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The Genes for Good study uses social media to engage a large, diverse participant pool in genetics research and education. Health history
and daily tracking surveys are administered through a Facebook application, and participants who complete a minimum number of sur-
veys are mailed a saliva sample kit (“spit kit”) to collect DNA for genotyping. As of March 2019, we engaged >80,000 individuals, sent
spit Kkits to >32,000 individuals who met minimum participation requirements, and collected >27,000 spit kits. Participants come from
all 50 states and include a diversity of ancestral backgrounds. Rates of important chronic health indicators are consistent with those esti-
mated for the general U.S. population using more traditional study designs. However, our sample is younger and contains a greater per-
centage of females than the general population. As one means of verifying data quality, we have replicated genome-wide association
studies (GWAS:s) for exemplar traits, such as asthma, diabetes, body mass index (BMI), and pigmentation. The flexible framework of
the web application makes it relatively simple to add new questionnaires and for other researchers to collaborate. We anticipate that
the study sample will continue to grow and that future analyses may further capitalize on the strengths of the longitudinal data in com-

bination with genetic information.
Introduction

More than 10,000 genetic loci have been successfully
linked to common and complex diseases.! In previous de-
cades, the major challenge for human genetic studies was
the cost and complexity of the genotyping itself; however,
researchers now face the bigger hurdle of obtaining large
enough samples that also include useful, linked medical
and health data. The study designs typically used to collect
such data are expensive and often exclude individuals
based on location or demographics. We reasoned that
using social media platforms would not only allow us to re-
cruit a large population cohort, but also help us to reach
populations that might not typically participate in genetic
studies due to the time commitment or distance to a
research center. Potential advantages of social media-based
study designs include the ability to reach diverse popula-
tions and the ability to engage participants in research
over time. Potential concerns include representativeness
and the ability of this approach to reproduce findings ob-
tained using more traditional designs.

We present a new study design to take advantage of
recent developments in health survey methods using
social media and widespread interest in direct-to-consumer
genetic testing.”® Genes for Good is an ongoing, large-

scale study of health, genetic, and behavioral information.
We aim to engage tens of thousands of individuals in
research through a Facebook application, reducing the
expense of traditional epidemiologic designs and the
exclusivity and high socioeconomic status associated
with current direct-to-consumer efforts.*

Our model of using social media for genetic research in-
vites participants to complete online health assessments at
their convenience, as has been successfully applied in
numerous studies of health, behavior,”> and psychology,®
including studies of rare genetic diseases (J.E. Abiad et al.,
2018, ACMG Ann. Clin. Genet. Meeting, abstract), child-
birth preferences,” and prediction of personality traits.®
When a consenting participant has completed a minimum
number of health history and health tracking surveys, they
are mailed a spit kit to collect DNA for analysis. After gen-
otyping, we test genetic variants for association with
health, disease, and environmental information collected
through online assessments.

In this paper, we demonstrate that the Genes for Good
study model is a viable complement to more traditional
research study designs. The phenotypic and genotypic
data we have collected thus far appear valid and reliable.
Further, the incentive structure of Genes for Good—
namely, altruism combined with the return of survey
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response summaries and genetic data to participants—is
effective, as demonstrated by exponential recruitment
from all 50 US states. Importantly, the recruitment
happened organically, with participants publicizing the
study through their own networks, without relying on
paid advertising. We briefly explored the use of study
recruitment websites (such as ResearchMatch®), but only
several hundred participants were recruited this way. We
also saw large influxes of participants after online articles
appeared in Reddit and Buzzfeed (Web Resources). While
resources still go toward answering questions about the
study and resolving technical issues, efficient participant
recruitment and engagement allowed us to dedicate a
larger fraction of resources to sample collection, process-
ing, and downstream analyses. The long-term goals of
the study fall broadly into five main categories: (1) to iden-
tify novel genetic loci associated with a variety of pheno-
types, (2) to longitudinally track an array of health and
behavioral measures, (3) to enable genotype-first study de-
signs (such as detailed phenotypic assessments of partici-
pants with naturally occurring knockout variants), (4) to
educate participants and make the data available to
them, and (5) to encourage data sharing among re-
searchers. Here, we present our study design and methods,
as well as initial findings about our sample demographics
and important health indicators.

