
OPEN

ORIGINAL ARTICLE

Systematic evaluation of personal genome services
for Japanese individuals

Takashi Kido1,2, Minae Kawashima3, Seiji Nishino4, Melanie Swan5, Naoyuki Kamatani6 and Atul J Butte7

Disease risk prediction (DRP) is one of the most important challenges in personal genome research. Although many direct-to-

consumer genetic test (DTC) companies have begun to offer personal genome services for DRP, there is still no consensus

on what constitutes a gold-standard service. Here, we systematically evaluated the distributions of DRPs from three DTC

companies, that is, 23andMe, Navigenics and deCODEme, for 22 diseases using three Japanese samples. We systematically

quantified and analyzed the differences between each DTC company’s DRPs. Our independency test showed that the overall

prediction results were correlated with each other, but not perfectly matched; less than onethird mismatching of the opposite

direction occurred in eight diseases. Moreover, we found that the differences could mainly be attributed to four factors:

(1) single nucleotide polymorphism (SNP) selection, (2) average risk estimation, (3) the disease risk calculation algorithm and

(4) ethnicity adjustment. In particular, only 7.1% of SNPs over 22 diseases were reviewed by all three companies. Therefore,

development of a universal core SNPs list for non-Caucasian samples will be important for achieving better prediction capacity

for Japanese samples. This systematic methodology provides useful insights for improving the capacity of DRPs in future

personal genome services.
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INTRODUCTION

Disease risk prediction (DRP) using an individual’s genome has
attracted much attention because of the availability of low-cost high-
throughput genotyping and whole-genome sequencing technologies.1–7

Several companies offer such services to evaluate an individual’s disease
risks.8–11 However, a study demonstrated that only 50% or fewer of the
predictions of two direct-to-consumer genetic test (DTC) companies
agreed across five individuals for seven diseases.12 Assessing DRPs of
personal genome services is controversial and little is known about
their real predictive capacities.13 Therefore, it is important to examine
and understand the basis for such differences, especially as more people
use such services. Most DRPs by DTC companies are based on
genome-wide association study (GWAS) research in the Caucasian
population; clearly, these predictions need to be adapted and/or
modified when interpreting genotyping or sequence data from
individuals from other ethnicities. It is also important to evaluate
the predictive capacity of such services in non-Caucasians and to
understand the basic mechanisms that explain general properties of
DRPs.

Here, we report our observations and systematic interpretations of
disease risk distributions by three DTC companies for three Japanese
individuals. This is perhaps the first attempt at such analysis for

Japanese individuals. We introduced methods for concordance rate
(CR) analyses, independency tests and risk distribution analyses to
quantify the concordances and discrepancies of DRPs. Through these
methods, we quantified the degree of mismatches of the predictions
and characterized the distribution of relative risk (RR) for each
disease. We then investigated why discrepancies occurred for each of
four factors, that is, single nucleotide polymorphism (SNP) selection,
average risk, risk prediction algorithms and ethnicity adjustment. We
hypothesized that utilizing a universal core SNPs list for non-
Caucasians may allow for better predictions. In addition, we
suggested the current capacity of DRPs of personal genome services
for Japanese individuals and provide recommendations for future
improvement of DRPs.

MATERIALS AND METHODS

Study subjects and samples
We investigated the distributions of DRPs for three Japanese samples using

three DTC companies: 23andMe, Navigenics and deCODEme. For deCO-

DEme, we used the Japanese customized service provided by Bioinfovision

(Tokyo, Japan). First, we collected three saliva samples from healthy Japanese

volunteers and tested them using the above-listed DTC companies. Then, we

compared the relative disease risks reported by the DTC services over 22

1Rikengenesis CO., LTD., Tokyo, Japan; 2JST, PRESTO, Tokyo, Japan; 3Department of Human Genetics, Graduate School of Medicine, The University of Tokyo, Tokyo, Japan;
4Department of Psychiatry, Stanford University School of Medicine, Stanford, CA, USA; 5MS Futures Group, Palo Alto, CA, USA; 6StarGen Inc., Tokyo, Japan and 7Department of
Pediatrics, Stanford University School of Medicine, Stanford, CA, USA
Correspondence: Dr T Kido, Taito-Ku, Taito, 1-5-1 Tokyo, Toppan Building Higashikan 3F, Tokyo 110-8560, Japan.
E-mail: kido.takashi@gmail.com

