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GeneToCN: an alignment‑free 
method for gene copy 
number estimation directly 
from next‑generation sequencing 
reads
Fanny‑Dhelia Pajuste * & Maido Remm 

Genomes exhibit large regions with segmental copy number variation, many of which include entire 
genes and are multiallelic. We have developed a computational method GeneToCN that counts the 
frequencies of gene-specific k-mers in FASTQ files and uses this information to infer copy number 
of the gene. We validated the copy number predictions for amylase genes (AMY1, AMY2A, AMY2B) 
using experimental data from digital droplet PCR (ddPCR) on 39 individuals and observed a strong 
correlation (R = 0.99) between GeneToCN predictions and experimentally determined copy numbers. 
An additional validation on FCGR3 genes showed a higher concordance for FCGR3A compared to two 
other methods, but reduced accuracy for FCGR3B. We further tested the method on three different 
genomic regions (SMN, NPY4R, and LPA Kringle IV-2 domain). Predicted copy number distributions 
of these genes in a set of 500 individuals from the Estonian Biobank were in good agreement with 
the previously published studies. In addition, we investigated the possibility to use GeneToCN on 
sequencing data generated by different technologies by comparing copy number predictions from 
Illumina, PacBio, and Oxford Nanopore data of the same sample. Despite the differences in variability 
of k-mer frequencies, all three sequencing technologies give similar predictions with GeneToCN.

Copy number variation (CNV) is a type of structural variation ranging from 50 to several million base pairs 
(bp)1–5. It is an unbalanced variation where a segment of the human genome can be deleted, duplicated, or 
repeated multiple times and the number of repeats varies between individuals. Around 4.8–9.5% of the human 
genome contributes to CNVs6, a larger proportion than to SNVs, which may be associated with phenotypic 
traits including susceptibility to complex diseases7–9 especially when the copy number variation overlaps a gene 
region10. In this work, we will focus on copy number estimation of repeated genes or functional domains.

The detection of copy number differences requires a special computational approach, different from SNV 
analysis. The most common methods for copy number estimation from the WGS data use read depth (RD) 
and/or paired-end mapping (PEM)11–16 algorithms associated with custom-made statistical models for copy 
number detection. PEM-based methods map both paired ends to the reference genome and detect copy number 
change when the distance of mapped reads is significantly different from the mean insert size of the fragments. 
For this reason, PEM-based approaches cannot detect long CNVs and are not suitable for evaluating the exact 
copy number. Methods based on read depth use the depth of coverage information from reads mapped to the 
reference genome. RD-based methods can detect larger CNVs and may be used with paired-end reads as well 
as single-end reads. These methods can also estimate more precise copy numbers. For example, AMYCNE17 is 
an RD method that has demonstrated its ability to accurately estimate higher copy numbers through validation 
on amylase genes. However, the accuracy may be low when estimating exact copy numbers, especially when the 
number of repeats is high. In addition, both approaches depend on read mapping which is time-consuming and 
often unreliable in complex and repetitive genomic regions. Furthermore, many methods only work using cohort 
data, unable to estimate copy numbers for single individuals or for a small set of samples.

An alternative approach is to use an alignment-free analysis that is based on counting and analyzing the 
frequencies of k-mers in individual genomes. K-mers (small substrings of DNA with length k) have been used 
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for different purposes in genome analysis to efficiently handle huge amounts of genomic data18–20. Alignment-
free methods do not require read alignment or mapping thus allowing fast and reliable genotyping of known 
variants21, 22, discovering novel variants23 and genotyping polymorphic Alu-elements24. Only a handful of fully 
alignment-free methods have been created for estimating copy number variation of gene regions. For example, 
a general alignment-free CNV detection software QuicK-mer2, which is also able to handle gene regions, has 
recently been published25. However, this software is paralog-specific and has difficulty handling cases where a 
gene or region has multiple copies in the reference genome.