One particular advantage of hosting our study on social
media is that we can reach participants in an environment
that many already visit regularly as part of their daily rou-
tines. Social media use in the US has dramatically increased
in the last decade—rising from 7% in 2005 to more than
65% in 2015 according to the Pew Research Center (see
Web Resources)—and so we have the potential to reach a
majority of the US population through our application.
In the last few years, several research groups have recog-
nized the major advantages social media offers: flexible
timing, the possibility of incentives and reminders, and
the ability to reach non-urban communities. There has
already been substantial success in recruiting for studies
via Facebook’ as well as in using it to prevent loss-to-
follow-up.'” Further, the flexible framework of Genes for
Good allows us and other research groups to continue add-
ing new surveys and activities to address future research
questions. Our study takes advantage of the opportunity
for repeated contact that social media offers and represents
the first large genetic study of tens of thousands of individ-
uals conducted via Facebook.

Considering their ubiquity and ease of use, social media
and mobile devices as research tools are important avenues
to explore further.'' However, we recognize some of the
potential disadvantages we are likely to face: (1) inaccurate
data, (2) low response rate,'” (3) high attrition, and (4) a
sample limited to those who have a Facebook account. In
the first year of the study, we prioritized testing and
combatting several of these expected limitations. With
the aforementioned challenges in mind, we implemented
various methods to assess the quality of our data. First,

we looked at common diseases and phenotypes to validate
our results—and thus our approach to data collection—by
comparing them to prior findings from traditional research
and meta-analysis designs. When expected phenotypic re-
lationships hold true, such as that between BMI and type 2
diabetes, we gain confidence in the quality of the survey re-
sponses we are collecting. Additionally, we assessed the
quality of the genetic data by replicating findings from
genome-wide association studies (GWASs) for a variety of
traits that are known to have genetic components, such
as diabetes, asthma, BMI, hair color, and eye color, con-
firming that our data yields the expected signals. We also
examined rates of chronic health conditions, such as
hypertension and diabetes, to explore how our study
participants compare to the overall U.S. population.

Material and Methods

We have implemented a large, IRB-approved genetic study using
social media. Participants must be at least 18 years old, live in the
US, and have a Facebook account. They are recruited via snowball
sampling, i.e., by finding our Genes for Good Facebook application
through friends, family, and social media connections. Once a per-
son has consented, they are invited to complete online health his-
tory assessments at their convenience. The surveys consist of health
history questionnaires, daily tracking surveys, and an optional
health conditions module in which participants can list other con-
ditions that they have. Once they have completed a minimum
number of required questionnaires, they are mailed a spit kit to
collect DNA for analysis. The cost of each participant is about
$80, which includes postage, DNA extraction, and genotyping;
there is essentially no cost associated with recruitment or data
collection. Throughout the course of the study, we have typically
employed 2-3 full-time staff (study coordinator, developers), several
graduate and undergraduate students, and a part-time administra-
tive assistant to assist with sending and receiving spit kits.

Genetic Analysis

DNA is genotyped at ~600,000 SNPs using either the [llumina In-
finjum CoreExome-24 v.1.0 or v.1.1 arrays, which include both
nonsynonymous exonic variants and a panel of common
genome-wide markers (see Web Resources). The standard set of
markers on the array is augmented with missense, loss-of-func-
tion, and potential lipid- and myocardial infarction-associated var-
iants identified in the HUNT whole-genome sequencing and
whole-exome sequencing projects;'® height-associated variants
from GIANT;'* potential stop-gain variants in 96 genes at loci
potentially implicated in type 2 diabetes, blood lipid levels, Alz-
heimer disease, nicotine/alcohol metabolism, and several others
with mutations implicated in serious but treatable health condi-
tions; complex trait-associated variants in the EBI/NHGRI GWAS
catalog;' a random subset of Neanderthal SNPs from the 1000
Genomes Project;'® ancestry informative markers identified by
Paschou et al. that were highly correlated with the principal
components of Human Genome Diversity Project samples;'® and
pain-related variants proposed by Dr. Chad Brummett of the
University of Michigan Division of Pain Research. Genotypes at
an additional >30 million variants in the 1000 Genomes Phase
3 panel'’ are imputed using Minimac3.'® After quality control,
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local genetic ancestry is estimated using REMix,'® global ancestry
with ADMIXTURE,? and principal components analysis per-
formed with TRACE,”" using the Human Genome Diversity Proj-
ect samples as a reference panel®” for all three analyses. We provide
each Genes for Good participant with a section in the app to view
these estimates of genetic ancestry on the sample they provided.

For the GWAS of Genes for Good participants’ BMI, the BMI
measurements were calculated from the height and weight survey
in the app, which was derived from height and weight question-
naires available from PhenX Toolkit.”* Weight measurements for
the first several thousand genotyped participants were bottom-
coded at 80 Ib and top-coded at 251 1b; then, the top-coded value
was changed to 381 Ib partway through the study to capture a
greater range of variation. For participants that were pregnant at
the time of answering the survey, we used their pre-pregnancy
weight obtained from the same survey. The BMI values were
then regressed on sex, age, array chip version, and the first five
principal components; the residuals were inverse-normal trans-
formed in order to compare effect size estimates to the largest pub-
lished meta-analysis of BMI** and to reduce the impact of extreme
observations. We used the SAIGE software”” to run a mixed model
GWAS, accounting for sample relatedness and population struc-
ture. Polygenic risk scores were calculated using PLINK.