Received 19 April 2013; revised 2 August 2013; accepted 13 August 2013; published online 26 September 2013

Journal of Human Genetics (2013) 58, 734–741
& 2013 The Japan Society of Human Genetics All rights reserved 1434-5161/13

www.nature.com/jhg

http://dx.doi.org/10.1038/jhg.2013.96
mailto:kido.takashi@gmail.com
http://www.nature.com/jhg


diseases using the same criteria described by Ng et al.12 We explained our

research purposes, protocols and potential risks of knowing one’s genetic risks

to each volunteer, and received informed consent from them. Genetic

counselors were provided for unforeseen situations. Our study protocol was

approved by the Institutional Review Board of Rikengenesis.

Analysis of concordance and disease risk distribution
We attempted to validate the report by Ng et al.12 to understand the degree of

inconsistency between the three reports. We used the methodology of Ng

et al.12 for 22 diseases and three DTC companies, and to evaluate the

consistency between the predictions from the three DTC companies. We

applied the 5% threshold of RR to define increased/decreased risks (where

0.95pRRp1.05 was considered to be no risk). To mathematically quantify the

consistency between the predictions, we calculated the CRs between all

pairwise combinations among the three companies. The CR was calculated

using the following formula:

CR ¼ CD

AD
¼ 1� MD

AD

where AD is the number of all test data, CD is the number of concordant test

data and MD is the number of mismatched data (not concordant data).

We omitted NA (unavailable) data from AD (only m, k and ¼ were

considered) and calculated the two types of CRs: counting m¼ , k¼ as

mismatched data or counting them as concordant data (ignoring the mismatch

with average risk [¼ ]). We compared the CRs for all pairwise combinations of

predictions from the three DTC companies. We also conducted 2� 2 Fisher’s

exact tests for each set of two DTC companies’ risk predictions for testing

independence. We generated 2� 2 contingency tables, where the rows

represented company A’s test results (m, k) and the columns represented

company B’s results (m, k). We counted the number of mm, mk, km and kk
combinations and conducted 2� 2 Fisher’s exact tests using the R function

‘fisher.test()’. P-values were calculated for each set of two DTC companies’

DRPs. We compared similarities among the three DTC companies’ DRPs. We

used the k-statistic to analyze the agreement of DRPs. We conducted Cohen’s

k-test for each set of two DTC companies’ DRPs using the R function

‘Kappa.test()’. We also conducted Fleiss k-tests for all three companies’ DRPs

using the R function ‘Kappam.fleiss()’.

Next, we observed the distributions of RRs and examined the relationships

between the number of increasing risks (higher risk than average, m) and

decreasing risks (lower risk than average, k). We visualized DRPs by plotting

minimum, maximum and average values of RRs for each of the three samples

for 22 disease conditions. We calculated the average RRs of the three samples

for each of the DTC companies. On the basis of our observations, we

hypothesized that the number of individuals who had higher than average risk

was larger than those who had lower than average risk. To validate this

hypothesis, we calculated the average RRs where RR41 and RRo1 for each

DTC company’s prediction and compared their variation.

Causal analyses for discrepancy
To investigate the origin of the observed discrepancies, we followed methods

reported in previous research by Swan10 and assumed that variance in multigenic

risk interpretation could be mainly explained by differences in (1) the SNPs

selected for the assessment, (2) the average risk and (3) the risk assignment

methodologies. We added one additional factor, (4) the method for ethnicity

adjustment, and evaluated each of the four factors for the three DTC companies

for three volunteers. The reasons for their discrepancies were then classified.

SNP selections
We counted how many SNP markers were used for each of the 22 diseases and

analyzed overlapping SNPs (hereafter named as ‘core SNPs’ as overlapping

SNPs reviewed by more than three organizations) among 23andMe, Navigenics

and deCODEme. We also counted overlaps and consistency of references for

core SNPs among the three companies. We compared each company’s

annotated information of core SNPs, such as P-values, odds ratios (ORs),

number of samples and references. In addition, we examined the core SNPs

reviewed by the NIH GWAS catalog and four companies, that is, deCODEme,

Navigenics, 23andMe and Pathway Genomics, for type 2 diabetes (T2DM). We

also examined the statistics of reference citations for core SNPs in T2DM.

