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CONCISE INTRODUCTION TO
THE 23MF_V2 HIGH-DENSITY SNP ARRAY
AND THE CHIP ANALYSIS GUIDELINES



1. Introduction

In today’s era of personal genomics, the development of appropriate guidelines for the accurate and efficient
analysis of genomics data is of critical importance. At present, many direct-to-consumer DNA testing com-
panies offer testing based on a range of commercially available genotyping arrays. Most of these companies
offer a diverse range of services such as human ancestry, health testing, carrier screening for inherited ge-
netic disorders, nutrigenetic testing and genetic relatedness testing. However, because different companies
have different bioinformatics analysis pipelines and use their own analysis standards, the quality of the

results can vary widely.

In this paper, we describe the steps we undertook in the selection and optimization of the 23MF_v2 high SNP
density array, and we outline the highlights of the array, including an improved method for genotype impu-

tation and trios phasing. Finally, we discuss the limitations of the analysis and its future refinement.

2. Selection of gene loci for the 23MF_v2 high-density SNP array

As a company, 23MoFang is dedicated to providing high quality direct-to-consumer genetic testing. Our
mission is to digitize life and benefit lives. As part of this we strive to develop genetic testing methods
that are publicly affordable from the outset. That is why we chose the Axiom Precision Medicine Re-

search Array (PMRA) as our chip prototype.

Axiom PMRA is a newly developed and highly affordable genotyping array with comprehensive,
high-value content for direct-to-consumer applications. The chip was originally manufactured by Affy-
metrix Inc., and includes genomic content to aid in the translation of research results into clinical in-
sight, enabling the development of new, more effective treatments and wellness plans based on genetic,

environmental, and lifestyle factors.

The array contains over 900000 markers but these are based on less than 3000 gene loci located on
the Y chromosome and in mitochondrial (MT) DNA. The original array is therefore limited in its ability
to predict ancestry. We undertook modifications to some of the loci of the array to improve its applica-
bility to the genome of the Chinese population. The selection of the loci was based upon the following
criteria: Firstly, we selected the commonest SNPs among the Asian population based upon SNP fre-
quencies found in the database of short genetic variation (dbsnp database[1]) and the 1000 genomes
database[2-5]. We then removed some loci for which the allele frequency was found to be typically

low (MAF (minor allele frequency) <0.005). Secondly, we added a large number of Y chromosome loci
into the array to meet the genetic ancestry report content and the research of evolution and migration
of Chinese population. The Y loci were selected from the International Society of Genetic Genealogy
(ISOGQG) Tree, ISOGG 2017 (https://isogg.org/tree/) [6]. Thirdly, we also selected the loci that included
in the array certain MT DNA loci from the phylotree database (http: //www.phylotree.org/)[7], which
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gives a detailed view of the genetic evolution of humankind from a matrilineal perspective. Finally, we
removed certain loci on the X chromosome from the array. Figure 1 represents a summary of the SNP
selection for the array. As part of our design, most of the selected genetic loci were experimentally

validated on the genotyping platform where the array is made, thus ensuring that the array has a high

sample calling rate.
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Figure 1.
Flowchart showing the pipeline of SNP selection for the 23MF_v2 high-density SNP array.

The updated Axiom PMRA now we named it as “23MF_v2”, which finally contain over 700000 loci, in-

cluding GWAS loci, SNPs in clinvar database, SNPs of Y chromosome and mitochondria.

3. Performance of 23MF_v2 high-density SNP array

The number of genetic loci on the updated Axiom PMRA (700,000 loci), represents almost the maximum
number possible on one single original Axiom PMRA (we had to remove 2 or 3 SNP probes if we design
one new SNP probe, that is why the total number of SNPs in the new array is less than previous array).
The distribution of loci in the whole genome and its comparison with an existing well known commer-

cial chip (23andme v4 chip) are presented in Figure 2.

