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Abstract

Purpose—The promise of personalized genomics for common complex diseases depends, in
part, on the ability to predict genetic risks on the basis of single nucleotide polymorphisms. We
examined and compared the methods of three companies (23andMe, deCODEme, and Navigenics)
that have offered direct-to-consumer personal genome testing.

Methods—We simulated genotype data for 100,000 individuals on the basis of published
genotype frequencies and predicted disease risks using the methods of the companies. Predictive
ability for six diseases was assessed by the AUC.

Results—AUC values differed among the diseases and among the companies. The highest values
of the AUC were observed for age related macular degeneration, celiac disease, and Crohn
disease. The largest difference among the companies was found for celiac disease: the AUC was
0.73 for 23andMe and 0.82 for deCODEme. Predicted risks differed substantially among the
companies as a result of differences in the sets of single nucleotide polymorphisms selected and
the average population risks selected by the companies, and in the formulas used for the
calculation of risks.

Conclusion—Future efforts to design predictive models for the genomics of common complex
diseases may benefit from understanding the strengths and limitations of the predictive algorithms
designed by these early companies.

INTRODUCTION

It is envisioned that genome testing will personalize medicine, not only for the diagnosis and
treatment of monogenic or Mendelian disorders, but also for the prevention of common
complex diseases such as type 2 diabetes, age-related macular degeneration, and heart
attack. Since 2007, personal genome tests have been offered directly to consumers via the
Internet to educate and empower consumers about the risk of common diseases.1™

Common complex diseases are caused by an interplay between multiple genetic and non-
genetic factors.®> Genomewide association studies are rapidly discovering variants implicated
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in common disease but to date still leave a large part of the heritability unexplained because
the identified single nucleotide polymorphisms (SNPs) generally have minor effects on
disease risk.5 Consequently, genetic risk models based on known SNPs typically have a low
to moderate predictive ability for most diseases. Exceptions do occur when one or more
variants have a strong effect on disease risk, as in age-related macular degeneration and type
1 diabetes.>":8

The predictive ability of direct-to-consumer personal genome tests has not been
demonstrated in empirical studies. Insights concerning the concordance of personal genome
tests conducted by different companies are available from a few reports of individuals who
had sent their saliva to more than one company.?10 These reports showed that predicted
risks differed among companies and were divergent for some traits in some individuals.?:1
Differences in predicted risks were attributed to variations in the selection of the SNPs used,
their effect sizes, and the average population risks of disease that were used to calculate
disease risks.211-13 As genotyping and sequencing become less expensive, they will be
entering the medical mainstream. The methods used for estimating the predictive ability of
common variants to generate risk information will be an important concern. In anticipation
of this, we conducted an in depth analysis and comparison of the approaches of the
companies that pioneered the predictive use of genotyping in order to better understand the
strengths and limitations of the methods they used to compute estimates.

We assessed and compared predicted risks and the predictive ability of personal genome
testing offered by three companies: 23andMe, deCODEme, and Navigenics. The study was
conducted in a hypothetical population of 100,000 individuals. Predicted risks were
calculated using the methods of the companies, which were obtained from their websites.
The predictive ability of the genetic risk models was quantified by the area under the
receiver operating characteristic curve (AUC).

MATERIALS AND METHODS

Predicted risks and the predictive ability of personal genome tests from 23andMe,
deCODEme, and Navigenics were assessed for six diseases: age-related macular
degeneration, atrial fibrillation, celiac disease, Crohn disease, prostate cancer, and type 2
diabetes, which for all companies constitute a subset of all diseases tested. These diseases
were chosen because of differences in the effect sizes of the SNPs discovered to date and
differences in average population risks. Age-related macular degeneration and celiac disease
are influenced by a few SNPs with strong effects on disease risk, whereas the other diseases
are influenced by many SNPs with relatively weak effects. Celiac disease and Crohn disease
are rare disorders, whereas the others are more common.

