values rounded to the nearest integer. Gene
analysis was based on the hg38 UCSC Curated RefSeq set. For each gene, the longest isoform was
selected and windows that intersected with each gene were identified using bedtools. This resulted
in 28,013 genes that needed to be analyzed. This included 13 mitochondrial genes that were omitted
from most analyses. Gene copy number estimates were based on the median value of the intersecting

ftp://ftp-trace.ncbi.nih.gov/1000genomes/ftp/technical/reference/GRCh38_reference_genome/
ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/


Genes 2020, 11, 141 6 of 14

windows for each sample. For male samples, the copy number estimates on the nonPAR regions of the
X-chromosome were doubled prior to analysis.

2.4. Data Availability

QuicK-mer2 can be obtained from https://github.com/KiddLab/QuicK-mer2. A track hub showing
individual copy number data from all samples, as well as per-window copy-number ranges for
each continental super population, is publically available at https://github.com/KiddLab/kmer_1KG.
Per-gene copy number estimates are provided in the supplementary material.

3. Results

We developed QuicK-mer2 to enable rapid analysis of paralog specific copy-number variation
from the thousands of high-coverage whole-genome sequences that had recently become available.
QuicK-mer2 is a stand-alone reimplementation of our previously described and validated approach
that estimates genome copy number based on counts for unique k-mers [38]. In contrast to the onerous
procedure previously required, the revised approach can define a set of unique k-mers (within an
edit distance of 2 substitutions) from the human genome within 256 CPU hours, a process that, with
multithreading, can be completed within 12 h. Once constructed, copy number values can be estimated
for this k-mer set from a ~20X human genomes in approximately 20 min using 6 CPU threads. We
confirmed that k-mer counts on test data were identical to those obtained using Jellyfish [52], and
verified that the comparisons with [9] described in the supplementary material of [38] were also
recapitulated with the QuicK-mer2 pipeline.

To illustrate the utility of our updated approach, we constructed paralog-specific copy-number
estimates using newly released 30x Illumina whole-genome sequencing of 2504 samples from the 1000
Genomes project sample set. Using a version of the GRCh38 reference that lacked alternative haplotype
sequences but included decoy sequences, unplaced sequences, and the Epstein Bar Virus (EBV) genome,
we identified unique 2,300,498,292 k-mers that also had fewer than 100 other occurrences in the genome
within an edit distance of two substitutions. We then determined the paralog-specific copy-number in
nonoverlapping windows, with each encompassing 1000 unique k-mers. K-mer counts were converted
to copy-number based on the observed k-mer counts in regions that were not previously reported
as copy-number variable. Since the 1000 genomes sample set contained some individuals that were
close relatives, we focused our analysis on a subset of 2457 individuals that minimized these known
relationships [61].

To assess the global variability across samples, we calculated the median absolute deviation
(MAD) of the estimated copy-number in each of 2,285,696 nonoverlapping windows (Figure 2A). The
distribution was centered on 0.24, with five of the 2457 individuals having a genome-wide MAD
greater than 0.25. On average, 2.46% of the windows in each sample had a raw estimated copy-number
less than 1.5 or greater than 2.5, with 23 samples having more than 5% of windows outside of this
range. Looking across all samples, we observed that 70.7% (1,615,758 windows) of windows had a copy
number range of less than 1.5, while 7.7% (176,825 windows) of windows had a copy-number range of
at least 2.0 (Figure 2B). This indicates that the majority of the assayed genome had a fixed copy-number.
As expected, a copy-number state of two was by far the most common across all samples, with 95.9%
(2,192,153) of windows having a mean copy number estimate between 1.75 and 2.25.

The resulting paralog-specific copy-number maps represent a rich resource for identifying variation
among gene duplicates. To visualize this large data set, we constructed an UCSC genome browser
track hub that displayed raw copy-number estimates as well as a colored heatmap visualization.
We described variation at three loci to illustrate the utility of applying QuicK-mer2 to thousands
of samples. The UGT2B gene family plays an import role in the metabolism of xenobiotic and
endogenous substances [62]. Variation among specific UGT2B family members on chromosome 4 has
been extensively characterized using clone-based resources [9]. These results are recapitulated by
QuicK-mer2 (Figure 3). Although many samples (such as NA18507) have an estimated copy number

https://github.com/KiddLab/QuicK-mer2
https://github.com/KiddLab/kmer_1KG
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of two across the region, the specificity of QuicK-mer2 allows for the separate identification of gene
content across the locus. The detected variation includes deletion of the UGT2B17 or UGT2B28 genes,
as well as duplication of a flanking gene (TMPRSS11F).

Figure 2. Distribution of inferred paralog-specific copy-numbers. Copy number was estimated for 2457
individuals using nonoverlapping windows that each contained 1000 k-mers. (A) A histogram of the
median absolute deviation (MAD) calculated for all individuals is shown. (B) The copy-number range
for each window across all samples was determined. A histogram of these ranges is shown. Note that
the Y-axis is plotted on a logarithmic scale.

Figure 3. Paralog-specific CNV detection at the UGT2B locus. A genome browser snapshot is shown
for an interval on chromosome 4 that includes several related UGT2B genes. Regions of segmental
duplication and RefSeq gene models are indicated at the top of the image. This is followed by paralog
specific copy-number profiles for five individuals. Each profile includes the raw estimated copy number
in 1000 k-mer windows as well as a heatmap track depicting the estimated copy-number. The key for
the heatmap track is shown to the right of the figure. Variation effecting distinct UGT2B paralogs is
apparent. For example, sample NA12878 is estimated to contain zero copies of the UGT2B17 gene and
one copy of UGTB28, NA19129 contains two copies of UGTB17, and UGT2B28 is totally absent. The
authors of [9] have previously validated the variation at this locus.