Participant Engagement

We provide participants with several ways to interact with both
their own data and the research study as a whole. After each health
history survey is completed, we provide charts summarizing the in-
formation, in some cases comparing each participant’s answers to
the Genes for Good study population (example in Figure 7). Simi-
larly, for daily tracking surveys, we generate summaries of each par-
ticipant’s health behavior over time as well as summary statistics
for the entire study (example in Figure 8). In addition to providing
this ongoing feedback and summary of the survey responses, we
also offer participants who submit a sample a breakdown of their
genetic ancestry; the current version includes seven continental
human populations (Europe, Africa, East Asia, Central/South
Asia, West Asia/North Africa, Americas, and Oceania), and results
are served in the form of a global ancestry estimate, local ancestry
inference, and principal components analysis using the methods
described previously (RFMIX, ADMIXTURE, TRACE). Before seeing
their estimates of genetic ancestry, they are required to watch a
short video on how to interpret their results. Participants can also
download their array and imputed genotypes.

Privacy and Data Security
All Genes for Good data are divided into two classes: (1) personally
identifiable information, such as email addresses, Facebook user
IDs, and physical mailing addresses; and (2) research information,
such as survey responses and genetic data. Each class of data is
stored in a distinct relational database and served from a distinct
server. Extracts for outside researchers include only research-spe-
cific data. We plan to ask participants to allow use of their mailing
address to link to information such as geocode pollution, built
environment (for instance, the number of fast food outlets or pub-
lic parks within a certain radius of one’s home), and census tract
data. In these cases, the participants’ physical address would still
be withheld from external collaborators, but variables generated
using addresses could be shared upon request.

The privacy of Genes for Good data is monitored by the Univer-
sity of Michigan Institutional Review Board. All genetic and survey

results are stored in a secure server on campus that is not directly
connected to the public internet, and DNA samples are stored in
physically secure spaces with restricted access. In addition, all
archived data are de-identified to protect subject privacy including
participants’ demographic summary and genetic information.
Even though Genes for Good uses Facebook to authenticate login,
Facebook does not access information we collect through the app
and we do not use participant’s social media postings and connec-
tions in our research. We make efforts to communicate with partic-
ipants about the extensive measures we take in ensuring the
privacy of their data and to ease their worries about using social
media as a platform for genetic research.

All communication to and from the application is encrypted.
Participants are authenticated using a Facebook account and
Facebook’s OAuth implementation, ensuring that participants
have access only to their own data once inside the application.
Communication with Facebook servers is limited to authentica-
tion only; although Facebook receives and retains information
about which Facebook accounts have accessed the Genes for
Good app, all other information provided by participants is pro-
vided directly to Genes for Good servers. Facebook cannot see
any of the data entered by participants.

Once participants have their genetic data analyzed, they are
notified that they may access results inside the app with a Results
Access Code, a randomly generated alphanumeric code that must
be requested by the participant and will be delivered to the email
address on the participant’s Genes for Good profile. Participant
genotype data is processed internally on University of Michigan
servers and is distributed to participants upon request via Box, a
secure third-party file-sharing platform. Participants may request
their raw genotypes as often as they like from within the genetic
results section of the app. Each request compresses and uploads
raw genotype data and supplementary information to a private,
password-protected Box account directory. For security purposes,
all requested genotypes automatically expire from Box servers
3 days after being uploaded.

Results

Since the launch of Genes for Good on January 19" 2015
(Martin Luther King Jr. Day), we have seen steadily
increasing participant recruitment and consistent use of
the Facebook application. Genes for Good now has enough
participants to begin conducting meaningful analyses with
the data. As of March 2019, 117,652 participants had tried
the app, with 81,110 signing the electronic consent form.
Consenting users have completed more than 2.9 million
surveys, answering >22 million questions. Genes for
Good has mailed 33,427 spit kits to eligible participants,
of which 27,470 have been returned (as of March 2019).
The genetic data freeze used for this paper contains data
from 20,232 participants whose genotypes passed quality
control checks as of mid-2018.

Sample Characteristics and Phenotypes

Participants were recruited successfully from all 50 states,
with areas of peak participant density roughly overlapping
with major US population centers (Figure 1). About 90% of
users have residential addresses outside of Michigan.
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Figure 1. Geographic Distribution
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The geographic distribution of Genes for Good participants as of October 2017. The colors indicate the number of participants who have
logged into the app from that county, with darker colors representing higher density.