In this study, we propose a novel alignment-free method GeneToCN for targeted copy number estimation of 
copy-variable genes. We pay special attention to the selection of robust and reliable k-mers in gene regions. Our 
approach allows estimating copy numbers for individual samples without the requirement of cohort data. We 
demonstrate our method’s accuracy on the amylase gene family and FCGR3 genes as well as general useability 
on three other gene regions (NPY4R, SMN, and LPA Kringle IV type 2 domain).

Results
Method for alignment‑free gene copy number estimation
The working principle of the GeneToCN method is the following. First, a custom database is created consist-
ing of carefully selected k-mers a) from a gene region and b) from the flanking regions of the same gene. The 
flanking regions are used to estimate the local depth of coverage (DOC), which is used as a reference in copy 
number estimation. The choice of representative k-mers for each gene is a crucial step of our method. To select 
the most robust and reliable set of reference k-mers, we apply several filters based on their uniqueness in the 
reference genome and their GC-content (described in Methods). The k-mer selection process is automated with 
the GeneToKmer script (Fig. 1).

Copy number estimation in each studied individual starts with counting the frequencies of the selected 
gene-specific k-mers directly from the raw sequencing reads of this individual. The copy number of each gene is 
calculated by dividing the median frequency of gene-region k-mers by the median frequency of flanking-region 
k-mers and multiplying by 2 (the ploidy of the human genome). The resulting copy number is decimal, but it 
can be rounded to the nearest integer if an integer copy number is preferred/required for interpretation. In this 
article, we use decimal numbers for correlation analysis and integers for concordance analysis.

Our method has a unique approach for handling regions in the reference genome that have multiple copies. 
For example, AMY1 is present in 3 copies in the reference. Unlike other methods that generally estimate the 
copy number separately for each of these copies, our GeneToKmer script has the flexibility to either treat them 
separately or to define all 3 copies as a single gene. In the first case, we use the k-mers specific to each different 
copy, whereas in the latter case, we use only k-mers that are present in all 3 copies. By avoiding the use of k-mers 
that may be variable due to recent mutations and are not present in all copies of a given gene, we can improve 
the accuracy of copy number predictions.

Copy number estimation in AMY1, AMY2A, and AMY2B gene regions
First, we investigated the performance of the GeneToCN method using the well-studied alpha-amylase gene 
family26. Amylase is a digestive enzyme that catalyzes the hydrolysis of starch and is present in human saliva 
as well as in the pancreas. The human reference genome has three copies of the salivary amylase gene AMY1 
and one copy each of the pancreatic amylase genes AMY2A and AMY2B. There is also a pseudogene AMYP1 
containing a large part of the sequence of AMY2A. The copy numbers of amylase genes are highly variable, espe-
cially for AMY1, for which it varies from 2 to 2227–29. The copy number of AMY2A varies from 0 to 8, the least 
copy-variable is AMY2B with a copy number from 2 to 6. For testing the GeneToCN method, the k-mers were 
selected for each of these amylase genes and copy numbers were estimated from Illumina sequencing reads of 
500 individuals from the Estonian Biobank (EstBB). Although the frequency of individual k-mers is variable, the 

Figure 1.   Overview of the method.
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consolidated information from all gene-specific k-mers allows reliable detection of differences between flanking 
region and gene region (Fig. 2).

The distributions of predicted copy numbers in 500 individuals are shown in Fig. 3. As shown in previous 
studies29, 30, even copy numbers were more common than odd copy numbers for the AMY1 gene, with 73% of 
studied individuals having 4, 6, 8, or 10 copies. AMY2A copy numbers varied from 0 to 5 and AMY2B copy 
numbers varied from 2 to 4, which is also consistent with distributions observed in previous studies29, 30. For 
AMY2B we observed a duplication breakpoint within the first third of the gene at position Chr1:103,561,000 
(Suppl. Figure S1). For those individuals copy number 4 was called by GeneToCN.