(Figure 2 is on next page.)
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Figure 2.
The distribution of genetic loci in the 23MF_v2 high-density SNP array and in existing commercial chips 23andme v4

It can be seen that the locus-level genome coverage in the Y chromosome was higher for our 23MF_
v2 array compared with the 23andme v4 chip (and other existing commercial arrays — data not shown).
Considerable efforts were made when designing the array panel to add in more Y haplotype SNP sites,
even though this reduces the available space. The additional Y haplotype SNPs enable representation
of more specific paternal haplogroups on the array, thus facilitating the ability to give consumers in-
creased detail and clarity about their own genetic ancestry. Furthermore, the more detailed Y-SNP and
Y haplotypes selected and incorporated into the array, the more genetic information can be gleaned

about the migration path of the Chinese population.
Other advantages of the 23MF_v2 high-density SNP array are that it contains a large number of sites
from GWAS markers, precision medicine initiatives, cancer common variants and pharmacogenomics.

Table 1. shows a summary of the genetic content of the array.

Table 1. Summary of the genetic content of the 23MF_v2 high-density SNP array

Variant Category Number of makers*

Genome-wide imputation grid > 570,000

NHGRI-EBI GWAS catalog > 18,000
Clinvar > 30,000
KIR > 1400
PGx > 1000
HA >9,000
Aut(r)rlrrﬁrmune /7i7r717frlammatdrrryr 7777777777777777777777777777777 > 250
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Variant Category Number of makers”

Pharmacogenomic > 1,200

Blood phenotype >2,000
Corrﬁhrwrcr)n cancérrrilrariants 777777777777777777777777777777777777777 > 300
Losrsr of functioﬁ 777777777777777777777777777777777777777777 > 33,07(7)707”
Expression quantitative trait loci eQTL) > 16,000
Finrgrérrrbrintingrérhd samplrér'rtrrécking VVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVV > 300
Yo > 27,07(7)70”
MT > 3900
ZBMaféng redérsrirgrned méfkéfs VVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVVV > 99,77(7)707”
Total markers 819,35 3

In order to validate the performance of the selected SNP probes in the 23MF_v2 array panel, we geno-

typed 192 human samples from the 23MoFang customer database. The average genotype call rate across

samples was 99% (range 99.5% - 99.8%). Most of the probes on the array had a call rate above 99% (See

Table 2). We also compared the concordance rate between the 23MF_v2 high-density SNP array and

the Hiseq-4000 next generation sequencing system. Concordance was 98% across the testing samples.

Genotypes that failed to call or called with low quality were removed from the array.

Table 2. Call rates of each chromosomes

—— Male
: 99.76%
o 99.74%
o 99.76%
L 99.73%
o 99.74%
o 99.73%
o 99.75%
o 99.74%
S 99.74%
o 99.75%
L 99.75%

Female
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Chromosome Male Female

12 99.75% 99.71%

3 7”99.74% | 9969%
“w 7”99.75% | 9971%
s 7”99.75% | 9972%
6 7”99.74% | 9971%
7o 7”99.76% | 9973%
8 7”99.75% | 9970%
v 7”99.75% | 9972%
0 7”99.76% | 9974%
a 7”99.71% | 9966%
2 7”99.72% | 9969%
x 7”99.85% | 9973%
y o 7”99.78% S .
Meo 7”99.79% | 9973%

In summary, the 23MF_v2 high-density SNP array enables a fuller and more accurate understanding
of human genome information than its predecessors. In the following section, we consider the analysis

pipeline used to generate an accurate result from genomic information.

4. Analysis Guideline

4-1. Introduction

Currently, different commercial direct-to-consumer genetic testing companies have their own internal
chip analysis and quality control pipelines. This can result in different results being produced from os-
tensibly the same test undertaken by different companies. One reason for this is a lack of industry stan-
dards for the weighting of health risk factors. Another is that some SNPs can be difficult to genotype or
may not be fully extracted from the DNA sample especially if the protocol has a low quality threshold
for DNA purity / accuracy. This can produce ambiguous genetic results which are unhelpful for the

consumer and reduce consumer confidence in genetic testing.
There are no formal unified guidelines for dealing with customer genetic information. Here, we publish

our own detailed algorithm and the analysis “cookbook” for our array. The accuracy of the results of

genetic testing using this array are highly dependent on the processes used to analyze and compute the
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raw data produced by the raw array. There are four main steps within our analysis guideline: a standard
genotype calling method and its quality control pipeline; trios phasing, missing genotype imputation
using a reference panel, and the genetic raw data output. Below, we describe each step in detail in order

that it can be seen how the genotype data are generated and to ensure its high quality.