Compared to the US population, our sample is younger
(Genes for Good median age of 33, US adult median age
of 44) and enriched for females (74% of participants are
women, compared to 51% for US adults, Table 1). Our sam-
ple closely resembles the US population on household in-
come, although it is enriched for individuals from mid-
dle-income households with an annual income of
$35,000-$100,000; Table 2). In contrast, the majority of
the participants in the research cohort from 23andMe are

Table 1. Demographics
Genes Facebook-Using
for Good®  US Population”  Population®
Age
Median, years 33 444
18-24 17.0% 13.2% 19.5%
25-34 37.1% 17.1% 27.0%
35-44 21.6% 16.4% 19.6%
45-54 11.9% 18.3% 16.5%
55+ 12.4% 35.5% 17.4%
Sex
Male 25.9% 49.2% 49%
Female 74.1% 50.8% 51%

?Data source for our study data is based on all valid responses as of August 9™,
2017

®Data for US population from the 2010 U.S. Census®’

“Data for Facebook population from Statistica (see Web Resources)

9Median age of US persons over age 18 reported in the US 2010 Census

from households with an annual income more than
$100,000 (J.Y. Tung et al.,, 2011, ASHG, abstract). To
confirm the quality of the data collected from our sample,
we also compared disease rates to those in the general US
population (Table 3). In looking at important risk factors
for cardiovascular disease, we observed relatively similar
rates of high cholesterol, hypertension, and smoking. How-
ever, our sample had lower rates of disease outcomes such
as stroke and myocardial infarction. Our genotype data
freeze contained 20,232 individuals, of which 76.3% were
non-Hispanic white, 3.8% Asian, 2.7% African American,
8.8% multi-racial/other, and 8.3% Hispanic/Latino as deter-
mined by self-report through our demographics survey.

In addition to the phenotype information collected
from survey responses, 12,216 participants have reported

Table 2. Income Distribution
Genes for  US Population®  23andMe”

Income Category Good (%) (%) (%)

Less than $35,000 28.0 30.2 10.2
$35,000 to $50,000 18.9 12.9 7.2
$50,000 to $75,000 19.8 17.0 13.9
$75,000 to $100,000  14.5 12.3 14.7

More than $100,000  18.9 27.7 54.0

Distribution of household income among Genes for Good participants based
on answers to the demographics survey as of August 9, 2017, compared to
the general US population.

Data from US Census Table H-17%7

PData describing 23andMe research cohort approximated from 2011 ASHG
poster (J.Y. Tung et al., 2011, ASHG, abstract)
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Table 3. Chronic Health Indicators in Study Sample Compared to
Overall US Population

Genes for Good® US Population”

BMI, mean, kg/m? 29.80 29.38
Underweight (BMI < 18.5) 1.9% 1.6%
Normal weight (BMI 18.5-24.9) 31.6% 27.2%
Overweight (BMI 25-29.9) 26.0% 31.6%
Obese (BMI > 30) 40.4% 39.7%
High cholesterol 26.1% 29.3%
Hypertension 24.9% 29%
Previous stroke 1.3% 2.9%
Previous MI 1.5% 4.5%
Diabetes (type 1 or 2) 6.5% 9.3%
Current smoker 17.0% 15.1%

?Data source for our study data is based on all valid responses as of August 9",
2017

bData from nationally representative samples to determine US rates of obesity
(see CDC: National Health and Nutrition Examination Survey Data in Web
Resources), high cholesterol, hypertension,?® stroke,”” MI, diabetes, and
smoking*®

64,401 cases of 3,067 health conditions in an optional sec-
tion of the app that allows participants to search for and
report disorders using the Systematized Nomenclature of
Medicine (SNOMED) dictionary.®’ These participant-
entered data show that Genes for Good has attracted an
unusually high proportion of individuals with certain
rare diseases, like Ehlers-Danlos syndrome (565 cases or
0.93% of GfG participants compared to ~0.02% preva-
lence worldwide) (see GeneReviews in Web Resources).
The 5 most commonly reported disorders were generalized
anxiety disorder (1,803 cases), asthma (1,389), hypothy-
roidism (941), depressive disorder (920), and migraine
(918). Higher BMI was associated with increased risk for
all 5 conditions in logistic regression of each of the five
traits on BMI, sex, and age (odds ratios of 1.02, 1.03,
1.04, 1.01, 1.03 per unit higher BMI, p values of 7.6 X
107%,2.1 x 107%°,3.9 x 107%*, 1.5 x 107%, 6.3 x 10~ '%).