Average risk
We compared the average risks provided by each of the companies for 22

diseases. Average risk was estimated from epidemiologic literature on average

population disease risk. DTC companies may assign different average risks

because they have selected different research studies as being the most

representative and reliable.10 Publicly available information from each

company’s website and Supplementary Information at technical conferences

and informal interviews were gathered. 23andMe and deCODEme provided

the average risks for East Asians in certain diseases, and Navigenics provided

the average risks only for Caucasians. Although the data on East Asians were

limited, we compared the influence of ethnicity differences between Caucasians

and East Asians for available disease conditions.

Risk prediction algorithms
We reviewed the descriptions of the disease prediction algorithms provided in

the white papers from the three companies and implemented each algorithm

using R software to compare them. We defined the standard mathematical

notations to represent each company’s algorithm for their systematic compar-

isons. Mathematical formulas of risk prediction algorithms for each DTC

company are described in Supplementary Note 1. The disease prediction

algorithms for each of the three companies were similar; however, they were

not identical. The three companies reported absolute risk, that is, the

probability that an individual will develop a disease. Absolute risk was derived

from two parameters: RR and average risk. Each of the three companies

required three critical parameters for risk prediction: risk allele frequency

(RAF; p), average risk (q) and OR (r). Although two different ORs were used

when available, most references did not describe two such ORs for a trait

concerning a locus. The effects of a risk allele were interpreted to be additive

on the log-transformed OR, and only a single OR was often used. These

parameters were determined by literature selected according to the policy of

each company. The probability of developing the disease (absolute risk) of each

of genotype AA, Aa and aa was represented by d1, d2 and d3, respectively, and

absolute risks (d1, d2 and d3) were calculated by the parameters (p, q and r)

obtained by solving the system of equations described in Supplementary Note

1. Even if they choose the same parameter sets for p, q and r, their DRPs (d1, d2

and d3) may differ slightly because of differences between prediction

algorithms. We investigated the degree of differences by calculating the DRP

for each company with the same parameter settings (p, q and r).

Ethnicity adjustment
We compared the differences in policies and methods for ethnicity adjustments

among the three companies and examined how different parameter sets (p, q

and r) for different ethnicities affected DRPs (d1, d2 and d3). In addition, we

compared the RAFs (p) of core SNPs for East Asians with those of Caucasians.

We speculated on the applicability of Caucasian GWAS data to non-Caucasian

DRPs.

RESULTS

Validation of previous reports in Japanese samples
First, we examined the inconsistencies in disease risk assessments.
A comparison of the results for 22 diseases is shown in Table 1. We
obtained results similar to those of Ng et al.,12 even in the three
Japanese individuals. For six diseases (rheumatoid arthritis (RA),
psoriasis, lupus, Crohn’s disease, melanoma and Alzheimer’s disease),
there were no mismatches across the three individuals. Seven diseases
(prostate cancer, heart attack, breast cancer, obesity, abdominal aortic
aneurysm, brain aneurysm and colorectal cancer) almost fully agreed
across the three individuals, with the exception of small mismatches
on average risk interpretation (m and ¼ , or k and ¼ ). Eight diseases
(T2DM, restless leg syndrome, multiple sclerosis, celiac disease, atrial
fibrillation, lung cancer, stomach cancer and age-related macular
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degeneration) had onethird or fewer mismatches of the opposite
prediction (m and k).

CR analyses
Next, we calculated the CRs of DRPs between the three companies,
comparing each company to one other company individually. We
calculated the CR after omitting NA data. The formulae are described
in the Materials and Methods section. For 23andMe and Navigenics,
the CR was 0.692, and if we ignored the mismatch with average risk
(¼ ), the CR was 0.827. For 23andMe and deCODEme, the CR was
0.783, and if we ignored the mismatch with average risk (¼ ), the CR
was 0.913. For deCODEme and Navigenics, the CR was 0.722, and if
we ignored the mismatch with average risk (¼ ), the CR was 0.815.
On the basis of these calculations, we found that 23andMe and
deCODEme were the most concordant, whereas 23andMe and
Navigenics were the least concordant in 22 DRPs.