Previous studies on amylase gene copy numbers have shown that 98% of individuals have the same parity of 
the copy numbers of AMY1 and AMY2A, meaning that the copy numbers of these genes are usually both either 
even (more frequent) or both odd (rarely) at the same time29. GeneToCN predictions from 500 EstBB individuals 
(Fig. 3) showed the same parity in 85% of tested individuals, which is significantly higher parity than expected 
by chance alone (P = 1.253e−14), assuming that the AMY1 and AMY2A alleles are randomly paired.

Experimental validation
In addition to the analyses of frequency distributions (Fig. 3), the GeneToCN method was also validated experi-
mentally using data from digital droplet PCR (ddPCR). For this, we used 40 individuals from EstBB, for which we 
had copy number data of AMY genes from previously published ddPCR experiments29. Although the experimen-
tal methods do not guarantee 100% accurate results, ddPCR has been used as the gold standard for experimental 
copy number determination31, 32 and is thus a good reference for the evaluation of the GeneToCN method. The 
correlation of copy number estimates from GeneToCN and ddPCR experiments for these 40 individuals are 
shown in Fig. 4A. Only one individual had a difference larger than 1 copy (8 copies according to ddPCR and 12 
copies predicted by GeneToCN). We examined the k-mer frequency plot of this individual but could not detect 
any reasons that could explain the difference in predictions for this individual. All k-mers in the gene region 
support the prediction of 12 copies without any regional fluctuation, even at the locations of the ddPCR primers 
as shown in Supplementary Figure 2. Furthermore, the copy number estimated by AMYCNE, the read-depth 
based tool, was also 12. In light of these observations, we have reason to believe that the reported ddPCR copy 
number was likely incorrect, therefore, this data point was excluded from further calculations.

For numerical comparison, the correlation coefficient R was calculated from the raw results of both methods 
shown as a decimal number, whereas the concordance was calculated based on the integer copy number values 
(raw result rounded to the nearest integer). The results for all three amylase genes are shown in Supplementary 
Table S1. The correlation coefficient between predictions and experimental results was 0.99 for AMY1, 0.91 for 
AMY2A and 0.92 for AMY2B. The concordance was 74%, 97% and 100% for AMY1, AMY2A and AMY2B, 
respectively.

We observed that the correlation coefficient between GeneToCN and ddPCR predictions is 0.99, but the 
concordance of integer predictions is only 74% for AMY1 copy numbers. This is caused by the tendency of 
GeneToCN to slightly overestimate the copy number in individuals with > 8 copies of AMY1 (Fig. 4). Predic-
tions could be improved, for example by using linear regression. We were able to increase the concordance of 
GeneToCN predictions to 85% by using the regression formula y = 0.9622*x for the correction. However, we did 
not implement this correction in the GeneToCN code because we do not have an independent dataset for testing 
the robustness of the correction on other gene regions.

Comparison with AMYCNE
For comparison, the copy numbers of AMY genes in the same individuals were also estimated using a previ-
ously published software AMYCNE17. AMYCNE uses an algorithm based on read mapping and subsequent 
read depth analysis for copy number estimation. AMYCNE has been previously validated on amylase genes and 
would therefore be expected to be optimized for the analysis of these genes. In correlation analysis with ddPCR, 
we observed comparable accuracy for both GeneToCN and AMYCNE (Fig. 4B). For integer copy numbers, the 
predictions of AMY2A and AMY2B gene copy numbers were analogous, whereas GeneToCN predictions for the 
AMY1 gene had higher concordance with ddPCR results (Table S1). The parity of AMY1 and AMY2A copy num-
ber predictions in 39 individuals were 87%, 82% and 67% for ddPCR, GeneToCN and AMYCNE, respectively.