To evaluate the quality of our data, we used our survey
data to verify known phenotypic relationships. Taking dia-
betes as an example, we analyzed the association of the dis-
ease with BMI. Given the rapidly increasing prevalence of
diabetes in the US, this is a particularly important outcome
to examine. Over the past three decades, the number of
diagnosed Americans has more than tripled, from 5.6
million in 1980 to 21 million in 2012 (see CDC: National
Diabetes Statistics Report in Web Resources). And because
about one-third of diabetics are undiagnosed, national sur-
vey statistics consistently underestimate the true preva-
lence of diabetes (see CDC: National Diabetes Statistics
Report in Web Resources). We compared rates of diabetes
in our sample, within each BMI bracket, to those reported
from nationally representative samples®” and found a
similar trend of increasing diabetes prevalence as BMI

Relationship of BMI with Diabetes Type 1 or 2
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Figure 2. Relationship between BMI and Diabetes Rates in
Participants Is Consistent with that Seen in the General US
Population

Type 2 diabetes is a phenotype of particular interest because of its
increasing prevalence, impact on cardiovascular health, and rela-
tively well-characterized genetics. Here, we have compared the
rates of diabetes in Genes for Good participants to the rates found
in the nationally representative studies SHIELD and NHANES.*?

increased (Figure 2). We further explored this relationship
by calculating the estimated effect of BMI on diabetes
status, adjusting for age, sex, and race, using NHANES
and Genes for Good data separately. We found that the
relationship between BMI and diabetes was comparable be-
tween studies (95% CI for odds ratio per 1-unit increase in
BMI, NHANES: 1.07-1.10; 95% CI, GFG: 1.08-1.10). When
comparing simple correlation coefficients between BMI
and diabetes status across studies, we found no notable
difference between Genes for Good and NHANES
(rGFG = 018, I'NHANES = 019, pP= 083) Though our Sample
is quite different from NHANES in terms of wealth, age dis-
tribution, and ethnic diversity, we observe similar trends in
both cohorts when comparing diabetes-affected case sub-
jects and control subjects: diabetics typically have higher
rates of obesity, higher age, lower income, and lower edu-
cation (Table S1).

Genetic Associations

To validate the quality of our self-reported phenotypes, we
analyzed a data freeze of 20,232 genotypes to see whether
we could replicate known genetic associations. We first
analyzed traits related to pigmentation and BMI, because
these traits are known to have strong genetic factors. For
example, most variation in eye color is determined by six
SNPs in HERC2 and OCA2.** Figure 3 shows the number
of participants with each combination of eye color and ge-
notype at one of the SNPs with the strongest association
signal, 1s12913832. We observed strong evidence of associ-
ation between eye color and genotype (X = 15,599, df =8,
p = 107%7%, n = 19,974), and the direction of effects is
consistent with what was previously reported. Other
pigmentation traits like hair color, skin sun response,
and hair texture are also consistent with prior studies.
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Figure 3. Eye Color Distribution
Distribution of eye color among partici-
pants with different genotypes at

SNP Gene P P Comparison of Effect Estimates
GfG Locke et al. B and 95% CI GfG
Locke

rs1558902 FTO 3x1014 1x107156
rs6567160 MC4R 1x106 7 x10%°

rs13021737 TMEM18 g x 107 5x10%

rs10938397 GNPDA2 gy 107 1x1040

rs543874 SEC16B 1x109 2x10%

rs2207139 TFAP2B 2% 106 8x103

rs11030104* BDNF  7x108 7x10%

rs3101336 NEGR1  gx1{0® 3x102

rs7138803 BCDIN3D 5y103 5x10%

rs10182181 ADCY3 1x108 8x1026 iy

1512913832 (the top signal when perform-
ing GWAS using blue eye color in Genes
for Good participants), a marker in
HERC2 known to play a role in eye color
determination.

23andMe customers, it was estimated
that only ~36% of individuals who

0.000 0.025

Table S2 shows detailed GWAS results, and Table S3 com-
pares our results to several larger studies. We show that
Genes for Good replicates the top pigmentation associa-
tions in prior studies at least nominally (p < 0.05)
and frequently does so at genome-wide significance
(p<5x107%).

We next compared results for a mixed model GWAS of
BMI, using measurements obtained from the height and
weight health history survey, to results from the GIANT
consortium.”* We obtained effect sizes consistent with
those published for the top ten GIANT loci. We also ob-
tained nominally significant (p < 0.05) association results
at all ten loci. Figure 4 summarizes the comparison of our
results with published GIANT results, showing consistency
of direction of effect, magnitude, and relative significance
(Figure 5 shows regional association in our top signal, at
FTO). Given the relatively small sample size of our data,
our effect estimates necessarily have wider confidence
limits compared to the meta-analysis. However, the
meta-analysis point estimates are contained within these
limits for nearly every SNP, which provide evidence that
self-reported phenotypes collected within our cohort are
reliable.