Independency test
We conducted 2� 2 Fisher’s exact tests for each set of two DTC
companies’ DRPs for testing independence. For 23andMe and

Navigenics, both predictions were correlated (P¼ 5.3� 10�4). For
23andMe and deCODEme, both prediction results were correlated
(P¼ 1.7� 10�6). For Navigenics and deCODEme, both prediction
results were correlated (P¼ 2.8� 10�4). Therefore, each set of two
DTC companies’ DRPs was not independent; in other words, they
correlated with each other. 23andMe and deCODEme were the most
similar, whereas 23andMe and Navigenics were the least similar in
their DRPs.

k-statistics
Cohen’s k-tests revealed that k¼ 0.54 between 23andMe and Navi-
genics (P¼ 0.0006), k¼ 0.55 between deCODEme and Navigenics
(P¼ 0.0002) and k¼ 0.77 between 23andMe and deCODEme
(P¼ 7.3� 10�6). The Fleiss’ k-value for all three companies was
0.58 (P¼ 3.0� 10�10).

Increasing risk versus decreasing risk
Next, we counted the total number of increasing risks (higher risk
than average, m) and decreasing risks (lower risk than average, k) in
the three companies’ predictions for the three volunteers. We

Table 1 Consistency of predictions for the relative risks (RRs) of 22 diseases from three Japanese samples between the three DTC companies

Abbreviations: D, deCODEme; DTC, direct-to-consumer genetic test; N, Navigenics; 23, 23andMe; NA, data not available.
The up arrow represents increasing risk (RR41.05), the down arrow represents decreasing risk (RRo0.95) and the equation represents average risk (0.95pRRp1.05).
aThe three Japanese samples.
bThe predictions for East Asians are reported in 12 diseases commented on in the last column in the table.
A full color version of this table is available at the Journal of Human Genetics journal online.
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observed that the number of increasing risks was 54 and the number
of decreasing risks was 105 (Table 1). Therefore, we observed that
each company reported protective test results (decreasing risks) nearly
two times more frequently than susceptible test results (increasing
risks).

Distributions of RRs
Next, we visualized disease risk distributions to determine the
characteristics of variations of the three DTC companies’ risk
predictions. We compared these differences by plotting minimum,
maximum and average values of RRs for each of the three samples for
22 disease conditions. The results are shown in Figure 1.

The predictions by the three companies were related but not
identical. Variations between minimum and maximum disease RRs
varied widely from disease to disease, and the three DTC companies
exhibited different variations. Navigenics had the largest variation
of RRs in the three DTC companies’ predictions, followed by
deCODEme and 23andMe. Celiac disease had the largest variation
of all the 22 diseases, followed by macular degeneration and
Alzheimer’s disease. Abdominal aortic aneurysm had the smallest
variation of all the 22 diseases, followed by psoriasis, RA and obesity.

Increasing risk versus decreasing risk in RR distributions
Next, we calculated the average RRs of the three volunteers based on
the algorithms of each of the companies. The average RRs calculated
from the results of 23andMe, Navigenics and deCODEme were 0.95,
0.96 and 1.03, respectively, and the combined average RR of all three
companies was 0.98. We also calculated the average RRs for RR41
(susceptible test results) and the average of inverse of RRs for RRo1
(protective test results). In RR41, the average RRs calculated from

the results of 23andMe, Navigenics and deCODEme were 1.63, 1.82
and 1.76, respectively, and the combined average RR of all three
companies was 1.74. In RRo1, the average of inverse of RRs
calculated from the results of 23andMe, Navigenics and deCODEme
were 2.20, 2.73 and 1.72, respectively, and the combined inverse of RR
of all three companies was 2.22.

On the basis of above calculations, we observed that Navigenics had
the largest variation in RR (2.73� 1.82¼ 4.97), whereas deCODEme
had the smallest variation in RR (1.72� 1.76¼ 3.03). We also
observed that the average RR where RRo1 had the larger deviation
(2.22) compared with that of the average RR where RR41 (1.74).

Figure 1 Relative disease risk distributions assigned by the three direct-to-consumer genetic test (DTC) services for a series of diseases. The relative risk

(RR) (log-scale) distributions assigned by the three DTC services for the 22 disease conditions in the three Japanese samples are shown. The blue, red and

green bars represent the disease risk variation (from minimum to maximum values in the three Japanese individuals’ log-scale RRs) for 23andMe,

Navigenics and deCODEme, respectively. Values in parentheses indicate the number of single nucleotide polymorphisms (SNPs) analyzed.