(BEST PRACTICE) — C PHASING ) — ( IMPUTATION ) — ( RAW DATA )

Figure 3.
The main approach of analysis guideline

4-2. Genotype calling and QC

23MF_v2 high-density SNP array genotyping is based on the calling method of the Affymetrix GeneChip
platform. Provision of a reliable and accurate calling pipeline is critical because accurate genotyping

of the genetic variants enables relevant biological questions about the sample to be answered with
increased truth/accuracy. The genetic variants are represented on two probes in the array, one de-
rived from the forward 35-mer synthesized oligonucleotide sequence and one derived from the reverse

strand sequence.

Forward standard probeset pp bbb

GTGGCAGCACCCCACTCACTGAGCTGCAGTGAGGAIC/TITAGATGAGGTTATGTATATTAAGTACTTACAGCAG
CACCGTCGTGGGGTGAGTGACTCGACGTCACTCCTIG/A]JATCTACTCCAATACATATAATTCATGAATGTCGTC

[

MARKER

4 € 4 € 4 Reverse standard probeset

Figure 4.
Illustration of probe sets of one genetic variant

At present, our genotype calling algorithm is based on the Axiom analysis software, version 2.0, in ac-
cordance with the Best Practices Genotyping Analysis Workflow[8]. The total pipeline of this approach
is set out in Figure 5. The analysis library files and the specific 23MF_v2 annotation files are obtained
from Axiom and unzipped into the current working library folder. Once all the internal QC parameters

and running files are ready, the pipeline can be run directly.

(Figure 5 is on next page.)
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( Open Axiom Analysis Suite )

Click the Preferences window tab to check if
Library / Annotation files have update information

YES
A\ 4
{ Click Update tab ) NO
A\ 4 A\ 4
( Click the New Analysis tab J
A\ 4

{ Click the Mode drop-down to select a Mode (Workflow), in this step 23Mofang choose Best Practices Workflow (Default) )

\ 4
( Click the Array Type drop-down to select the array type to be used in Workflow (23MoFang: Axiom_23MF_v2.r1) J

4

{ Click Import CEL Files to import CEL files )
A\ 4

( Setting Up Analysis Setting (23MoFang: Use default parameters in Axiom_23MF_v2) J
4

{ Setting Up Threshold Settings mainly about Sample QC and SNP QC )
A\ 4

( Assigning an Output Folder Path J
4

( Assigning a Batch Name )
4

( Click Run Analysis )

Figure 5.

The overview of best practice genotyping analysis

Next, we will explain the important parameters and QC definition used during the analysis in order to

help enable an understanding of how the various threshold values are derived:

Firstly, we describe the SNP clustering figure that is used as part of our best practice procedures. This
SNP clustering figure illustrates the probe sets for one specific SNP, with each point representing one

sample whose alleles A and B (intensities) have been translated into X and Y coordinates in space using
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the Axiom clustering algorithm. The resulting cluster tells us which SNP type genotype the sample in

question belongs to. (Figure 6)
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Figure 6.
The SNP cluster plot produced by the Axiom genotyping platform

Secondly, the Dish QC (DQC) of a genome sample is determined. The DQC is an important parameter
with which to judge the genome quality of a sample. In the Axiom assay, probes expected to ligate A or
T bases will produce a specific signal in the AT channel and a background signal in the GC channel. The
probes expected to ligate G or C bases will produce the opposite signal. The DQC is a measure of the

resolution of the distribution of the “contract” value between signal AT and GC, defined as:

Sig11alAT - SingalGC
Signal,; + Signal

DOC =

If the sample quality is good, the DQC will be high in the expected signal and low in the negative signal,
and the contrast distribution will be well-resolved. If the DQC value is 1 indicates the sample is in the
perfect resolution. We set the DQC threshold is 0.82, which represents that the sample would be re-

moved if it’'s DQC value is lower than 0.82.