Complex patterns of gain and loss are also apparent at medically relevant paralogs, such as
the host invasion receptor genes GYPA and GYPB. Complex structural rearrangements at this locus
result in gene loss and the formation of novel fusion genes, and are associated with a reduced risk of
severe malaria [63]. QuicK-mer2 detects a subset of this variation in samples from the 1000 Genomes
population, particularly among samples from the Gambian in Western Divisions in the Gambia
collection (GWD, Figure 4). The APOBEC3 genes on chromosome 22 are an expanded family of genes
that form part of the antiretroviral innate immune system [64,65]. A deletion resulting in effective loss
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of APOBEC3B has been previously characterized and is common in some human populations [66].
Many APOBEC3 sequence variants have also been characterized. This includes APOBEC3H variants
linked with differences in gene expression, protein stability, and HIV infectivity [67], and variation in
APOBEC3C that leads to increased anti-retroviral activity [68]. Our survey of thousands of diverse
human genomes revealed additional rare copy number variation present at the APOBEC3 locus
(Figure 5). This included an apparent reciprocal duplication of the APOBEC3A-B region, deletion and
duplication effecting APOBEC3F, and a larger duplication that appeared to encompass APOBEC3C,
APOBEC3D, and APOBEC3F.

Figure 4. Variation at the glycophorin locus in the Gambian in Western Divisions (GWD) population.
Paralog-specific copy-number estimates are shown for eight individuals at the glycophorin locus on
chromosome 4. One sample, HG02811, is predicted to have a copy number of two across the entire
region, matching the depiction in the genome reference assembly. The other samples show complex
patterns of deletion and duplication involving portions of GYPE, GYPB, and GYPA. The browser display
and heatmap image is formatted as depicted in Figure 3.

Figure 5. Rare copy number variation at the APOBEC3 locus analysis of 2457 individuals identified
as having experienced rare gene gain losses at the APOBEC3 locus on chr22. Paralog specific copy
number profiles are shown for six individuals. Samples NA18507 and NA19317 are heterozygous for
the common APOBEC3A/B gene deletion polymorphism, but are predicted to carry two copies of the
other APOBEC3 genes. A duplication of the APOBEC3A/3B segment is present in sample HG00449.
Sample HG00464 carries the common APOBEC3A/3B deletion as well as duplication of a portion of
APOBEC3F, while sample NA19655 has the common APOBEC3A/3B deletion as well as apparent
deletion of APOBEC3F. Individual HG02568 carries an extended duplication the includes APOBEC3C,
APOBEC3D, and APOBEC3F.

To systematically assess gene copy-number variation, we calculated the median value reported in
windows that intersected with each gene model (Table S1) and constructed a copy number profile for
each gene (Table S2, Figure 6). Omitting genes on the mitochondrial and small genes that intersected
with fewer than three windows yielded 22,913 genes for comparison. Of these, we identified nine
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genes (BAGE2, BMS1P14, CROCCP2, NBPF1, LINC01410, LINC01667, LOC102723780, LOC389831, and
MGC70870) where none of the 2457 analyzed individuals had an estimated copy number of two. This
suggested that the genome reference is an inaccurate representation of the sequence content present in
humans for these genes. In other cases, the genome reference assembly represents a copy number that
is found in a small fraction of individuals. This includes 43 genes where at least fifty percent of the
individuals have a deletion as well as 49 genes that are additionally duplicated in most individuals.

Figure 6. Illustrative copy number profiles for three sets of related gene paralogs. Histograms of gene
copy number counts for 2457 individuals are shown for a subset of genes at the UGT2B locus (A), the
glycophorin locus (B), and the APOBEC3 cluster (C). Note that the Y axis is plotted on a logarithmic scale.

4. Discussion

In this manuscript, we describe the QuicK-mer2 algorithm for efficiently estimating copy number
from Illumina sequencing data in a paralog-specific manner. The efficiency of this approach enables
the examination of variation among gene duplicates in large collections of whole genome sequence
data. To illustrate the utility of QuicK-mer2 and of the insights possible with thousands of sequenced
samples, we applied our approach to newly released high coverage data from the 1000 Genomes Project
to create an easily accessed resource of genome wide copy number estimates. This resource should
benefit ongoing studies of gene evolution and enable the incorporation of paralog-specific variation
into existing analyses. The use of the samples from the 1000 Genomes project has many benefits,
including a rich set of existing genotypes of genetic variants, inclusion of samples from multiple global
populations, unrestricted access to sequence data, and the availability of transformed cell lines for
future studies [69]. Although our analysis shows that coverage levels of the analyzed samples are
broadly similar, we cannot rule out the possible presence of artifacts associated with the transformation
and cellular growth of some samples.

QuicK-mer2 yields paralog-specific estimates of copy-number that can be used in many
downstream applications. The output is suitable for analysis using a number of other existing
approaches for segmenting calls into intervals that have distinct copy-number states or for clustering
samples that have similar coverage levels at defined loci. The analysis in this manuscript relied upon
disjoint windows of a fixed size. Although this approach is efficient and simplifies comparisons across
individuals, it may be inaccurate when a variant breakpoint occurs within the boundaries of an analysis
window. We attempted to limit this effect by focusing our analysis on genes that overlapped with at
least three windows and by tabulating median rather than mean values. A more refined approach
would utilize discrete k-mer sets associated with each gene interval rather than fixed windows. Such
values can be extracted from the results produced by the QuicK-mer2 count operation. Additionally,
our approach reports only genomic copy number. Further analyses are required to confirm that
additional gene copies are intact and complete, and to identify rearrangement breakpoints. Applying
QuicK-mer2 to linked read data produced by the 10X genomics platform may allow for the assignment
of duplicate copies to specific genomic loci [70]. This may be particularly valuable for studies where
the reference genome is not as complete as in humans.