Figure 2 Single nucleotide polymorphism (SNP) selections by the three

direct-to-consumer genetic test (DTC) services. Histograms of the number of

SNPs selected by 23andMe, Navigenics and deCODEme for 22 diseases.
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Root cause analyses of discrepancy
We then investigated the origin of these discrepancies. These
mismatches could be attributed mainly to differences in the SNPs
used in the calculation, the reference population used, different
risk assignment methodologies and adjustment for ethnicities, as
discussed below.

SNP selection
The first reason for the different risk assessments was the evaluation
of different SNPs (Figure 2). For the 22 conditions covered by the
three companies, only 18 out of 254 (7.1%) SNPs were reviewed by all
companies, whereas 177 out of 254 (69.7%) SNPs were reviewed by
only a single company (Figure 2). These 18 core SNPs shared by the
three companies are listed in Table 3. Only 12 out of 22 diseases had
core SNPs shared by the three companies. 23andMe and Navi-
genics had several overlaps, sharing 39 out of 192 SNPs (20.3%);
deCODEme and Navigenics shared 39 out of 207 SNPs (18.8%);
and 23andMe and deCODEme also shared 39 out of 208 SNPs
(18.8%). Table 2 shows the number of SNPs for each of the 22
diseases covered by the three companies. Each company used a
different number of SNPs in 19 out of 22 diseases except for 3
diseases: Alzeheimer’s disease, atrial fibrillation and psoriasis. We also
showed expanded surveys of the differences in core SNPs listed in the
example of T2DM (Supplementary Tables 1 and 2).

A list of 132 total SNPs was created from SNPs reviewed by the
NIH GWAS catalog and four consumer genomic service providers,
that is, deCODEme, Navigenics, 23andMe and Pathway Genomics.
Supplementary Table 1 lists the top 27 SNPs, that is, those listed by
more than one organization. Only 2% (3 of 132) of SNPs were listed
by all five organizations, 3% (4) were listed by four entities, 8% (10)
were listed by three organizations and an additional 8% (10) were
listed by two organizations. The top seven SNPs were listed by four or

five of the organizations. These SNPs were located in several genes
associated with underlying physiological aspects of T2DM, including
HHEX, IGF2BP2, JAZF1, KCNQ1, PPARG, SLC30A8 and TCF7L2. We
also examined the statistics of SNP selections based on reference
citations (Supplementary Table 2). Of 74 total studies cited by the five
organizations in their T2DM analyses, Supplementary Table 2 lists the
15 that were listed by more than one organization. Metrics similar to
Supplementary Table 1 can be seen. No single study was cited by all
five organizations, only one study was cited by four organizations,14

five studies were cited by three organizations and nine studies were
cited by two organizations. Eighty percent of the studies (59) were
cited only by one organization, in this case, mostly by 23andMe.

Ethnicity adjustment
Ethnicity is important for DRP. Twelve out of the 22 disease
predictions were customized for East Asian reports (Table 1). Only
deCODEme provided different unique SNP marker sets for East
Asians for 10 out of the 22 diseases. 23andMe customized the DRPs
for East Asians in five out of the 22 diseases. Navigenics provided
DRPs only for Caucasians. Table 3 also shows the differences in real
allele frequencies between Japanese and Caucasian individuals for
each of the core SNPs. RAFs for each of these diseases were very
different in Japanese and Caucasian individuals. We also noted that
the average RAFs of these core SNPs were o.5. This was consistent
with NIH GWAS research database (http://www.genome.gov/GW/
GWAStudies). RAF (p) is one of the most critical parameters for
DRPs (absolute risk, d1, d2 and d3) in each DTC company’s prediction
algorithm. Differences of RAFs between Caucasian and Japanese
individuals in core SNPs for several diseases are important for
understanding ethnic impact on DRP.