Validation on FCGR3 genes
Copy numbers of FCGR3A and FCGR3B genes were estimated for 164 individuals using the low coverage whole 
genome sequencing data from 1000 Genome project33. The copy numbers for the same individuals have previ-
ously been estimated using AMYCNE and CNVnator13 and compared to the copy numbers that were determined 
using multiple different methods and therefore presumed to be the correct copy numbers34. Using the same truth 
set for comparison, the concordance of the copy number estimations for FCGR3A was 0.74 (0.71 and 0.5 from 
AMYCNE and CNVnator, respectively), while for FCGR3B, it was 0.63 (0.85 from both AMYCNE and CNVna-
tor). Interestingly, even though GeneToCN yielded a higher concordance for FCGR3A, it did not demonstrate 
the same level of accuracy when estimating copy numbers for FCGR3B. In most cases (93% of the samples with 
inaccurate copy number estimate) the copy number was underestimated. Looking at the k-mer frequency plots, 
we noticed that a subset of k-mers frequently exhibited unexpectedly low frequencies. Therefore, this k-mer 
database could potentially benefit from the implementation of an additional filtering mechanism.

Testing on different gene regions
We tested GeneToCN thoroughly on the amylase gene region as well as FCGR3 genes. However, it would be 
important to know if the same method can be used for the estimation of copy numbers of other genes, particularly 
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whether a sufficient number of k-mers can be selected from gene regions and flanking regions. We created custom 
k-mer databases for a set of genes from different genomic regions and with different copy numbers: survival 
of motor neuron genes SMN1 and SMN235–37, the human pancreatic polypeptide receptor gene NPY4R38, 39, 
and the LPA gene. In the latter case, the repeated region consists of only one protein domain, the 5.5 kb long 
Kringle-IV type 2 domain, which spans over 2 exons40, 41. This case allowed us to validate the suitability of the 
method not only on full genes but on shorter high-copy repeats as well. For these genes, we tested whether an 
adequate number of k-mers can be selected and whether their distributions of predicted copy numbers coincide 
with previously published copy number distributions.

For each of these genes, k-mers were selected with GeneToKmer, and copy numbers were estimated with 
the KmerToCN tool from the 500 EstBB individuals as described above. The distributions of predicted copy 
numbers are shown in Fig. 5. The copy numbers for the NPY4R gene varied from 2 to 8 and the most common 
copy number was 4. The copy numbers for SMN1 varied between 1 and 3, whereas for the SMN2 gene, the copy 
number estimates were between 0 and 3. For the Kringle-IV type 2 domain, the copy numbers were between 18 
and 58 (mean 39.2), with the most common copy number being 40. In a previous study, where copy numbers of 
the Kringle-IV type 2 region were estimated with the Genome STRiP for a larger sample of 2284 Estonians from 
the EstBB, the copy numbers varied between 12 and 63 with a mean of 39.742. These results, particularly the fact 
that mean copy numbers of the Kringle-IV type 2 domain are very similar, confirm that the GeneToCN method 
is robust and usable for the estimation of copy numbers for even high-copy repeats.

Figure 3.   Amylase copy number distributions in 500 Estonian individuals from EstBB.

Figure 4.   Correlation between copy number estimates from GeneToCN and ddPCR (A) and from AMYCNE 
and ddPCR (B) using 40 EstBB samples.
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Analysis of SMN1 and SMN2 genes revealed some limitations of the GeneToCN method. These two genes 
have a nucleotide-level identity of about 99.9%, therefore only a limited number of gene-specific k-mers (268 and 
267, respectively) could be selected. It is not clear how accurately copy numbers are inferred from such a small 
number of k-mers. To better evaluate the accuracy of SMN1 and SMN2 copy numbers, a separate k-mer database 
was created for estimating the total number of SMN copies, using the k-mers present in both genes. For 77% of 
the individuals, the sum of SMN1 and SMN2 copy numbers estimated separately matched the total SMN copy 
number. The 500 individuals were then divided into two groups based on whether the sum matched the total 
SMN copy number or not. We observed that the group where the copy numbers did not match had significantly 
lower (Wilcoxon test, P = 2.2*10–16) copy number values for SMN2, as well as for SMN1 (P = 0.0023). This can be 
explained by single nucleotide variants in the SMN genes that may cause underestimation of the SMN2 and in 
some cases SMN1 copy number. Overall, it seems that the number of gene-specific k-mers in SMN1 and SMN2 
is too small to allow reliable estimation of their copy numbers separately. However, both SMN genes together 
had > 16,000 gene-specific k-mers allowing reliable prediction of their cumulative copy number.