Genes 2020, 11, 141 10 of 14

Approaches for discovering structural variation from sequence data are typically dived into four
categories based on the type of information they use: read pair information, read depth information,
the identification of split sequencing reads, and read assembly [71]. QuicK-mer2 only uses the depth
observed at predefined k-mer sequences to estimate copy number in a paralog-specific manner. The
use of other signals in the data may allow for the interrogation of additional positions that are unique
to duplications having high levels of sequence identity. However, such approaches would introduce
an additional computational overhead.

The QuicK-mer2 method was designed for the analysis of germ line genome variation using whole
genome sequencing data. With modifications, it can be applied in other contexts. The fundamental
approach can be applied to the analysis of data from tumors, although the role of gene paralog variation
in cancer has not been fully explored [72,73]. Although somatic sequence mutations will disrupt
perfect matches at overlapping k-mers, only a small minority of the total k-mers in the genome are
expected to be altered [74]. However, a new set of genomic control intervals reflecting the genomic
rearrangements present in the studied cancer types would be required prior to analysis. In principle,
the k-mer counting abilities of QuicK-mer2 could be applied to exome or other targeted capture data
sets. However, the assumptions of the normalization process are violated in capture experiments since
distinct regions are typically represented at different rates. Proper normalization therefore requires an
additional locus specific depth correction. Several tools have previously implemented such approaches
for detecting germline and somatic copy number variation from capture data [75–77].

The QuicK-mer2 approach relied upon the existence of a high-quality reference genome.
Although correctly resolving duplicated sequences remains a major challenge in genome assembly,
algorithmic improvements will enable the better resolution of duplicated sequences using long-read
technologies [78,79]. QuicK-mer2 can also be supplemented with additional k-mers for tabulation.
One application is the analysis of k-mers that are shared among a duplication family, rather than
being unique to a single specific duplicate, an approach we have previously used to study amplicon
sequences on the Y chromosome [49]. Custom k-mer lists can also be used to measure the presence of
nonreference genomic features such as found at known structural variation breakpoints [51] or in other
types of predicted insertions.

Supplementary Materials: The following are available online at http://www.mdpi.com/2073-4425/11/2/141/s1,
Table S1: Individual level gene copy-number estimates, Table S2: Rounded gene copy-number profiles, Figure S1:
Effect of multithreading on QuicK-mer2 performance.

Author Contributions: F.S. and J.M.K. conceived the study. F.S. implemented QuicK-mer2 and performed
validation comparisons and other analyses. J.M.K. applied QuicK-mer2 to new human data and performed
analyses. F.S. and J.M.K. wrote the manuscript. All authors have read and agreed to the published version of
the manuscript.

Funding: Please add: This research was funded by the National Institutes of Health, grant numbers DP5OD009154
and R01GM103961.

Acknowledgments: The high coverage data form the 1000 Genomes samples were generated at the New York
Genome Center with funds provided by NHGRI Grant 3UM1HG008901-03S1. We thank Michael Zody, Weichen
Zhou, and Ryan Mills for assistance with data access and download. We also thank Amanda Pendleton, Diane
Robins, and Hongjiu Zhang for helpful discussion.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design of the
study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or in the decision to
publish the results.

References

1. Taylor, J.S.; Raes, J. Duplication and divergence: The evolution of new genes and old ideas. Annu. Rev. Genet.
2004, 38, 615–643. [CrossRef] [PubMed]

2. Holland, P.W.; Garcia-Fernandez, J.; Williams, N.A.; Sidow, A. Gene duplications and the origins of vertebrate
development. Dev. Suppl. 1994, 125–133.

3. Ohno, S. Evolution by Gene Duplication; Springer: Berlin/Heidelberg, Germany; New York, NY, USA, 1970.

http://www.mdpi.com/2073-4425/11/2/141/s1
http://dx.doi.org/10.1146/annurev.genet.38.072902.092831
http://www.ncbi.nlm.nih.gov/pubmed/15568988


Genes 2020, 11, 141 11 of 14

4. Conrad, B.; Antonarakis, S.E. Gene duplication: A drive for phenotypic diversity and cause of human disease.
Annu. Rev. Genomics Hum. Genet. 2007, 8, 17–35. [CrossRef] [PubMed]

5. Crow, K.D.; Wagner, G.P. What is the role of genome duplication in the evolution of complexity and diversity?
Mol. Biol. Evol. 2006, 23, 887–892. [CrossRef]

6. Glasauer, S.M.; Neuhauss, S.C. Whole-genome duplication in teleost fishes and its evolutionary consequences.
Mol. Genet. Genom. 2014, 289, 1045–1060. [CrossRef]

7. Kondrashov, F.A. Gene duplication as a mechanism of genomic adaptation to a changing environment.
Proc. Biol. Sci. 2012, 279, 5048–5057. [CrossRef]

8. Hahn, M.W. Distinguishing among evolutionary models for the maintenance of gene duplicates. J. Hered.
2009, 100, 605–617. [CrossRef]