Average risks
DTC genomics companies did not always use the same values for the
average risk of the overall population. Some of the biggest differences
were for obesity (ranging from 34–64% in men and 32–59%
in women), T2DM (ranging from 25–40% in men and 21–30%
in women) and Alzheimer’s disease (ranging from 6–9% in men and
7–17% in women; Supplementary Table 3). Differences in average
risks between European and Asian individuals in the report from
23andMe for four disease conditions are also shown in
Supplementary Table 3. For example, the difference in prostate cancer
was large (17.8% for European individuals versus 11.2% for Asian
individuals), whereas the difference in T2DM was small (25.7% for
European men versus 27.8% for Asian men and 20.7% versus 21.9%
for European and Asian women, respectively).

Risk prediction algorithms
The final reason for the different risk interpretations was their
differences in risk assessment technologies. 23andMe and Navigenics
provided a composite risk score for each condition using different
multiplicative approaches. 23andMe took the product of recentered
ORs for all relevant SNPs and multiplied this value by the average
population risk to estimate an individual’s absolute risk. Navigenics
used a proprietary analysis method that implemented genetic
composite index numbers. Supplementary Table 4A–C shows exam-
ples of simulations using the differences in predictions (d1, d2 and d3:
absolute risks for each genotype) between 23andMe and deCODEme
given by the same parameter sets: RAF (p), average risk (q) and
OR (r). For q¼ 0.01, both predictions were almost the same. The d1

of deCODEme was slightly lower than that of 23andMe, and the d3

of deCODEme was slightly higher than that of 23andMe.

Table 2 Comparison of SNP selections for the 22 diseases by the

three DTC companies

Disease name 23andMe Navigenics deCODEme

Alzheimer’s disease 2 2 2

Atrial fibrillation 2 2 2

Colorectal cancer (colon cancer) 4 5 2

Brain aneurysm 7 1 1

Restless legs syndrome 1 3 5

Psoriasis 3 3 3

Prostate cancer 12 9 15

Multiple sclerosis 2 3 8

Lupus (systemic lupus erythematosus) 6 10 13

Heart attack (coronary disease) 15 2 3

Crohn’s disease 12 27 30

Celiac disease 4 10 8

Osteoarthritis 2 2 0

Obesity 2 2 11

Lung cancer 1 1 4

Abdominal (aortic) aneurysm 2 1 3

Melanoma 3 2 0

Stomach cancer 1 1 0

Age-related macular degeneration 5 6 1

Rheumatoid arthritis 9 5 2

Type 2 diabetes 13 18 12

Breast cancer 8 0 6

Abbreviations: DTC, direct-to-consumer genetic test; SNP, single nucleotide polymorphism.
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When q¼ 0.1, both predictions were considerably different. The
difference between both predictions was larger when q or r was large.

DISCUSSION

Here, we extended the methodology of Ng et al.12 and observed the
distributions of disease risk assessments for three DTC companies
using three Japanese samples.

Our observations and systematic analyses of the three DTC
companies demonstrated the following:

� Our independency test showed that the overall prediction results
from the three DTC companies for three volunteers in 22 diseases
were correlated with each other. k-statistic analyses showed that
the agreement between each set of two DTC companies’ DRPs and
among all three companies’ DRPs was better than chance (all k
P-valueso0.01). However, they were not perfectly matched; less
than onethird mismatching of the opposite prediction occurred
in eight diseases. The consistency of predictions among the three
DTC companies varied depending on the disease.

� Four factors may explain the different predictions: SNP selection,
average risk, ethnicity adjustment and prediction algorithms. In
particular, the core SNPs were important for producing a better
prediction consensus. Only 18 out of 254 (7.1%) SNPs over 22
diseases were reviewed by all three companies.

� The number of predictions for decreasing risks was less than two
times greater than the number of predictions for increasing risks for
the 22 diseases. The RRs for reporting increasing risks had larger
deviations from average than those for reporting decreasing risks.

Thus, discrepancies in predictions also occurred in Japanese
individuals, similar to the report by Ng et al.12 However, our
results are slightly different from theirs; specifically, the CR was
improved in our results. The 2-year period between our study and the
study by Ng et al. may have allowed for improved predictions by the
DTC companies and hence more consistent results. However, similar
to the report by Ng et al.,12 certain diseases exhibited better prediction
agreements than others. For example, predictions for RA completely
agreed among the three companies for all individuals. In contrast,
although Ng et al. reported that 50% or less of the predictions agreed
between the two companies across individuals for seven diseases,12 we
did not observe large mismatches in three of the seven diseases: lupus,
heart attack and Crohn’s disease. We also observed mismatches in
four of the seven diseases: T2DM, restless legs syndrome, psoriasis and
prostate cancer, consistent with their report. Moreover, although Ng
et al.12 reported a perfect consensus in multiple sclerosis and celiac
disease, we observed some mismatches.