Because there are no prospective empirical data on the predictive ability of personal genome
tests, we used hypothetical data to answer our research questions. A detailed description of
the construction of the data sets, the calculation of predicted risks, and our efforts to verify
correct interpretation of the risk calculation methods is provided in the Supplementary
Materials and Methods online.

Simulated data

Construction of genotype data—Simulated data sets were constructed using a
modeling procedure that has been validated and described in more detail elsewhere.1415 In
short, this procedure creates genotypes for a hypothetical population of 100,000 individuals.
For each SNP, genotypes are assigned randomly to individuals in such a way that genotype
or allele frequencies in the 100,000 individuals match prespecified input values (see
Supplementary Materials and Methods online).
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Calculation of predicted risks—Predicted risks were calculated using the methods of
23andMe, deCODEme, and Navigenics, which were described on their websites or in
downloadable white papers.16-18 To calculate disease risks, all three methods require
information on the average “population risk” and on the odds ratios and genotype or allele
frequencies of the SNPs included in the test. The average population risks and the SNPs
were obtained from the websites of the companies, and the odds ratios of the SNPs were
extracted from the scientific studies referenced on the websites (accessed January 2012).1-3
Genotype and allele frequencies were obtained from HapMap release 24 for 23andMe, cited
scientific studies for deCODEme, and the company’s website for Navigenics. The
companies first compute the likelihood ratio or relative risk for each SNP using the odds
ratio and genotype or allele frequencies. To generate predicted risks, these likelihood ratios
or relative risks are combined with the average population risk (see Supplementary
Materials and Methods online). All risks were calculated for Caucasian men.

Data analysis

RESULTS

To compare predicted risks among the three companies, we constructed one large data set
with genotypes for the 113 SNPs tested by the three companies for all six diseases on the
basis of genotype frequencies from HapMap release 28. For each individual, predicted risks
were obtained using the formulas of the three companies, which yielded 18 predicted risks
(6 diseases x 3 companies) per person.

To assess and compare the predictive ability, we used the genotype frequencies that the
companies each used for the calculation of the likelihood ratios or relative risks (see above).
Hence, we constructed hypothetical populations for each company and each disease
separately. The predictive ability was quantified by the AUC.1° The AUC values range from
0.5 (random prediction) to 1.0 (perfect prediction). The AUC represents the probability that
a random individual who will develop the disease has a higher predicted risk than a random
individual who will not develop the disease. For the calculation of the AUC, disease status
was randomly assigned to individuals on the basis of their predicted risks, in such a way that
for individuals with the same disease risk, the percentage of individuals who will develop
the disease equals that risk when the subgroup of individuals with that risk would have been
sufficiently large.14 In other words, the simulation method assumes perfect calibration of the
prediction models. To illustrate the predictive ability, we obtained the distribution of
predicted risks for people who will develop the disease and those who will not across the
three risk categories that 23andMe distinguishes in the presentation of disease risks on the
personal webpages of their consumers. The thresholds for these categories of decreased,
typical, and elevated risk are 20% below and above the average population risks (relative
risks 0.83 and 1.2).1

Finally, we assessed the agreement between the companies in classifying each individual to
the same risk category. We used the original large data set, constructed for the comparison
of predicted risks among the companies, to assess the agreement in classification across the
three risk categories that 23andMe distinguishes. All analyses were performed using R
version 2.12.1.20

Table 1 shows that 23andMe, deCODEme, and Navigenics used similar average population
risks for the prediction of disease risks, except for age-related macular degeneration and
celiac disease. For celiac disease, deCODEme used an average population risk that was
eightfold higher than that used by 23andMe and 16-fold higher than that used by
Navigenics. The number of SNPs that were used for the calculation of the risk varied
substantially among the companies. For the calculation of type 2 diabetes risks, 23andMe
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used 11 SNPs, deCODEme 21, and Navigenics 18; and for prostate cancer the companies
used 12, 26, and 9 SNPs, respectively. For four diseases, deCODEme used the most SNPs,
and for all six the company used twice as many SNPs as 23andMe used. The Supplementary
Table S1 online shows that most SNPs tested by 23andMe or Navigenics were tested by two
or more companies but that deCODEme tested many SNPs that were not covered by the
other companies.