9. Sudmant, P.H.; Kitzman, J.O.; Antonacci, F.; Alkan, C.; Malig, M.; Tsalenko, A.; Sampas, N.; Bruhn, L.;
Shendure, J.; Genomes, P.; et al. Diversity of human copy number variation and multicopy genes. Science
2010, 330, 641–646. [CrossRef]

10. Handsaker, R.E.; Korn, J.M.; Nemesh, J.; McCarroll, S.A. Discovery and genotyping of genome structural
polymorphism by sequencing on a population scale. Nat. Genet. 2011, 43, 269–276. [CrossRef]

11. She, X.; Cheng, Z.; Zollner, S.; Church, D.M.; Eichler, E.E. Mouse segmental duplication and copy number
variation. Nat. Genet. 2008, 40, 909–914. [CrossRef]

12. Sudmant, P.H.; Huddleston, J.; Catacchio, C.R.; Malig, M.; Hillier, L.W.; Baker, C.; Mohajeri, K.; Kondova, I.;
Bontrop, R.E.; Persengiev, S.; et al. Evolution and diversity of copy number variation in the great ape lineage.
Genome Res. 2013, 23, 1373–1382. [CrossRef]

13. Liu, G.E.; Hou, Y.; Zhu, B.; Cardone, M.F.; Jiang, L.; Cellamare, A.; Mitra, A.; Alexander, L.J.; Coutinho, L.L.;
Dell’Aquila, M.E.; et al. Analysis of copy number variations among diverse cattle breeds. Genome Res. 2010,
20, 693–703. [CrossRef]

14. Nicholas, T.J.; Baker, C.; Eichler, E.E.; Akey, J.M. A high-resolution integrated map of copy number
polymorphisms within and between breeds of the modern domesticated dog. BMC Genom. 2011, 12, 414.
[CrossRef]

15. Chen, J.M.; Cooper, D.N.; Chuzhanova, N.; Ferec, C.; Patrinos, G.P. Gene conversion: Mechanisms, evolution
and human disease. Nat. Rev. Genet. 2007, 8, 762–775. [CrossRef]

16. Korunes, K.L.; Noor, M.A. Gene conversion and linkage: Effects on genome evolution and speciation. Mol.
Ecol. 2017, 26, 351–364. [CrossRef]

17. Harpak, A.; Lan, X.; Gao, Z.; Pritchard, J.K. Frequent nonallelic gene conversion on the human lineage and
its effect on the divergence of gene duplicates. Proc. Natl. Acad. Sci. USA 2017, 114, 12779–12784. [CrossRef]

18. Rozen, S.; Skaletsky, H.; Marszalek, J.D.; Minx, P.J.; Cordum, H.S.; Waterston, R.H.; Wilson, R.K.; Page, D.C.
Abundant gene conversion between arms of massive palindromes in human and ape Y chromosomes. Nature
2003, 423, 873–876. [CrossRef]

19. Iwase, M.; Satta, Y.; Hirai, H.; Hirai, Y.; Takahata, N. Frequent gene conversion events between the X and Y
homologous chromosomal regions in primates. BMC Evol. Biol. 2010, 10, 225. [CrossRef]

20. Hahn, M.W.; Han, M.V.; Han, S.G. Gene family evolution across 12 Drosophila genomes. PLoS Genet. 2007, 3,
e197. [CrossRef]

21. Lynch, M.; Conery, J.S. The evolutionary fate and consequences of duplicate genes. Science 2000, 290,
1151–1155. [CrossRef]

22. Cheng, Z.; Ventura, M.; She, X.; Khaitovich, P.; Graves, T.; Osoegawa, K.; Church, D.; DeJong, P.; Wilson, R.K.;
Paabo, S.; et al. A genome-wide comparison of recent chimpanzee and human segmental duplications.
Nature 2005, 437, 88–93. [CrossRef]

23. Bailey, J.A.; Gu, Z.; Clark, R.A.; Reinert, K.; Samonte, R.V.; Schwartz, S.; Adams, M.D.; Myers, E.W.; Li, P.W.;
Eichler, E.E. Recent segmental duplications in the human genome. Science 2002, 297, 1003–1007. [CrossRef]

24. Hormozdiari, F.; Alkan, C.; Eichler, E.E.; Sahinalp, S.C. Combinatorial algorithms for structural variation
detection in high-throughput sequenced genomes. Genome Res. 2009, 19, 1270–1278. [CrossRef]

25. Wang, J.; Huda, A.; Lunyak, V.V.; Jordan, I.K. A Gibbs sampling strategy applied to the mapping of ambiguous
short-sequence tags. Bioinformatics 2010, 26, 2501–2508. [CrossRef]

26. Zeng, X.; Li, B.; Welch, R.; Rojo, C.; Zheng, Y.; Dewey, C.N.; Keles, S. Perm-seq: Mapping Protein-DNA
Interactions in Segmental Duplication and Highly Repetitive Regions of Genomes with Prior-Enhanced Read
Mapping. PLoS Comput. Biol. 2015, 11, e1004491. [CrossRef]

