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Abstract

In the current precision medicine era, more and more samples get genotyped and
sequenced. Both researchers and commercial companies expend significant time and
resources to reduce the error rate. However, it has been reported that there is a sample mix-
up rate of between 0.1% and 1%, not to mention the possibly higher mix-up rate during the
down-stream genetic reporting processes. Even on the low end of this estimate, this trans-
lates to a significant number of mislabeled samples, especially over the projected one billion
people that will be sequenced within the next decade. Here, we first describe a method to
identify a small set of Single nucleotide polymorphisms (SNPs) that can uniquely identify a
personal genome, which utilizes allele frequencies of five major continental populations
reported in the 1000 genomes project and the EXAC Consortium. To make this panel more
informative, we added four SNPs that are commonly used to predict ABO blood type, and
another two SNPs that are capable of predicting sex. We then implement a web interface
(http://grcme.tech), nicknamed QRC (for QR code based Concordance check), which is
capable of extracting the relevant ID SNPs from a raw genetic data, coding its genotype as a
quick response (QR) code, and comparing QR codes to report the concordance of underly-
ing genetic datasets. The resulting 80 fingerprinting SNPs represent a significant decrease
in complexity and the number of markers used for genetic data labelling and tracking. Our
method and web tool is easily accessible to both researchers and the general public who
consider the accuracy of complex genetic data as a prerequisite towards precision medicine.
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generate one’s own list of ID SNPs. 3. A smart-
phone based application is in development and will
be released on this website once it is available.
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Introduction

Genomic data is being accumulated at an incredible rate. It is projected that approximately
one billion people will be whole genome sequenced within the next decade[1]. With a cost eas-
ily below $100, genotyping arrays that target single nucleotide polymorphisms (SNPs) will
increase this rate exponentially. Many studies, such as the UK biobank project[2] in United
Kingdom, the VA million Veteran program[3] in United States, the China Kadoorie Study[4]
in China and United Kingdom, have taken advantage of these cost-effective arrays to genotype
samples up to ~500,000. These large cohorts are not anomalies, with the Kaiser Perch Program
on Genes, Environment, and Health[5] and the and TOPMed|6], building cohorts of similar
size. Outside of the research field, direct-to-consumer genetic testing has exploded, with com-
panies claiming to have genotyped more than a million individuals (for example, http://www.
23andme.com).

However, with this plethora of genetic data comes errors. Hu et al. report an average rate of
error for sample mix-up between 0.1% to 1%, (7] suggesting that between 500 to 5,000 samples
are probably mislabeled for a large study such as the UK Biobank Study. A significant amount
of research has been devoted to reducing these errors and improving the quality control. These
strategies range from devoted and detailed outlines of quality control procedures[8] to match-
ing sets of significant markers for sample tracking. All of these methods require a significant
amount of expertise and time to implement, making them a drain on limited resources.

Individual identifications by SNP analysis require generation of a panel of SNPs that
together give an extremely remote probability that two individuals would have the same DNA
profile. Previously, a universal panel of 92 SNPs was developed for individual identification[9].
Another panel used 75 SNPs for Eastern Asian populations[10]. A recent simulation study
showed that only 60 optimized SNPS are required to differentiate individuals in the global
population[7]. In this study, we describe a solution that is accurate, unique, and easy to use.
Our proposed solution uses 80 identified SNPs that are shared across widely used genome-
wide genotyping arrays. To increase the accessibility and easiness of use, we develop on online
platform to extract the genetic data and encode it as a quick response (QR) code. QR codes
have the advantage of being a robust method for encoding information and can be read with
any image capture devise such as a smart phone. Liu et al. previously compared 53 different
types of one-dimensional and ten two-dimensional barcode symbologies and found that the
QR code has the largest coding capacity and relatively high compression rate, allowing for
easy expansion if necessary[11]. Our website, nicknamed QRC (for QR code based Concor-
dance check), provides an easy to use web based interface for extracting the 80 markers from
uploaded genotype data, encoding the markers as a QR code, and comparing the concordance
of multiple QR codes. This methodology can easily be expanded to be used by professionals in
the genetic field.