Imai et al.15 reported that CRs between the three DTC companies
for SNP genotyping data were 499.6%. We also validated that

Table 3 SNP lists shared by the three DTC companies and RAFs for Japanese and Caucasian individuals

Disease name Gene SNP ID Risk allele RAF (JPT) RAF (CEU) Reference (PMID)

Alzheimer’s disease APOE rs7412 e4 0.947 NA 9343467

17474819

APOE rs429358 e4 0.011 NA 9343467

17474819

Atrial fibrillation 4q25_1/PITX2 rs2200733 T 0.469 0.115 17603472

4q25_2 rs10033464 T 0.279 0.097 17603472

Colorectal cancer (colon cancer) SMAD7 rs4939827 T 0.173 0.473 17934461

18372901

Prostate cancer 8q24_R3 POU5F1P1 rs6983267 G 0.301 0.487 17401363

20676098

8q24 (region 1) rs1447295 A 0.186 0.071 17401363

20676098

17q12-TCF2 rs4430796 A 0.344 0.509 17603485

20676098

Multiple sclerosis IL7RA rs6897932 C 0.817 0.757 17660530

Lupus (systemic lupus

erythematosus)

STAT4 rs7574865 T 0.355 0.23 18204098

19838195

Crohn’s disease PTGER4(5p13) rs17234657 G 0.00 0.168 17554300

17554261

Celiac disease HLA-DQA1(HLA-DQ2.5) rs2187668 A 0.031 0.08 17558408

Breast cancer 16q12 region(TNRC9/TOX3) rs3803662 T 0.575 0.248 17529967

Abdominal (aortic) aneurysm 9p21(CDKN2A / CDKN2B) rs10757278 G 0.528 0.509 18176561

Rheumatoid arthritis STAT4 rs7574865 T 0.355 0.23 17804842

17932559

Type 2 diabetes IGF2BP2 rs4402960 T 0.699 0.704 18469204

18162508

HHEX rs1111875 C 0.332 NA 18469204

18162508

SLC30A8 rs13266634 C 0.553 0.761 18469204

17460697

Average RAF 0.39 0.36

Abbreviations: DTC, direct-to-consumer genetic test; NA, data not available; RAF, risk allele frequency; SNP, single nucleotide polymorphism.
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genotyping results for shared SNPs for each set of two companies for
the 22 disease predictions were perfectly matched. Risk assessment
differences among three companies may be because different SNPs
were used to calculate risk for the same disease.15 This suggestion
was confirmed by the fact that, although low prediction consensus
diseases, such as T2DM and prostate cancer, were predicted with very
different numbers of SNPs for each of the three companies, high
prediction consensus diseases, such as Alzheimer’s disease, shared
the same SNP markers among the three companies. However, the
number of markers in common did not necessarily correlate with a
better prediction agreement, as Ng et al.12 suggested. For example, RA
predicted by very different numbers of SNPs achieved perfect
consensus predictions in this study. This perfect agreement may be
because of the consensus of one strong-effect marker. Ng et al.12

suggested that when the DTC companies did not use the same
strong-effect markers, large differences in predictions occurred. We
confirmed this for three mismatched diseases: restless leg syndrome,
obesity and lung cancer, where there were no core SNPs shared by
the three companies. Moreover, we found that only 7.1% of SNPs
over 22 diseases were shared by all three companies. This was
probably the most important factor for mismatch prediction.

Expanded comparative analyses for SNP selections with the
addition of the NIH GWAS catalog and four DTC services yielded
similar results for all disease conditions, and only a very small
percentage of total SNPs associated in different studies were listed by
the majority of organizations reviewing the condition. These core
SNPs might be important for DRPs.