http://dx.doi.org/10.1146/annurev.genom.8.021307.110233
http://www.ncbi.nlm.nih.gov/pubmed/17386002
http://dx.doi.org/10.1093/molbev/msj083
http://dx.doi.org/10.1007/s00438-014-0889-2
http://dx.doi.org/10.1098/rspb.2012.1108
http://dx.doi.org/10.1093/jhered/esp047
http://dx.doi.org/10.1126/science.1197005
http://dx.doi.org/10.1038/ng.768
http://dx.doi.org/10.1038/ng.172
http://dx.doi.org/10.1101/gr.158543.113
http://dx.doi.org/10.1101/gr.105403.110
http://dx.doi.org/10.1186/1471-2164-12-414
http://dx.doi.org/10.1038/nrg2193
http://dx.doi.org/10.1111/mec.13736
http://dx.doi.org/10.1073/pnas.1708151114
http://dx.doi.org/10.1038/nature01723
http://dx.doi.org/10.1186/1471-2148-10-225
http://dx.doi.org/10.1371/journal.pgen.0030197
http://dx.doi.org/10.1126/science.290.5494.1151
http://dx.doi.org/10.1038/nature04000
http://dx.doi.org/10.1126/science.1072047
http://dx.doi.org/10.1101/gr.088633.108
http://dx.doi.org/10.1093/bioinformatics/btq460
http://dx.doi.org/10.1371/journal.pcbi.1004491


Genes 2020, 11, 141 12 of 14

27. Zhao, M.; Wang, Q.; Wang, Q.; Jia, P.; Zhao, Z. Computational tools for copy number variation (CNV)
detection using next-generation sequencing data: Features and perspectives. BMC Bioinf. 2013, 14, S1.
[CrossRef]

28. Handsaker, R.E.; Van Doren, V.; Berman, J.R.; Genovese, G.; Kashin, S.; Boettger, L.M.; McCarroll, S.A. Large
multiallelic copy number variations in humans. Nat. Genet. 2015, 47, 296–303. [CrossRef]

29. Alkan, C.; Kidd, J.M.; Marques-Bonet, T.; Aksay, G.; Antonacci, F.; Hormozdiari, F.; Kitzman, J.O.; Baker, C.;
Malig, M.; Mutlu, O.; et al. Personalized copy number and segmental duplication maps using next-generation
sequencing. Nat. Genet. 2009, 41, 1061–1067. [CrossRef]

30. Xin, H.; Lee, D.; Hormozdiari, F.; Yedkar, S.; Mutlu, O.; Alkan, C. Accelerating read mapping with FastHASH.
BMC Genomics 2013, 14 (Suppl. S1), S13. [CrossRef]

31. Hach, F.; Hormozdiari, F.; Alkan, C.; Hormozdiari, F.; Birol, I.; Eichler, E.E.; Sahinalp, S.C. mrsFAST: A
cache-oblivious algorithm for short-read mapping. Nat. Methods 2010, 7, 576–577. [CrossRef]

32. Sudmant, P.H.; Mallick, S.; Nelson, B.J.; Hormozdiari, F.; Krumm, N.; Huddleston, J.; Coe, B.P.; Baker, C.;
Nordenfelt, S.; Bamshad, M.; et al. Global diversity, population stratification, and selection of human
copy-number variation. Science 2015, 349, aab3761. [CrossRef] [PubMed]

33. Dennis, M.Y.; Harshman, L.; Nelson, B.J.; Penn, O.; Cantsilieris, S.; Huddleston, J.; Antonacci, F.; Penewit, K.;
Denman, L.; Raja, A.; et al. The evolution and population diversity of human-specific segmental duplications.
Nat. Ecol. Evol. 2017, 1, 69. [CrossRef] [PubMed]

34. Dougherty, M.L.; Nuttle, X.; Penn, O.; Nelson, B.J.; Huddleston, J.; Baker, C.; Harshman, L.; Duyzend, M.H.;
Ventura, M.; Antonacci, F.; et al. The birth of a human-specific neural gene by incomplete duplication and
gene fusion. Genome Biol. 2017, 18, 49. [CrossRef] [PubMed]

35. Dennis, M.Y.; Nuttle, X.; Sudmant, P.H.; Antonacci, F.; Graves, T.A.; Nefedov, M.; Rosenfeld, J.A.; Sajjadian, S.;
Malig, M.; Kotkiewicz, H.; et al. Evolution of human-specific neural SRGAP2 genes by incomplete segmental
duplication. Cell 2012, 149, 912–922. [CrossRef] [PubMed]

36. Hsieh, P.; Vollger, M.R.; Dang, V.; Porubsky, D.; Baker, C.; Cantsilieris, S.; Hoekzema, K.; Lewis, A.P.;
Munson, K.M.; Sorensen, M.; et al. Adaptive archaic introgression of copy number variants and the discovery
of previously unknown human genes. Science 2019, 366. [CrossRef] [PubMed]

37. Fiddes, I.T.; Lodewijk, G.A.; Mooring, M.; Bosworth, C.M.; Ewing, A.D.; Mantalas, G.L.; Novak, A.M.; van
den Bout, A.; Bishara, A.; Rosenkrantz, J.L.; et al. Human-Specific NOTCH2NL Genes Affect Notch Signaling
and Cortical Neurogenesis. Cell 2018, 173, 1356–1369. [CrossRef]

38. Pendleton, A.L.; Shen, F.; Taravella, A.M.; Emery, S.; Veeramah, K.R.; Boyko, A.R.; Kidd, J.M. Comparison of
village dog and wolf genomes highlights the role of the neural crest in dog domestication. BMC Biol. 2018,
16, 64. [CrossRef]

39. Myers, E.W.; Sutton, G.G.; Delcher, A.L.; Dew, I.M.; Fasulo, D.P.; Flanigan, M.J.; Kravitz, S.A.; Mobarry, C.M.;
Reinert, K.H.; Remington, K.A.; et al. A whole-genome assembly of Drosophila. Science 2000, 287, 2196–2204.
[CrossRef]