Methods
Identification of ID SNPs

To generate our list of fingerprinting SNPs, we first obtained a list of bi-allelic autosomal SNPs
that overlap in eight widely used genotyping arrays: three Affymetrix arrays including Axiom
Biobank Array, Axiom UK biobank Array, and the newly announced Axiom Precision Medi-
cine Research Array (PMRA) (http://www.affymetrix.com/catalog); three Illumina arrays
including infinium-omniexpress-24-v1-2-al array, [llumina HumanExome-12v1-2 array, and
the newly announced Global Screening array (GSA) (http://www.illumina.com/techniques/
microarrays), as well as two direct-to-consumer (DTC) arrays (23&Me and Genes for Good).
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The resulting list is then selected again to ensure at least moderate frequencies across global
populations. Specifically, we select SNPs with minor allele frequency (MAF) over 0.25 in each
of the five global sub-populations presented in the 1000GP project, so that the selected are not
only available in major genotyping arrays, but are also common in global populations. The five
sub-populations are: European (EUR), African (AFR), Native American (AMR), Eastern
Asian (EAS), and Southern Asian (SAS). The MAF is based on data from the 1000 genomes
project (1000GP)[12] (freezing date 20130502) and the Exome Aggregation Consortium
(ExAC)[13] (release 0.3.1). The former includes whole genome sequencing data from 2,504
individuals of diverse ancestry while the latter whole exome sequencing data from over 60,000
individuals.

The results are further pruned by removing A/T and C/G SNPs and SNPs annotated as
pathogenic or likely pathogenic as reported by ClinGen database[14]. The final selection pro-
cess limits to those SNPs that are not marginally dependent with each other, i.e., are in linkage
disequilibrium (LD). To be very conservative, we pick only one SNP from any 10MB region
on the genome. The SNP for a given region was selected as having the highest overall MAF
over the remaining SNPs. Across the whole genome this resulted in 74 SNPs that satisfy our fil-
tering criteria. This number slightly exceeds the theoretical number of 60 required to uniquely
distinguish the global population[7]. To make this panel verifiable on its own when there is
only one genetic dataset, we added four single nucleotide variants (SN'Vs) that are commonly
used to predict ABO blood type: (1). exon-6 deletion rs8176719 for O1 type; (2). rs41302905
for O2 type; (3). rs8176746 for B type[15, 16]; (4). rs56392308 for A2 subtype[17]. We further
added two SNPs that are capable of predicting sex: rs12743401, rs12734338. These two SNPs
are aligned to both chromosomes 1 and Y, therefore, heterozygosity in male is actually a detec-
tion of two regions, one on chromosome 1 and the other on chromosome Y [18, 19]. The
resulting total number of 80 SNPs were tested to confirm that they could uniquely label a large
cohort. We used the UK Biobank (N ~150,000) as our test cohort. The genotypes of finger-
printing SNPs was extracted and tested for uniqueness using PLINK[20].

Comparing the concordance of ID SNPs through QR codes

We then developed a web based application (http://qrcme.tech) that can extract the genotypes
for these fingerprinting SNPs from raw genotype datasets such as those from 23&Me and then
generate QC codes. To create a QR code, we first generate a string in the format of “1AA2AC3
—”, where 1,2,3 are the index of 80 SNPs and the two digit letters are the genotype of SNPs at
that position. Missing data is represented by “-”. Then, this string, without indices, is encoded
into a QR code using the open source Zebra Crossing barcode image processing library
(https://github.com/zxing/zxing/). This same library is used to decode a QR image back to the
original text string. To compare QR Codes, we first decode both images, and compare the 80
SNPs values from the decoded strings. A match includes five scenarios: (1) a perfect match
such as “AG” vs. “AG”, (2) a permuted match such as “AG” vs. “GA”, (3) an opposite strand
match such as “AG” vs. “TC”; (4) an “AC” vs.”TG” match (all permutations); (5) an “AG” vs.
“TC” match (all permutations). All other conditions are considered a mismatch, with missing
data reported separately.