Most common disease conditions are polygenic, involving multiple
genes and SNPs. Although research has focused on finding one or a
few SNP associations, a comprehensive view of the polygenic landscape
of genes relating to a particular condition has not been taken. An
overall view of the most relevant SNPs and a composite of their
quantitative risk score has been a barrier in establishing validity and
utility in personalized genomics.10 An important challenge is
compiling a list of all SNPs related to a condition. This SNP list
could then be sorted for SNP quality, with granular parameters such as
higher weighting for more important SNPs as determined by ORs, P-
values or other metrics, or by some other technique. Adjustments
could be made for SNPs in linkage disequilibrium, where many SNPs
in the same region provide essentially the same information. An
understanding of the core SNPs involved in a condition could advance
our understanding of how SNPs operate together systemically, which
along with epigenetics, structural analysis and exome and whole-
human genome sequencing could lead to a more comprehensive
means of determining the causality of common disease.

Average risk is another important parameter for DRP, especially as
absolute disease risk is derived from RR and average risk. We
compared the average risks of the three DTC companies in the same
disease conditions and found considerable differences in certain
disease conditions, including T2DM and Alzheimer’s disease. Average
risk varies depending on how one defines the population.12

For example, Navigenics and deCODEme apply one average risk
value each for men and women, whereas 23andMe provides different
risk assignments by age tier (for example, the incidence of T2DM
increases with age). This ambiguity in the definition of a ‘population’
should be carefully considered when we interpret absolute disease
risk.12 There are also differences in phenotype definitions, and
application of the same phenotype definition may result in different
risk estimates.10 Increasing consistency in selecting the most accurate
references for average risk is therefore important. Currently, most
underlying research studies have been carried out in Western

European (Caucasian) populations. Thus, expanding GWAS
research to other non-Caucasian populations is important.

Even when the same core SNPs and average risks were used for the
predictions, differences in parameter settings and algorithms may
affect consistency. The three companies investigated here used similar
prediction algorithms, but required three critical parameters for risk
prediction: RAF (p), average risk (q) and OR (r). We found that the
parameter sets for q and r were not always the same among the three
companies. Reliable standardized data sets for q and r were important
for better prediction agreements. Although we chose the same
parameter sets (p, q and r), we found that prediction results (absolute
risks, d1, d2 and d3) were different in certain cases, based on
differences among their prediction algorithms. Navigenics used the
most complex mathematical formula for solving simultaneous
mathematical equations, and deCODEme used the simplest formula,
assuming that the OR was nearly equal to the risk ratio. The methods
for generating composite risk scores for disease conditions from the
multiple SNP markers were also similar, but slightly different among
the three companies. Our computer simulations showed that when q
or r was larger, the difference of prediction results (d1, d2 and d3) was
larger; alternatively, it was small when q was small. Thus, development
of reliable prediction algorithms and evaluation of the reliability of
the DRP is critical for future research.

Ethnicity was also a crucial issue. As the RAF (p) varied among
different ethnicities, the reference population also had an influence on
relative DRPs. Actually, the RAF (p) was different for Japanese and
Caucasian individuals in core SNP markers for each disease. Ethnicity
differences affect DRPs in T2DM.16 Navigenics does not provide
reports specifically for Asian individuals, whereas 23andMe provides
three reports (for T2DM, RA and prostate cancer) specifically for
Asian individuals. Thus, establishment of reliable risk assessment
methods for all ethnicities is required.

Risk assessments for each ethnicity are important, but only limited
data are currently available. When we consider cases in which
Caucasians’ GWAS data are applied for Japanese individuals, RAF
(p) and average risk (q) should be obtained from Japanese (or at least
East Asian) data. RAF (p) can be currently obtained from the Hapmap
database. The impact of p for DRP (absolute risk, d1, d2 and d3) was
larger, and, in particular, the average risk (q) was larger. Although we
currently do not have consensus for universal data sets for average
risks (q), standardization of reliable epidemiological data for non-
Caucasians is important. It is also imperative to understand the
mathematical basis for how RAF (p) and average risk (q) affects DRPs
(absolute risk, d1, d2 and d3). We will explore this in our future work,
for understanding basic mechanisms of reliable gold-standard DRPs.

In conclusion, establishing a universal core list of disease-associated
SNPs for non-Caucasians is critical for better predictions, for which
more genome-wide studies in these populations are needed. We
recommend that DTC companies and the research community
continue to investigate and share reliable and useful data sets for
non-Caucasian ethnicities.
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