40. Miller, J.R.; Koren, S.; Sutton, G. Assembly algorithms for next-generation sequencing data. Genomics 2010,
95, 315–327. [CrossRef]

41. Healy, J.; Thomas, E.E.; Schwartz, J.T.; Wigler, M. Annotating large genomes with exact word matches.
Genome Res. 2003, 13, 2306–2315. [CrossRef]

42. Kidd, J.M.; Sampas, N.; Antonacci, F.; Graves, T.; Fulton, R.; Hayden, H.S.; Alkan, C.; Malig, M.; Ventura, M.;
Giannuzzi, G.; et al. Characterization of missing human genome sequences and copy-number polymorphic
insertions. Nat. Methods 2010, 7, 365–371. [CrossRef]

43. Nordstrom, K.J.; Albani, M.C.; James, G.V.; Gutjahr, C.; Hartwig, B.; Turck, F.; Paszkowski, U.; Coupland, G.;
Schneeberger, K. Mutation identification by direct comparison of whole-genome sequencing data from
mutant and wild-type individuals using k-mers. Nat. Biotechnol. 2013, 31, 325–330. [CrossRef] [PubMed]

44. Iqbal, Z.; Caccamo, M.; Turner, I.; Flicek, P.; McVean, G. De novo assembly and genotyping of variants using
colored de Bruijn graphs. Nat. Genet. 2012, 44, 226–232. [CrossRef] [PubMed]

45. Patro, R.; Mount, S.M.; Kingsford, C. Sailfish enables alignment-free isoform quantification from RNA-seq
reads using lightweight algorithms. Nat. Biotechnol. 2014, 32, 462–464. [CrossRef] [PubMed]

46. Zhang, Z.; Wang, W. RNA-Skim: A rapid method for RNA-Seq quantification at transcript level. Bioinformatics
2014, 30, i283–i292. [CrossRef] [PubMed]

http://dx.doi.org/10.1186/1471-2105-14-S11-S1
http://dx.doi.org/10.1038/ng.3200
http://dx.doi.org/10.1038/ng.437
http://dx.doi.org/10.1186/1471-2164-14-S1-S13
http://dx.doi.org/10.1038/nmeth0810-576
http://dx.doi.org/10.1126/science.aab3761
http://www.ncbi.nlm.nih.gov/pubmed/26249230
http://dx.doi.org/10.1038/s41559-016-0069
http://www.ncbi.nlm.nih.gov/pubmed/28580430
http://dx.doi.org/10.1186/s13059-017-1163-9
http://www.ncbi.nlm.nih.gov/pubmed/28279197
http://dx.doi.org/10.1016/j.cell.2012.03.033
http://www.ncbi.nlm.nih.gov/pubmed/22559943
http://dx.doi.org/10.1126/science.aax2083
http://www.ncbi.nlm.nih.gov/pubmed/31624180
http://dx.doi.org/10.1016/j.cell.2018.03.051
http://dx.doi.org/10.1186/s12915-018-0535-2
http://dx.doi.org/10.1126/science.287.5461.2196
http://dx.doi.org/10.1016/j.ygeno.2010.03.001
http://dx.doi.org/10.1101/gr.1350803
http://dx.doi.org/10.1038/nmeth.1451
http://dx.doi.org/10.1038/nbt.2515
http://www.ncbi.nlm.nih.gov/pubmed/23475072
http://dx.doi.org/10.1038/ng.1028
http://www.ncbi.nlm.nih.gov/pubmed/22231483
http://dx.doi.org/10.1038/nbt.2862
http://www.ncbi.nlm.nih.gov/pubmed/24752080
http://dx.doi.org/10.1093/bioinformatics/btu288
http://www.ncbi.nlm.nih.gov/pubmed/24931995


Genes 2020, 11, 141 13 of 14

47. Bray, N.L.; Pimentel, H.; Melsted, P.; Pachter, L. Near-optimal probabilistic RNA-seq quantification.
Nat. Biotechnol. 2016, 34, 525–527. [CrossRef]

48. Raney, B.J.; Dreszer, T.R.; Barber, G.P.; Clawson, H.; Fujita, P.A.; Wang, T.; Nguyen, N.; Paten, B.; Zweig, A.S.;
Karolchik, D.; et al. Track data hubs enable visualization of user-defined genome-wide annotations on the
UCSC Genome Browser. Bioinformatics 2014, 30, 1003–1005. [CrossRef]

49. Oetjens, M.T.; Shen, F.; Emery, S.B.; Zou, Z.; Kidd, J.M. Y-Chromosome Structural Diversity in the Bonobo
and Chimpanzee Lineages. Genome Biol. Evol. 2016, 8, 2231–2240. [CrossRef]

50. Wildschutte, J.H.; Williams, Z.H.; Montesion, M.; Subramanian, R.P.; Kidd, J.M.; Coffin, J.M. Discovery of
unfixed endogenous retrovirus insertions in diverse human populations. Proc. Natl. Acad. Sci. USA 2016,
113, E2326–E2334. [CrossRef]

51. Zhou, W.; Emery, S.B.; Flasch, D.A.; Wang, Y.; Kwan, K.Y.; Kidd, J.M.; Moran, J.V.; Mills, R.E. Identification
and characterization of occult human-specific LINE-1 insertions using long-read sequencing technology.
Nucleic Acids Res. 2019. [CrossRef]

52. Marcais, G.; Kingsford, C. A fast, lock-free approach for efficient parallel counting of occurrences of k-mers.
Bioinformatics 2011, 27, 764–770. [CrossRef] [PubMed]

53. Shen, F. Development of Copy Number Variation Detection Algorithms and Their Application to Genome Diversity
Studies; University of Michigan: Ann Arbor, MI, USA, 2019.