For those who are interested in deriving their own list of ID SNPs, we have also made it
easy to accomplish through our QRC website. It takes a list of SNPs in CHR:POS format and
compares it with a reference file that includes allele frequencies of 1,388,180 biallelic variants
existing in both 1000GP and ExAC. Then it generates a list of independent SNPs with high
allele frequencies across all major sub-populations, based on user specified MAF cutoff and
region size threshold.
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Results
Identification of ID SNPs

Through a series of selections, we have identified 74 SNPs across the whole genome that
uniquely identify an individual across the global population. To make this list of SNPs more
informative and unique, we further included four SNPs for predicting ABO blood type and
two SNPs for predicting sex. Therefore, there is a total of 80 SNPs are included. Table 1 shows
the overlapping of SNPs across eight major genotyping arrays. The upper diagonal numbers
are the numbers of overlapping SNPs for each corresponding pair. The lower diagonal num-
bers (shown in italicized font with an underline) are the cumulative numbers of overlapping
SNPs for each corresponding pair. For example, there are 865,720 SNPs in Axiom PMRA
array, among which 272,701 are also present in Axiom UK Biobank array. Among the 272,701
SNPs, 172,088 are also in Axiom Biobank array. And among the 172,088 SNPs, 39,292 are also
on Illumina GSA array. Eventually, 3,239 SNPs are shared across all eight arrays and 74 are
independent. The details for these 74 fingerprinting SNPs are listed in Table 2. The reference
allele and reference allele frequency (RAF) was based on the human reference genome'.
These 74 SNPs span 20 autosomes, excluding chromosomes 15 and 21. They overall MAF is all
greater than 0.3, based on the 2,504 multi-ethnical individuals in 1000GP. There is at least
10MB separating SNPs with the average distance being 37.4MB reducing the possibility of
linkage between SNPs. Additionally, these SNPs have no reported pathogenic or likely patho-
genic association according to the ClinGen database meaning these SNPs reveal no informa-
tion regarding disease risk. Fig 1 shows the RAF between 1000GP and ExAC for these 74
SNPs.

Comparing the concordance of ID SNPs through QR codes

As shown in Fig 2A, our web tool allows users to do three things: 1. Generate one or more QR
codes from one or more raw genotype datasets and save the QR codes locally; 2. Compare two
QR codes to get a report on the concordance of the underlying genotype datasets; 3. Generate
one’s own ID SNPs. This is primarily for those savvy users including researchers who prefer to
generate their own ID SNPs instead of using the 80 SNPs that we derived. Fig 2B shows a

Table 1. Cross tabulation of bi-allelic autosomal SNPs across eight arrays.

Axiom

PMRA
Axiom PMRA 865,720
Axiom UK 272,701
Biobank
Axiom Biobank 172,088
lllumina GSA 39,292
Omni Express 15,905
23&Me 10,478
Genes for Good 8,385
Exome Array 3,239

Axiom UK Axiom Illumina Omni 23&Me | Genes for Exome
Biobank Biobank GSA Express Good Array
272,701 207,468 128,503 82,373 70,227 | 61,240 21,941
800,194 359,529 289,548 103,360 91,747 | 103,139 65,910
172,088 629,487 105,807 77,132 65,734 | 232,406 185,863
39,292 39,292 733,348 185,489 113,481 | 192,333 54,913
15,905 15,905 15,905 693,518 303,948 | 253,917 18,683
10,478 10,478 10,478 10,478 510,550 128,062 15,684
8,385 8,385 8,385 8,385 8,385 | 540,551 233,277
3,239 3,239 3,239 3,239 3,239 | 3,239 238,468

The numbers highlighted in grey along the diagonal line are for each individual SNP panel. The upper diagonal numbers are the numbers of overlapping
SNPs for each corresponding pair. The lower diagonal numbers (shown in italicized font with an underline) are the cumulative numbers of overlapping SNPs
for each corresponding pair. For example, for the second column, there are 865,720 SNPs in Axiom PMRA array, among which 272,701 are also presentin
Axiom UK Biobank array, among the 272,701, 172,088 are also in Axiom Biobank array, and among the 172,088, 39,292 are also on lllumina GSA array,
etc; and eventually, 3,239 are shared across all eight arrays.

https://doi.org/10.1371/journal.pone.0182438.t001
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Table 2. List of fingerprint SNPs.
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0.412
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example report. It is based on genotype datasets for two different individuals, therefore, the
concordance is low. The report includes the number of missing SNPs and the overlap of non-
missing SNPs and the type of matches.