Copy numbers estimated from long‑read sequencing data
Long-read sequencing data from Oxford Nanopore and PacBio sequencing technologies were used in addition to 
Illumina reads to evaluate how the method works on other sequencing data apart from Illumina. The compari-
sons were done on a reference sample CHM13 that has been sequenced by three different technologies43 to 50x 
(Illumina), 120x (Oxford Nanopore), and 30x (PacBio) depth of coverage. The copy numbers were estimated for 
eight gene regions and the results are shown in Supplementary Table S2. Overall, the copy number predictions 
are similar with all three technologies.

A visual overview of k-mer frequency variation from AMY1, AMY2A, and AMY2B regions is shown in Fig. 6, 
and NPY4R, SMN, LPA Kringle IV-2 and FCGR3 regions are shown in Supplementary Figure S3 and in Supple-
mentary Figure S4. We observed a difference in variations of k-mer frequencies between the three technologies. 
The Oxford Nanopore data is affected by the high mutation rate, resulting in high variability. PacBio data is the 
least variable. However, these differences do not have any systematic adverse effects on the copy number estima-
tion, making us conclude that all three technologies are suitable for the alignment-free inference of copy numbers.

Methods
Creation of k‑mer databases
The k-mer databases for gene regions were compiled using the GeneToKmer program that utilizes tools from ver-
sion 4.2.16 of the GenomeTester4 package from GitHub20. The k-mer length used throughout this study was 25. 

Figure 5.   Copy number distributions for 500 individuals, estimated using GeneToCN. Panel SMN represents 
the sum of SMN1 and SMN2 gene copies.
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The coordinates used for each region can be seen in Supplementary Table S3. The first step of the k-mer selection 
process is creating a set of overlapping k-mers for each gene region. These k-mers were generated by a moving 
window using the GListMaker and human reference genome GRCh38p10. For regions that had multiple copies 
in the reference genome (for example Kringle IV type 2 with 6 copies or AMY1 with 3 copies), separate k-mer 
lists were initially created for each region and then the intersect of the common k-mers was taken.

For the selection of region-specific and unique k-mers, the frequencies of all the k-mers were then counted 
from the reference genome. For this, we used a total k-mer list compiled from the GRCh38p10 reference genome. 
The frequencies of all k-mers in the genome were obtained using the tool GListQuery from GenomeTester4. 
K-mers were considered unique and gene-specific when the frequency in the reference genome was equal to 
the number of copies of that gene in the reference (for example 3 for AMY1). We used the 1 mismatch (-mm 1) 
option to exclude any k-mers that had identical k-mers or k-mers with edit distance 1 present somewhere else 
in the reference genome (except for SMN1 and SMN2 regions where we did not use that option). The region-
specific k-mers were further filtered by GC-content. We filtered out all k-mers with a GC-content value lower 
than 20 or higher than 65.

It is possible to use GeneToKmer in the same manner for compiling databases for flanking k-mers. However, 
in regions with repeated content, the flanking region might need to be rather large (several million base pairs) 
and finding unique k-mers from these regions might require lengthy calculations. Alternatively, a reference 
region with a non-variable copy number may be chosen further away from the gene.