54. Conrad, D.F.; Pinto, D.; Redon, R.; Feuk, L.; Gokcumen, O.; Zhang, Y.; Aerts, J.; Andrews, T.D.; Barnes, C.;
Campbell, P.; et al. Origins and functional impact of copy number variation in the human genome. Nature
2010, 464, 704–712. [CrossRef] [PubMed]

55. McCarroll, S.A.; Kuruvilla, F.G.; Korn, J.M.; Cawley, S.; Nemesh, J.; Wysoker, A.; Shapero, M.H.; de Bakker, P.I.;
Maller, J.B.; Kirby, A.; et al. Integrated detection and population-genetic analysis of SNPs and copy number
variation. Nat. Genet. 2008, 40, 1166–1174. [CrossRef] [PubMed]

56. Genomes Project, C.; Abecasis, G.R.; Auton, A.; Brooks, L.D.; DePristo, M.A.; Durbin, R.M.; Handsaker, R.E.;
Kang, H.M.; Marth, G.T.; McVean, G.A. An integrated map of genetic variation from 1,092 human genomes.
Nature 2012, 491, 56–65. [CrossRef]

57. Genomes Project, C.; Auton, A.; Brooks, L.D.; Durbin, R.M.; Garrison, E.P.; Kang, H.M.; Korbel, J.O.;
Marchini, J.L.; McCarthy, S.; McVean, G.A.; et al. A global reference for human genetic variation. Nature
2015, 526, 68–74. [CrossRef]

58. MacDonald, J.R.; Ziman, R.; Yuen, R.K.; Feuk, L.; Scherer, S.W. The Database of Genomic Variants: A curated
collection of structural variation in the human genome. Nucleic Acids Res. 2014, 42, D986–D992. [CrossRef]

59. Quinlan, A.R.; Hall, I.M. BEDTools: A flexible suite of utilities for comparing genomic features. Bioinformatics
2010, 26, 841–842. [CrossRef]

60. Li, H.; Handsaker, B.; Wysoker, A.; Fennell, T.; Ruan, J.; Homer, N.; Marth, G.; Abecasis, G.; Durbin, R.;
Genome Project Data Processing, S. The Sequence Alignment/Map format and SAMtools. Bioinformatics 2009,
25, 2078–2079. [CrossRef]

61. Gazal, S.; Sahbatou, M.; Babron, M.C.; Genin, E.; Leutenegger, A.L. High level of inbreeding in final phase of
1000 Genomes Project. Sci Rep. 2015, 5, 17453. [CrossRef]

62. Tephly, T.R.; Burchell, B. UDP-glucuronosyltransferases: A family of detoxifying enzymes. Trends Pharmacol.
Sci. 1990, 11, 276–279. [CrossRef]

63. Chaisson, M.J.; Huddleston, J.; Dennis, M.Y.; Sudmant, P.H.; Malig, M.; Hormozdiari, F.; Antonacci, F.; Surti, U.;
Sandstrom, R.; Boitano, M.; et al. Resolving the complexity of the human genome using single-molecule
sequencing. Nature 2015, 517, 608–611. [CrossRef] [PubMed]

64. Cullen, B.R. Role and mechanism of action of the APOBEC3 family of antiretroviral resistance factors. J. Virol.
2006, 80, 1067–1076. [CrossRef] [PubMed]

65. Salter, J.D.; Bennett, R.P.; Smith, H.C. The APOBEC Protein Family: United by Structure, Divergent in
Function. Trends Biochem. Sci. 2016, 41, 578–594. [CrossRef] [PubMed]

66. Kidd, J.M.; Newman, T.L.; Tuzun, E.; Kaul, R.; Eichler, E.E. Population stratification of a common APOBEC
gene deletion polymorphism. PLoS Genet. 2007, 3, e63. [CrossRef] [PubMed]

67. Refsland, E.W.; Hultquist, J.F.; Luengas, E.M.; Ikeda, T.; Shaban, N.M.; Law, E.K.; Brown, W.L.; Reilly, C.;
Emerman, M.; Harris, R.S. Natural polymorphisms in human APOBEC3H and HIV-1 Vif combine in
primary T lymphocytes to affect viral G-to-A mutation levels and infectivity. PLoS Genet. 2014, 10, e1004761.
[CrossRef] [PubMed]

http://dx.doi.org/10.1038/nbt.3519
http://dx.doi.org/10.1093/bioinformatics/btt637
http://dx.doi.org/10.1093/gbe/evw150
http://dx.doi.org/10.1073/pnas.1602336113
http://dx.doi.org/10.1093/nar/gkz1173
http://dx.doi.org/10.1093/bioinformatics/btr011
http://www.ncbi.nlm.nih.gov/pubmed/21217122
http://dx.doi.org/10.1038/nature08516
http://www.ncbi.nlm.nih.gov/pubmed/19812545
http://dx.doi.org/10.1038/ng.238
http://www.ncbi.nlm.nih.gov/pubmed/18776908
http://dx.doi.org/10.1038/nature11632
http://dx.doi.org/10.1038/nature15393
http://dx.doi.org/10.1093/nar/gkt958
http://dx.doi.org/10.1093/bioinformatics/btq033
http://dx.doi.org/10.1093/bioinformatics/btp352
http://dx.doi.org/10.1038/srep17453
http://dx.doi.org/10.1016/0165-6147(90)90008-V
http://dx.doi.org/10.1038/nature13907
http://www.ncbi.nlm.nih.gov/pubmed/25383537
http://dx.doi.org/10.1128/JVI.80.3.1067-1076.2006
http://www.ncbi.nlm.nih.gov/pubmed/16414984
http://dx.doi.org/10.1016/j.tibs.2016.05.001
http://www.ncbi.nlm.nih.gov/pubmed/27283515
http://dx.doi.org/10.1371/journal.pgen.0030063
http://www.ncbi.nlm.nih.gov/pubmed/17447845
http://dx.doi.org/10.1371/journal.pgen.1004761
http://www.ncbi.nlm.nih.gov/pubmed/25411794