Table 2 shows that for each disease the AUC of the tests differed among the companies. The
largest difference was observed for celiac disease (0.73 for 23andMe and 0.82 for
deCODEme). The AUC values were also substantially different among the diseases. The
AUC values were around 0.80 for age related macular degeneration, celiac disease, and
Crohn disease, but only around 0.60 for atrial fibrillation, prostate cancer, and type 2
diabetes. Table 3 illustrates the predictive ability using the risk categories defined by
23andMe. When the AUC values are higher, individuals who will develop the disease more
often have elevated risks and individuals who will not develop the disease more often have
decreased risks of disease. When the AUC values are closer to 0.50, the distribution of
predicted risks across the risk categories is more similar, which reflects that the risk model
does not discriminate between the two groups.

Figure 1 and Supplementary Figure S1 online show comparisons of predicted risks from the
three companies for individual consumers. The strongest agreement in predicted risks was
observed for atrial fibrillation, for which 23andMe and Navigenics predicted similar risks
based on the same SNPs, but many consumers received substantially different risk
assessments from the companies for other diseases. For example, for Crohn disease,
23andMe used variants that had higher effect sizes than those used by Navigenics and
variants that were not covered by deCODEme (see Supplementary Table S1); and for celiac
disease, deCODEme predicted higher risks than 23andMe due to the higher average
population risk that was used in the calculation (Table 1).

Figure 1 also shows that both deCODEme and Navigenics used formulas that allowed
predicted risks to be >100%. The highest risks in our hypothetical population, 327% by
deCODEme and 193% by Navigenics, were predicted for age-related macular degeneration.
We examined the extent to which differences in the formulas could explain the prediction of
risks >100% by applying the three formulas to the input data (average population risk, odds
ratios, and allele frequencies of the SNPs) of 23andMe (see Supplementary Figure S2
online). Supplementary Figure S2 shows that, in the range of higher predicted risks, the
formulas of deCODEme and Navigenics produced higher risks than those of 23andMe and
that these risks could exceed 100%, as was shown for atrial fibrillation and prostate cancer.

Finally, again using the risk categories defined by 23andMe (see Materials and Methods
section), we investigated the extent to which the three companies assigned individuals to the
same risk category (Table 4). The highest concordance was observed for celiac disease, for
which 89.0% of the individuals were assigned to the same risk category (75.3% as decreased
risk and 13.8% as elevated risk), which is explained by the fact that all three companies test
for the same variant that had a strong effect. For other diseases, concordance ranged from
33.6% (prostate cancer) to 68.0% (age-related macular degeneration). In most other
instances, two companies assigned an individual to the same risk category and the third
company predicted an average risk. Yet, for Crohn disease, age-related macular
degeneration, and prostate cancer, 27.1%, 19.9%, and 15.5% of the individuals, respectively,
were predicted opposing risks by at least two companies.

Genet Med. Author manuscript; available in PMC 2014 January 08.
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DISCUSSION

In 2008, 23andMe, deCODEme, and Navigenics, in collaboration with the Personalized
Medicine Coalition, published a white paper in which they described the strategies they used
for calculating genetic risks of disease.2! The companies explained and acknowledged that
they use different SNPs, average population risks, and formulas to obtain predicted risks for
consumers. Our analyses show that these differences in the SNPs, average population risks,
and formulas yield substantial differences among the companies in the predictive ability for
each disease and in predicted risks for individual consumers.