We next expanded our comparison of GWAS results ob-
tained with Genes for Good data to include the traits of
type 1 diabetes, type 2 diabetes, and asthma. For all traits
except asthma, our association signals are consistent
with reports from published large GWASs and show some
significant hits (Tables S2, S3, and S4; Figure S1). Our
asthma analysis did not give any genome-wide significant
results, but when we examined the 18 SNPs associated with
asthma in the study of Demenais et al.,** we found that all
had a consistent direction of effect in Genes for Good data
but with smaller effect sizes (Table S4). Our asthma-
affected case and control subjects were defined based on
answers to “Was your asthma ever confirmed by a doctor?”
with 4,378 case subjects and 11,715 control subjects re-
ported. Given the large proportion of case subjects
(27.2%), we believe that some individuals who answered
“yes” did not meet the standard for an asthma diagnosis
used in Demenais et al.** A similar observation has been
made in other studies of self-reported phenotypes—for
example, in a study of psoriasis including data from

0.050 0.075 0.700

self-reported having psoriasis met
the criteria used in clinical studies,
diluting association signals and effect
size estimates.” We did an adjustment proposed by Duffy
et al. to account for the apparent over-reporting of case
subjects.*® We also did a power calculation at the 0.05 sig-
nificance level to determine our ability to replicate the
findings in Demenais et al. and estimated that we should
replicate approximately 7 of 18 SNPs (summing estimated
power across 18 variants gives expected number of 6.8
replicated signals). After the Duffy adjustment, more
than half of our odds ratios were closer to the effect sizes

7500
2]
C
©
= Eye Color
'..Lé Blue
& 50001 [ Brown
5 Gray
5 [ Green
o Hazel
g B Haze
= |
=z

25001

0 |
A/A AG G/G
Genotype at rs12913832

Figure 4. Effect Size Estimates of a GWAS for BMI in Our Study

Sample Compared to Findings from a Meta-analysis

We compare effect estimates from Genes for Good to published
findings from the Locke et al. meta-analysis of BMI GWAS.**
Specifically, we looked at the top ten reported signals and were
able to replicate all of these effects in direction and nominal signif-
icance (p < 0.05). The forest plot on the right compares effect size
estimates across studies; the dashed lines represent the confidence
intervals around the Genes for Good estimates, while the solid
lines represent results from Locke et al. Given the relatively small
sample size available in this data freeze, our estimates have fairly
wide confidence limits. However, Locke’s estimates are completely
contained within our limits for eight of ten SNPs. Asterisk indi-
cates imputed variant.
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Figure 5. LocusZoom Plot Showing Single-Variant Association Results for BMI in FTO

This result is consistent with other studies that reported their strongest evidence for association in this gene. The effect size at the nearby
SNP rs1558902 (0.081) was consistent with the effect size (0.081) reported previously in Locke et al.>*

reported in Demenais et al., though some odds ratios were
overcorrected to have effect sizes larger than those re-
ported in Demenais et al. As our power calculation sug-
gested, we were able to replicate 7 of the 18 SNPs at the
0.05 significance level (Table S4).>*3° Reassuringly, we
also found that, when we calculated polygenic risk scores
(PRS) for type 1 and type 2 diabetes using publicly available
GWAS summary statistics,”’*® PRS for type 2 diabetes was
strongly associated with self-reported type 2 diabetes status
(OR increase per PRS quintile = 1.47; p = 7.63 x 10~”) and
that PRS for type 1 diabetes PRS was strongly associated
with self-reported type 1 diabetes status (OR increase per
PRS quintile = 1.66; p = 5.13 x 10~°) (Figure 6). We found
similar support for an association between asthma PRS and
self-reported asthma (OR increase per PRS quintile = 1.16;
p =3.17 x 102%) (Figure 6).

Somewhat unexpectedly, we observed that in our type
2 diabetes results the signal at CDKAL1 was stronger
than at TCF7L2, which is typically the top signal re-
ported for type 2 diabetes GWASs. Hypothesizing that
this might be due to the younger age of Genes for
Good participants, we split the Genes for Good data at
the median age to test for changes in diabetes risk be-

tween the below-median age and above-median age
groups for the TCF7L2 and CKDAL1 variants (median
age = 32; CaseSpelow-Median = 05, CONtrolspeiow-Median =
8,385; casesapove-Median = 722, controlsapove-Median =
7,728). Although we saw a trend to a larger diabetes
risk for carriers of the TCF7L2 variant rs7903146 in
the above-median group (ORgpejow-Median = 1.21,
ORapove-Median = 1.34), we saw the same trend for carriers
of the CDKAL1 variant rs7756992 (OR gelow-Median =
1.04, ORppove-Median = 1.37). Regardless, the differences
between the below-median and above-median age
groups for both SNPs were not significant (p > 0.05).