Genes 2020, 11, 141 14 of 14

68. Wittkopp, C.J.; Adolph, M.B.; Wu, L.I.; Chelico, L.; Emerman, M. A Single Nucleotide Polymorphism in
Human APOBEC3C Enhances Restriction of Lentiviruses. PLoS Pathog. 2016, 12, e1005865. [CrossRef]

69. Devuyst, O. The 1000 Genomes Project: Welcome to a New World. Perit Dial. Int. 2015, 35, 676–677. [CrossRef]
70. Zheng, G.X.; Lau, B.T.; Schnall-Levin, M.; Jarosz, M.; Bell, J.M.; Hindson, C.M.; Kyriazopoulou-

Panagiotopoulou, S.; Masquelier, D.A.; Merrill, L.; Terry, J.M.; et al. Haplotyping germline and cancer
genomes with high-throughput linked-read sequencing. Nat. Biotechnol. 2016, 34, 303–311. [CrossRef]

71. Alkan, C.; Coe, B.P.; Eichler, E.E. Genome structural variation discovery and genotyping. Nat. Rev. Genet.
2011, 12, 363–376. [CrossRef]

72. De Kegel, B.; Ryan, C.J. Paralog buffering contributes to the variable essentiality of genes in cancer cell lines.
PLoS Genet. 2019, 15, e1008466. [CrossRef]

73. D’Antonio, M.; Guerra, R.F.; Cereda, M.; Marchesi, S.; Montani, F.; Nicassio, F.; Di Fiore, P.P.; Ciccarelli, F.D.
Recessive cancer genes engage in negative genetic interactions with their functional paralogs. Cell. Rep. 2013,
5, 1519–1526. [CrossRef] [PubMed]

74. Stratton, M.R.; Campbell, P.J.; Futreal, P.A. The cancer genome. Nature 2009, 458, 719–724. [CrossRef]
[PubMed]

75. Yao, R.; Zhang, C.; Yu, T.; Li, N.; Hu, X.; Wang, X.; Wang, J.; Shen, Y. Evaluation of three read-depth based
CNV detection tools using whole-exome sequencing data. Mol. Cytogenet. 2017, 10, 30. [CrossRef] [PubMed]

76. Nam, J.Y.; Kim, N.K.; Kim, S.C.; Joung, J.G.; Xi, R.; Lee, S.; Park, P.J.; Park, W.Y. Evaluation of somatic copy
number estimation tools for whole-exome sequencing data. Brief. Bioinform. 2016, 17, 185–192. [CrossRef]
[PubMed]

77. Zare, F.; Dow, M.; Monteleone, N.; Hosny, A.; Nabavi, S. An evaluation of copy number variation detection
tools for cancer using whole exome sequencing data. BMC Bioinf. 2017, 18, 286. [CrossRef]

78. Chaisson, M.J.; Mukherjee, S.; Kannan, S.; Eichler, E.E. Resolving multicopy duplications de novo using
polyploid phasing. Res. Comput. Mol. Biol. 2017, 10229, 117–133. [CrossRef]

79. Vollger, M.R.; Dishuck, P.C.; Sorensen, M.; Welch, A.E.; Dang, V.; Dougherty, M.L.; Graves-Lindsay, T.A.;
Wilson, R.K.; Chaisson, M.J.P.; Eichler, E.E. Long-read sequence and assembly of segmental duplications.
Nat. Methods 2019, 16, 88–94. [CrossRef]

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1371/journal.ppat.1005865
http://dx.doi.org/10.3747/pdi.2015.00261
http://dx.doi.org/10.1038/nbt.3432
http://dx.doi.org/10.1038/nrg2958
http://dx.doi.org/10.1371/journal.pgen.1008466
http://dx.doi.org/10.1016/j.celrep.2013.11.033
http://www.ncbi.nlm.nih.gov/pubmed/24360954
http://dx.doi.org/10.1038/nature07943
http://www.ncbi.nlm.nih.gov/pubmed/19360079
http://dx.doi.org/10.1186/s13039-017-0333-5
http://www.ncbi.nlm.nih.gov/pubmed/28852425
http://dx.doi.org/10.1093/bib/bbv055
http://www.ncbi.nlm.nih.gov/pubmed/26210357
http://dx.doi.org/10.1186/s12859-017-1705-x
http://dx.doi.org/10.1007/978-3-319-56970-3_8
http://dx.doi.org/10.1038/s41592-018-0236-3
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Conceptual Overview of the QuicK-mer Algorithim 
	Implementation of QuicK-mer2 
	K-mer Encoding and Internal Data Structures 
	Edit Distance Search 
	CNV Estimation 

	Application to Data from the 1000 Genomes Project 
	Data Availability 

	Results 
	Discussion 
	References