Before commenting on our results, three methodological issues may require further
elaboration. First, we used simulated data to investigate the predictive ability of personal
genome tests, because evidently empirical data were not available. On the basis of published
genotype frequencies, we constructed genotype data for a hypothetical population of
100,000 individuals under the assumption that genetic variants inherit independently.
Although this simulation method assumes perfect calibration of the risk models, which
theoretically might lead to overestimation of AUC, we recently showed that this modeling
approach was able to accurately replicate the AUC values of empirical prediction studies.1®
We therefore believe it is reasonable to assume that the use of simulated data does not
distort the results of this study. Second, we applied the risk categories utilized by 23andMe,
which have relatively low thresholds to define risks as being decreased or increased. When
individuals are easily classified in the very broad decreased or elevated risk categories, the
agreement in assigning an individual to the same risk category, as presented in Table 4, is
likely overestimated. And third, all companies in our study provide regular updates of risk
predictions to consumers when new SNPs are discovered or when better epidemiological
data are available.22 We performed our analyses in January 2012 and verified all input data
in December 2012. The most important change in that period was that Navigenics was
acquired by Life Technologies and deCODEme by Amgen, and both no longer offer
personal genome testing.2-3 23andMe had updated the prediction of age related macular
degeneration by the addition of two SNPs.? Our results should therefore be interpreted as a
historical comparison of direct-to-consumer personal genome testing and as an illustration of
how differences in the sets of SNPs selected, the average population risks, and the formulas
used for the calculation influence predicted risks and the predictive ability of personal
genome tests.

The predictive ability of genetic tests as assessed by the AUC indicates the extent to which
the test, at the “population” level, can discriminate between people who will develop the
disease and those who will not. In contrast, a comparison of predicted risks indicates the
extent to which “individual” consumers receive different predicted risks from the
companies. Our study showed that the predictive ability differed among the companies for
each of the diseases, and that differences in predicted risks were substantial even when tests
had similar predictive ability. We also observed that, in exceptional cases, predicted risks of
deCODEmMme and Navigenics could exceed 100%. We investigated three main factors that
have an impact on predictive ability and predicted risks and that might explain these
observations.

First, the companies included a different number of SNPs in their genetic risk models. For
most diseases, the tests of deCODEme included the same SNPs as 23andMe and Navigenics,
as well as additional SNPs that were not covered by the others. More SNPs generally
implies more differentiation in predicted risks, as indicated by a higher AUC, and gives
different risk predictions for individual consumers. For example, 23andMe and Navigenics
predicted similar risks for atrial fibrillation (both AUC = 0.58) because both considered the
same two SNPs, whereas deCODEme considered four additional SNPs that introduced more
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variability in predicted risks and led to slightly higher predictive ability (AUC = 0.62; Table
2 and Figure 1). Note that tests with the same AUC do not necessarily predict the same risks
at the individual level. Despite similar AUC values (0.61 and 0.60), 23andMe and
Navigenics predicted markedly different risks for prostate cancer. In general, similar AUC
values mean that the tests perform equally in identifying at-risk individuals at the population
level, but individual consumers may be selected in the at-risk group on the basis of one test
and not on the other when the predictive ability is not perfect, and the tests consider different
risk factors. This may even occur when the AUC of the test is high, as was demonstrated for
age related macular degeneration, for which 20% of the consumers received risks in
opposite risk categories (Table 4). Therefore, even tests that have appreciable predictive
ability at the population level may have contradictory results for individuals.

Second, all three companies used an estimate for the population disease risk as the starting
point for their predictions. Some of these averages were relatively similar, but others were
markedly different. For age-related macular degeneration, average risks were up to 2.5-fold
higher, and for celiac disease up to 16-fold higher among the companies. Differences in
average risks do not affect the predictive ability of the test, because they increase or
decrease risks of the entire population to the same extent, but they do have an impact on
actual values of predicted risks. This was most clearly demonstrated for celiac disease, for
which almost all predicted risks by deCODEme were higher than those predicted by
23andMe and Navigenics, because their average population risk was up to 16-fold higher.
The companies have likely used different epidemiological studies to obtain their estimates,
but it is unlikely that differences in study population and design can explain the large
differences in the average population that are used. It is more likely that some are prevalence
and others are incidence estimates, or that the estimates are obtained from studies with
different follow-up times, yielding different proxies for the lifetime risk. These inferences
raise the question of whether the companies are calculating risks on the basis of information
that is relevant to their consumers. Most genome-wide association studies are conducted in
Caucasian populations, and the odds ratios from these studies may not be relevant for other
ethnicities. Also, the companies used average estimates of lifetime risks and did not take age
into account for the calculation of risk, but the remaining lifetime risks are not the same for
20- and 60-year-olds. And consumers might be more interested in short-term, e.g., 10-year,
risks than lifetime risks, because these better reflect the risk of becoming ill at younger ages.
A more in-depth reflection is needed on what risks are most appropriate to return in personal
genome testing.