Thirdly, the SNP call rate (CR) — an important QC threshold — is calculated, which indicates the ratio of

the number of samples successfully assigned a genotype of either AA, BB or AB to the number of sam-
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ples over which a genotype call was attempted for the SNP. The SNP call rate is a measure to check the
completeness of the data and the genotype cluster quality. Poor, low genotype clusters or a non-ran-
dom distribution of samples with no SNP calls may be generated by poor cluster resolution (Figure 7). A
poor cluster resolution may in turn adversely affect the results of the subsequent analysis. We set a CR

threshold of 0.97 to ensure the high quality of SNPs.
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Figure 7.
Poor quality SNP cluster plot

Apart from the above parameters and threshold values, certain other parameters are set by default as part
of the Axiom Best Practices platform. These other parameters are not detailed here. To date, we have ana-
lyzed more than 30,000 samples with the our Best Practices analysis pipeline. These analyses have gener-

ated an average DQC of approximately 0.974 and an average CR of 0.995

Below, we further illustrate how we improve data completeness in order to enable the generation of more

detailed genomic information from our array system.

4-3. Phasing

In subsequent genetic analyses such as those concerning ancestry composition or genomic relatedness,

it is necessary to have information about the maternal and paternal genome alleles. The genotype result
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from the array cannot tell us which allele copy was inherited from the paternal chromosome and which
from maternal chromosome. Phasing can help to determine whether genotype matches are on the pater-

nal or maternal side. An example to illustrate the use of phasing in this context is shown in Figure 8.

Location Paternity Maternity Unpased Result Pased Result
1 A T AT AT
2 A T TA AT
3 A T AT AT
Figure 8.

The haplotype of paternity is AAA, and the maternity is “TTT". Now, in our genotype raw data, you will find your data looks like
‘AT-TA-AT’, which is unphased. We know that our genotype is inherited via different variants from mom and dad. Therefore, phasing
means make each marker belongs to the right ancestry sequence. In this demo, we have to reverse the location 2 from “T-A”to ‘A-T".

As already stated, typically the array genotype data cannot tell us which marker came from which parent.
But if we have trios data, this information can readily be used to accurately assign alleles to each of the
two chromosomes (paternal and maternal), as explained in the above Figure. However, it is very unlikely
that we would have the trios information for all 23Mofang customers. Therefore, a more sophisticated
method is needed to accurately phase the genotype that can determine which allele is assigned to which

chromosome without trios information.

In our approach, we phase the genotype dependent on the trios information and the haplotype of the
reference population. If our customers were genotyped (DNA test) with their parents, we will combine
their trios data to phase their sequence to the correct parental side. On the other hand, if we have no tri-
os data, the best principle is to phase two sequences on each chromosome, that are also observed in the
general population. This method is based on the haplotype in a single population, which is typically shared

by many people in a large population.

Next, we evaluate the accuracy of phasing by comparison with 100 trios of data contained in the 23Mo-
Fang database (because they all belong to a trio and for the trios in the database we know which allele is
correctly in its right side). To assess the phasing accuracy, we consider the switch error (percentage of
possible switches in the haplotype orientation), that is widely used as a measure for evaluating phasing
accuracy. The switch error rate is equal to the number of switches between the true phased sequence
and the inferred phased sequence, divided by the number of heterozygous sites. The switch error (phasing

error) rate associated with our analysis pipeline is currently approximately 1.7%.

4-4. Imputation

Another major challenge of commercial SNP density arrays is that sometimes a critical SNP may go un-

detected because of its low genotype quality or the randomness of the biological experiment. However,
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such “missing” data may have a significant influence on the accuracy of the genetic report provided to the

customer, especially in relation certain important diseases or traits.

For this reason, it is critical to regenerate the genotypes of certain markers (SNPs) using mathematical
approaches. This process is called imputation (See Figure 9.). Here, we present our approach for genotype
imputation that increases the accuracy and computational efficiency of certain specific and significant
markers. The method described here is based on the current imputation algorithm and provides an ex-

tremely efficient strategy for genotype imputation.

AGCG.... TCGAT
TCTG.... ATGGC
CCAA.. .. TAACC
CACG...72?GCAA
G 2 A T wuw sse CTAGA
TTAC .. CCG?A
AGAT.... GTACG
TCGA.... CGACT
TCA .TT?CG
AGG? ....GATCA
CATC.... GGCTA
cTCC... TTAGC
GCTT.... CGAT?
CGGT.... GCAAA
AGCG.... TCGAT
TCTG.... ATGGC
CCAA.... TAACC
CACG.... TGCAA
GCAT.... CTAGA
TTAC.... CCGTA
AGAT.... GTACG
TCGA ... CGACT
TCAT.... TTCCG
AGGT .... GATCA
CATC.... GGCTA
CTCC...: TTAGC
GCTT.... CGATC
CGGT.... GCAAA
Figure 9.