In this project, we decided to use subsets of unique k-mers previously compiled for NIPTmer prenatal diag-
nostic software44. As CHM13 assembly was used in this project, NIPTmer k-mers were further filtered based on 
the uniqueness of these k-mers in the CHM13 assembly. In the initial database, the k-mers were divided into 
groups based on their locations, the exact coordinates of the k-mers were unspecified. We chose the groups that 
were closest to the genes of interest, the coordinates of used regions and the number of selected gene-specific 
and flanking k-mers are shown in Supplementary Table S3. However, an updated version of this database is now 
available on GeneToCN GitHub page, where the coordinates are provided for each separate k-mer. For each 
gene, we recommend utilizing a minimum of 2000 flanking k-mers closest to the gene, evenly divided between 
the 5’ and 3’ flanking region.

Figure 6.   Normalized k-mer frequencies in AMY1, AMY2A, and AMY2B regions from sequencing data 
generated by Illumina, Oxford Nanopore, and PacBio technologies. The x-axis shows the k-mer locations on 
chromosome 1. The horizontal red line marks the copy number estimated by GeneToCN. Exon regions are 
shown in grey.
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Copy number estimation
Copy number estimations were done with the KmerToCN software script, which uses either gmer_counter from 
the FastGT toolkit22 or optionally GListMaker and GListQuery from the GenomeTester4 toolkit20 for k-mer 
counting, depending on the input file type of the sequencing data (FASTQ or k-mer list).

AMYCNE required running another tool called TIDDIT45, both tools are written in Python. AMYCNE 
needed some modifications in the code as well as in several input files to work. For AMY2A, the sequence coor-
dinates proposed by the authors were altered by keeping only the first part of the gene up until the fourth exon 
(since the rest of the gene sequence is identical to the sequence of the pseudogene AMYP1), which improved the 
overall correlation with ddPCR results from 0.54 to 0.92 and integer copy number concordance from 0.58 to 0.98.

The ddPCR copy numbers used for validation of the method and the process of ddPCR experiments were 
described in a previous study29.

Sequencing data
Method validation and copy number estimations were conducted using 500 samples from the Estonian Biobank, 
of which 40 samples were used also for the comparison of AMY1, AMY2A, and AMY2B copy numbers esti-
mated by different methods. The Illumina sequencing data (ca 30x depth of coverage, read length of 151 bp) for 
the Estonian Biobank samples were retrieved from the Estonian Genome Centre. For the validation on FCGR3 
genes, low coverage sequencing data of 164 individuals was obtained from 1000 Genomes Project33. The Illumina, 
Oxford Nanopore, and PacBio sequencing data for CHM1343 were retrieved from https://​github.​com/​marbl/​
CHM13/​blob/​master/​Seque​ncing_​data.​md.

Computational performance
Creating the k-mer databases for a gene region with GeneToKmer typically takes less than 15 min. The time 
usage depends mostly on the length of the gene regions. We measured 105 s of user CPU time for creating k-mer 
databases for three gene regions with a total length of 36,000 bp, and 5 Mb as peak memory usage.

The time usage of KmerToCN, including counting the k-mers from the FASTQ files and estimating the copy 
numbers, depends on the number and sizes of input FASTQ files and is similar to the speed we have demonstrated 
previously for other alignment-free genome analysis tools22, 24. In this study we measured an average user CPU 
time of 7621 s and real elapsed time of 32 min using low coverage sequencing data, and a peak memory usage of 
12.6 Mb. A comparison with AMYCNE (measured using the same sequencing data) can be seen in Supplemen-
tary Table S4. The performance was measured on a Linux server with 64 CPUs (2.27 GHz) and 512 GB RAM.

Discussion
In this study, we propose a novel alignment-free method GeneToCN for targeted gene copy number estimation. 
In this approach, we use local k-mer frequencies from the flanking regions of a gene as a reference for normaliza-
tion. Defining the "flanking regions" for k-mer selection assumes that we know the approximate breakpoints of 
the copy-variable region, which in most cases are already available from previous studies. Alternatively, k-mers 
from other known non-copy-variable regions, preferably located near the targeted genes, can be used. Novel 
breakpoints can be detected from k-mer frequency plots of each individual.