Discussion

We set out to recruit a large, diverse sample of engaged vol-
unteers that might provide information about the diverse
US population. For each volunteer, we used surveys to
collect health and behavioral data that might inform a va-
riety of genomic research studies. With rapid and inexpen-
sive recruitment, we have quickly developed a participant
pool with which to validate the quality of the data. We are
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An increase in the genetic risk score is associated with increasing prevalence of disease. We also evaluated associations between polygenic
risk score quintile and type 1 diabetes, type 2 diabetes, and asthma status, adjusted for age and sex. We found that all three self-reported
traits were significantly associated with calculated PRS quintile (prip = 5.13 X 1072, prap = 7.63 X 10737, pastuma = 3.17 x 10729).

optimistic about our ability to obtain the large sample size
required for valid genetic association studies of complex
diseases and behaviors. With our current analysis of
20,232 individuals, we have successfully validated several
known genotype-phenotype relationships and contrib-
uted to several consortium meta-analyses.>’~*?

We have good representation with respect to geography,
age, and gender, though our sample does have some
noticeable differences from a sample of random U.S.
adults. One characteristic that presents both an opportu-
nity and a challenge is the younger age of Genes for
Good participants compared to the US adult population.
While a younger demographic may be more interesting
for some measures (behavioral data, activity levels), it
will be less useful for others (age-associated cancers and
development of other late-onset chronic disease). We do
see slightly lower rates of the chronic conditions examined
here compared to the general US population, which we
attribute to the lower average age of our participants;
even if participants have the relevant risk factors, they
may not have had the time to develop those long-term out-
comes. For instance, we see much lower rates of heart
attack in our participants despite comparable hypertension
rates, and we see lower rates of type 2 diabetes despite com-
parable BMI (Figure 2). At the same time, Genes for Good's
recruitment strategy may have led to an enrichment of in-
dividuals with certain rare diseases like Ehlers-Danlos syn-
drome, perhaps because of network effects within these
communities.

Most participants completed the minimum number of
health history surveys required to receive a spit kit (15 sur-
veys), with many going well above that number. Comple-
tion of daily tracking surveys was modest, with most gen-
otyped participants completing only the minimum
number required to obtain a spit kit. None of our surveys
are mandatory and it is certainly possible that partici-
pants will avoid surveys that are more onerous or which

they are not comfortable with, introducing ascertainment
biases (for example, individuals who are not skilled at
reasoning puzzles might choose to skip the reasoning).
The most completed surveys were generally those that
appear higher in the list of available surveys within our
app (Figure S2; Figure S3 provides additional details of
survey completion rates).

Another challenge we face is that our sample is heavily
skewed female. While targeted recruitment in the future
may bring the gender distribution into balance, we also
recognize the immediate potential to conduct a large-scale
study of women’s health and have implemented relevant
survey measures regarding polycystic ovarian syndrome
and pregnancy outcomes.

Genetic Information, Privacy, and Ethics

There are a number of incentives for participation in Genes
for Good besides the altruistic contribution and potential
positive impact of genetics research on society. First, we
provide interactive graphs and visualizations by which
users can compare their survey responses to those of other
participants (examples in Figures 7 and 8). Second, Genes
for Good allows participants to view estimates of their ge-
netic ancestry and download their raw genetic data, which
some have argued should be the fundamental right of par-
ticipants who contribute DNA to research.*® When down-
loading genetic data, we require participants to review a
short slide show explaining that the data we generate are
suitable for a research study but do not meet the standards
used for clinical genetic tests. We emphasize that,
compared to the data used in clinical tests, research data
might be more susceptible to error. Around 70% of partic-
ipants with genotypes available have requested a down-
load link for their raw genetic data, which we provide in
23andMe format, a format known to be widely accepted
at third-party interpretation sites. Many participants
have told us they upload their data to third-party sites to
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HEALTH HISTORY RESULT - PERSONALITY
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An example of how participants’ results to the personality survey are displayed within the Genes for Good app. The bars show this
participant’s percentile scores on the five personality attributes measured by the survey.

obtain more detailed ancestry estimates, find DNA rela-
tives, and even seek health interpretation. A recent review
paper®® investigating reactions to a clinical genetic risk
assessment concluded that in general, patients do not
engage in risk-reducing behavior after receiving informa-
tion about genetic predisposition. We expect that Genes
for Good participants are unlikely to base major health
or life decisions on the research-grade data we have re-
turned. In addition, we will continue to develop Genes
for Good web-based software applications to promote liter-
acy of individuals about their genetic information.