Discussion

Short tandem repeat (STR) markers have been routinely used for genetic fingerprinting foren-
sic settings, because of the large number of alleles within various populations[21]. However,
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Fig 1. Reference allele frequency of the selected 80 SNPs. Reference allele frequency across the five major population
groups (African: AFR, European: EUR, Native American: AMR, Eastern Asian: EAS and Southern Asian: SAS) and overall
as reported by 1000GP and ExAC. Y-axis is the RAF in EXAC.

https://doi.org/10.1371/journal.pone.0182438.g001
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QR Concordance
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QRC provides a simple and reliable way to ensure that multiple
DNA sequence data files represent the same individual person.
QRC will identify any swaps that may have been made during
wet lab processing or data file handling by ensuring that that two
different DNA sequence data files represent the same person.

Learn More »

Generate your QR Code

When you are ready, click below to upload the data provided to you by
the sequencing service. By uploading your data, you agree to all terms
and conditions

Choose File | No file chosen

Second QR Code to compare:

Choose File | No file chosen

Upload Genetic Data » Upload Files |

Compa re QR COdeS There are 65 overlapping SNPs with no missing data. Of these 65
overlapping SNPs, 22 match perfectly. Also, 5 matched via the AC-TG rule,

To verify that the data returned from more than one sequencing service and 29 matched via the AG-TC rule. File 1 is missing 9 SNPs and File 2 is
represents a single individual, upload the QR Codes that were generated | | missing 9 SNPs from the 74 reference list.
from the genetic data. -

Raw Score = 65
Percent Score = 87.8%
Missing Values in the first file = 9

Compare QR Codes »

Generate your |D SNPS Missing Values in the second file = 9
. L ‘ o Overlapping without missing data = 65
For geneticists: get your own list of ID SNPs using our method by Perfect Match = 22

loadi fil i f oV N
uploading a text file containing a list of overlap SNPs Opposite Strand Match = 0

AC-TG Match=5
AG-TC Match =29

Get ID SNPs »

Fig 2. The QRC website interface. A. The interface allows a user to first upload genetic data to generate a QR
code and save it into his local computer, and then compare any two QR codes for concordance check. Researchers
could also generate their own ID SNPs. B. A sample report, based on genotype datasets for two different
individuals. The report includes the number of missing SNPs and the overlap of non-missing SNPs and the type of
matches.

https://doi.org/10.1371/journal.pone.0182438.9002

STR does have disadvantages, including high mutation rate, lack of high-throughput technolo-
gies, and the need for large amplification products and therefore limits the use of degraded
samples.[22] In this manuscript, we have presented a method for creating a list of identifying
SNPs. This method uses a series of selections, the first being identifying overlapping SNPs
across eight genotyping arrays. The results are further selected by requiring a minimum MAF
value above 0.25 across the five major continental groups. Additional selections result in just
80 SNPs that uniquely identify individuals across the global population. We have confirmed
this uniqueness in the large publicly available genetic database, the UK biobank. This same
procedure can be implemented in other settings to create similar lists that fit a given need.

Our identified list of 80 SNPs, has the practical application of reducing the number of SNPs
used for comparison in the tracking of genetic data through the genotyping pipeline. Genotyp-
ing vendors currently use their own list of SNPs for tracking, with Affymetrix reportedly using
over 300 markers for sample tracking. Our lower number of markers results in faster compari-
sons leading to savings in time and possibly cost, especially over millions of samples as
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reported by 23&Me. We further implemented the QRC web server (http://qrcme.tech). The
simple and easy to use graphical interface allows a user to upload a genetic data set, which is
parsed for the genotypes at the 80 SNPs. The results are then encoded as a QR code that can be
attached to a data set. QR codes from different data sets can also be compared, leading to a
check across commercial genotyping companies. This feature has already been implemented
in addition to coding and decoding QR codes. This methodology can be easily expanded to be
used by professionals in the genetic field.

It is our goal to come up with a most parsimonious list of SNPs to uniquely identify any sin-
gle person across the globe, through genetic data. However, our purpose is to encode this sub-
set of genetic data into a QR code so that a non-geneticist could use an easy interface to check
the concordance of one data with another, not for purposes such as forensic testing or pater-
nity testing. Therefore, some level of uncertainty is tolerated. We further added SNPs that
could be used to predict ABO blood type and sex, therefore one genotypic data alone could
still provide some useful information for one to validate the data to some extent. It is our hope
that the genetic community will work together to identify a robust method and agree upon an
omnibus list of SNPs that could be used through user friendly interface like what is presented
in QRC.
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