What are the advantages of using raw sequencing reads instead of mapped reads for variant detection, par-
ticularly for gene copy number estimation? The sequencing data are often stored in a BAM or CRAM format 
where reads are already mapped to the reference genome. However, there are some important benefits for variant 
detection and copy number estimation directly from raw sequencing reads. Most importantly, using the raw data 
makes the method more robust and easy to use. An alignment-free method averts the effect of methodologi-
cal errors in read mapping (due to mismapping or incorrect reference sequence) which simplifies the analysis 
process and may increase the accuracy of the results in some regions. Also, speed and the consequent decrease 
in computational costs are beneficial in large-scale studies where thousands of individuals need to be analyzed. 
For example, in a meta-analysis of large datasets, it is necessary to use the same analysis pipeline for all individu-
als. In this case, it might not be practical to re-map all the reads in meta-analysis projects, but rather use a fast 
alignment-free approach.

What is the minimum depth of coverage for alignment-free analysis? This is a complicated question without 
an easy answer. There is an interplay between the depth of coverage and number of k-mers in the region. It is 
assumed that a higher overall number (either because of sequencing depth or from region width) of k-mers would 
give more accurate predictions. Another factor is how equally the k-mers are distributed over the gene region. A 
closely located (or overlapping) set of k-mers is more prone to be influenced by local fluctuations in frequency 
and therefore less reliable. In a previous study, we conducted an in-depth analysis suggesting that 20 is the mini-
mum required depth of coverage for alignment-free genotyping of single nucleotide variants22. For copy number 
predictions we use hundreds or thousands of k-mers (for example 3095 for AMY1), therefore a smaller depth 
of coverage might be sufficient. For instance, we saw that the accuracy of FCGR3A copy number estimations 
from low coverage sequencing data was higher using GeneToCN, compared to the results from AMYCNE and 
CNVnator. However, the exact limits of the method and correlation between the number of k-mers per region, 
depth of coverage and accuracy of copy number predictions need further investigation. In any case, regardless 
of the high accuracy that was achieved for FCGR3A from low coverage data, we would advise to use sequencing 
data with higher coverage, if possible, as the accuracy of copy number estimations is ultimately dependent on 
the quality of the data utilized.

How to explain the differences between the two computational methods GeneToCN and AMYCNE17? In most 
analyses, they demonstrate very similar performance. For example, their correlation with experimental ddPCR 
predictions was nearly identical (Table S1). The difference appeared only in copy number prediction of the AMY1 

https://github.com/marbl/CHM13/blob/master/Sequencing_data.md
https://github.com/marbl/CHM13/blob/master/Sequencing_data.md
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gene, which has up to 16 copies. For the AMY1 region, GeneToCN had higher concordance with ddPCR results 
(74% vs 67%) and a higher level of parity between AMY1 and AMY2A copy numbers (82% vs 67%) compared 
to AMYCNE. This difference in high copy number predictions could appear from the different approaches we 
use for filtering k-mers in regions where a gene is represented in multiple copies in the reference genome.

As a further development of GeneToCN, we plan to compile and publish k-mer databases for all genes that 
are copy-variable or contain smaller copy-variable regions of interest. This would provide users with an easily 
accessible toolbox for alignment-free copy-number prediction.

Data availability
The source code and k-mer databases for analyzed genes are available on GitHub (https://​github.​com/​bioin​
fo-​ut/​GeneT​oCN). The binaries and source code of the k-mer counting software GenomeTester4 are available 
on GitHub (https://​github.​com/​bioin​fo-​ut/​Genom​eTest​er4/). GenomeTester4 is distributed under the terms of 
GNU GPL v3, and the k-mer databases are distributed under the Creative Commons CC BY-NC-SA license.
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