An illustration graph of imputation progress

According to our approach, for the imputation of one untyped SNP loci, we would make the reference
panel that included all the typed SNP loci. Specifically, we selected n SNPs before and after the target SNP
to compose the reference panel. This reference training set containing the haplotype sequence of the
population is generated by our 23MoFang database. The imputation of missing genotype at certain specif-
ic SNP loci is based on the reference haplotypes or the haplotype generated from the available genotype

data for the population under study. In order to improve the genotype imputation accuracy, we adopted
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the genotype data whose family information is available in the reference panel. The reference panel is

used with the genotype data after phasing training.

We introduce our local (specific) genotype imputation along with some important genotype markers
which also have a high-missing rate in the array data. Our model is estimated from training haplotype
data using the hidden Markov model. According to this model, the original haplotype is firstly labelled as
H1, H2, ..., Hn, and the haplotype training set is regarded as:

H,=H,H,,.. H

Our data suggest that our imputation approach is highly accurate when it was applied to our target
high-missing rate SNPs. Due to the fact that this method enables us to provide more detailed SNPs loci
information to our customers, we specifically impute some key SNPs loci in the genome report and herein
show the imputation performance of some key SNPs loci (Table 3). In order to evaluate the accuracy of
imputation, we chose 4,000 samples as training dataset and 660 samples as test dataset from our 23Mo-
Fang database. Through the imputation algorithm we developed, we choose the imputed genotype results
for the missing SNPs loci whose imputation concordance can reach 0.97, and filter out some unsuitable
imputed SNPs loci because of their low quality. These results are tested by not only the method men-
tioned above, but also the tool Beagle 4.1 developed by Brian et al. If some meaningful SNPs loci are “no

call” and cannot be imputed correctly, these can be separately genotyped by other experimental methods.

Table 3. the imputed performance of certain target SNPs loci

Position Missing Rate Concordance
rs378352 6 32974934 6.83% 97.24%
rs6550435 3 36864489 5.17% 97.56%
rsi050450 77 | 73 | - 4937948374 - 4.799%7 - ;976.71%
rs4307059 5 25967703 4.76% 99.38%
rg13702 ” | 78 | - 1987244972 - 4.721%7 - ;379.54%
rs356220 4 90641340 4.18% 98.77%
r5727685056 77 | 73 | - 104418573 - 3.782%7 R 57.92%
rsi63182 - 711 | - 2844216 - 3.759%7 57.04%
rs%744020 - 76 | - 32626136 - 3.710%7 - 57.78%
rs12654264 5 74648603 3.01% 99.08%
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5. Raw array data

Following application of the Best Practices Genotyping Analysis Workflow, we provide customers with their

raw data file. The file corresponding to the example dataset is:

Chromosome Position Genotype
rs114608975 1 86028 1T
rs9701055 1 565433 cc
rs3121393 1 720240 TC
rs12565286 1 721290 GG
rs144434834 1 723918 GG
rs3094315 1 752566 AA
rs12184325 1 754105 cc
rs10454459 1 754629 AA
rs4951929 1 757734 TT
rs199975097 1 772310 DD
rs149041858 1 773091 cC

This is a tab-delimited text file and its each line corresponds to one genetic marker (SNP and Indel). For col-
umn one, we provide the SNP identifier where is an rsSID or internal id. The column two and three represent the
chromosome and its basepair position using reference human assembly build 37(GRCh37). The genotype SNP

is in the last column.

6. Future Refinement

In order to continue our mission to provide high quality detailed genotype data, 23MoFang will continue to
improve our SNP array and analysis workflow. Currently, we are working to further improve the imputed preci-
sion and enhance the coverage of imputation. At the current time, only certain critical and good quality SNPs
loci can be imputed. On the other hand, we also add more Y loci to provide more genetic information of pater-
nal line. Each analysis workflow release update will further refine and improve the genotype data quality, for

the ultimate benefit of our customers.
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