And third, the companies applied different formulas, which affected the exact prediction of
risks. A difference among the formulas is that deCODEme multiplied the likelihood ratio of
a genotype combination (genetic profile) by the average risk, Navigenics multiplied the
relative risk by the lowest possible risk, where 23andMe multiplied the likelihood ratio by
the average odds.16-18 These approaches yield similar predictions for lower risks, but the
formulas of deCODEmMme and Navigenics appear to overestimate risks when predicted risks
are higher. This difference in the calculation also results in scenarios in which predicted
risks might become >100% for deCODEme and Navigenics (Figure 1), an observation that
was previously made in a study on breast cancer risk.23 The strategy of 23 and Me follows
the widely accepted Bayes’ theorem, which is in line with logistic regression and which
prevents the resulting risks from exceeding 100%. DeCODEme multiplied likelihood ratios
by the average risk, which is only appropriate when risks are small (see Supplementary
Figure S2 online). Finally, Navigenics multiplied relative risks by the lowest possible risk, a
method that becomes computational infeasible on a standard computer for risk models that
involve more than 14 SNPs. The question of which method is the most appropriate is
difficult to answer, because it is unknown which model best reflects the underlying
biological pathways to disease.24 Choosing the most appropriate computational method may
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improve calibration of risks, and potentially the predictive ability, but this improvement is
likely minimal as compared with the improvement that could have been achieved if non-
genetic risk factors were considered in the prediction of disease.

The differences in the selected SNPs, average disease risks, and formulas have different
impacts on the predicted risks and the AUC values. They all determine the exact values of
the predicted risks, but only the selected SNPs have an impact on AUC values. In general,
the more SNPs included in the risk model and the higher their odds ratios and genotype
frequencies, the higher the value of the AUC. Differences in average risks and in the
formulas do not affect the AUC values because AUC is essentially a rank test, and these
differences do not change the rank order of the predicted risks. The differences in allele
frequencies and odds ratios, given that the companies used different sources to obtain this
information, would seem to be a possible explanation for the observed differences in the
AUC values. Yet AUC is known to be relatively insensitive and unable to detect minor
improvements of risk models.2® The differences in odds ratios and allele frequencies were
likely too minor to cause variation in the AUCs. The differences in the AUCs among the
companies are predominantly explained by the selection of the SNPs.

In the absence of prospective empirical data, our study provided insight into the
methodology and performance of risk estimation for personal genome tests. We showed that
the predictive ability of personal genome tests and the predicted risks for individual
consumers differed among the companies due to the differences in the SNPs selected, the
average population risks, and the formulas. For six diseases, we showed that the personal
genome tests of the three companies had limited predictive ability (atrial fibrillation, type 2
diabetes, and prostate cancer), a considerable (20-27%) probability of receiving “opposite”
predictions (age-related macular degeneration and Crohn disease), or substantial differences
in absolute risks at the individual level (celiac disease). These observations on the variation
and pitfalls in disease risk predictions by personal genome tests provide insights into models
of risk estimation and will inform the evolving discussion about the best use of genomic
information in the consumer marketplace and in the practice of medicine.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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23andMe

Crohn disease

Figure 1. Predicted risks by 23andM e, deCODEme, and Navigenics for six multifactorial
diseases

The figure shows the predicted risks for a hypothetical population of 100,000 individuals
(see Materials and Methods section). The solid line indicates when predicted risks by
deCODEmMme or Navigenics are the same as predicted risks by 23andMe. Mote than the
ranges of the axes differ among the companies. AMD, age-related macular degeneration.
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