Along with raw genetic data, we also return to partici-
pants their genetic ancestry information based on DNA
analysis. The primary anticipated risk of the return of
ancestry information is the discovery or suspicion of
non-paternity and/or secret adoption by participants, i.e.,
discovering that one’s ancestry is inconsistent with what
the participant knows about the ancestry of their suppos-
edly biological parents. This has the potential to cause
emotional or psychological stress on participants and their
families, and we provide education about this risk during
the informed consent.

Significance and Future Directions

The online platform implemented in Genes for Good is a
viable study design for population-based genetic research.
Now in the study’s fourth year, we have already had great
success in recruitment, health history survey analysis,
and genetic analysis. We are currently exploring the
more than 300 phenotypes collected so far and continue
to participate in ongoing collaborations. As the sample
size grows, our power to detect novel associations and

our ability to contribute more meaningful data to re-
searchers will increase.

The flexibility of the study design and our ongoing rela-
tionship with participants also makes it possible to imple-
ment new methods of data collection with relative ease.
Additional data collection techniques are being developed
and validated in a wide array of studies, including wireless
sensors for continuous collection of data related to physical
activity,***> heart rate,’® body temperature, sleep,’” and
GPS location logging to infer habits and environmental ex-
posures.*® These measures and more are currently available
through a combination of smartphone and wrist sensors
(e.g., FitBit), and many more wireless sensors exist for
more specialized tasks (e.g., breathalyzers, insulin levels,
QT interval). These and other novel data collection
methods are developing rapidly, holding great promise in
the near future for the efficient collection of large quantities
of precise longitudinal data with minimal participant
burden. The implementation of such devices would facili-
tate the collection of tracking data within Genes for Good.

Having verified the quality of our data and several
known associations with particular loci, we are now poised
to begin exploring new genotypic-phenotypic relation-
ships, such as those with behavioral and health tracking
information. Research in other settings with Genes for
Good data show that our results are consistent with those
of prior studies. Liu et al.*” show that a PRS calculated from
SSGAC’s educational attainment data is effective in pre-
dicting 4% of the trait variance, which is consistent with
previously reported out-of-sample predictive power for
educational attainment.® We are also working to stream-
line data sharing methods to facilitate collaborations
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Health Tracking Result - Sleep
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An example of how participants’ answers to the daily sleep tracking survey are displayed, showing (A) average hours of sleep for this
participant, compared to other participants of the same age range and sex, and to all other Genes for Good participants, (B) average hours
of sleep reported for different days of the week when this participant has taken the survey, (C) average hours of sleep over the past 7 days,
past 30 days, and over all responses from this participant, and (D) average hours of sleep reported for different days of the week for all

Genes for Good participants stratified by sex.

with other researchers. Finally, we are actively developing
new tools to provide participants with meaningful data
summaries at the personal and study level. We believe
that these steps will keep participants engaged and in-
vested in the genetic research and will also help encourage
longitudinal survey completions.

As we seek opportunities for long-term funding of the
study, we are currently not collecting spit kits from new
participants. Although enrollment has decreased since we

stopped offering spit kits (we currently collect only health
survey responses), interest remains high, as evidenced by
the email inquiries we receive on a weekly basis. We plan
to collect and genotype additional samples when future
funding becomes available; when doing so, we expect to
implement several changes to study protocol that will
solve issues observed throughout the course of the study.
For example, we noticed that survey completion correlates
with the order that the survey appears on the app
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homepage (Figure S2); we have recently randomized the
order of survey display to remedy this.

Supplemental Data

Supplemental Data can be found online at https://doi.org/10.
1016/j.ajhg.2019.05.006.
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Web Resources

Box compliance with HIPAA guidelines, https://www.box.com/
industries/healthcare

BuzzFeed, https://www.buzzfeed.com/virginiahughes/a-new-facebook-
app-wants-to-test-your-dna

CDC: National Diabetes Statistics Report: Estimates of Diabetes and
Its Burden in the United States, https://www.cdc.gov/diabetes/
pdfs/data/statistics/national-diabetes-statistics-report.pdf

CDC: National Health and Nutrition Examination Survey, https://
wwwn.cdc.gov/Nchs/Nhanes/Search/DataPage.aspx?Component=
Examination&CycleBeginYear=2015

GeneReviews, Levy, H.P. (2018). Hypermobile Ehlers-Danlos Syn-
drome, https://www.ncbi.nlm.nih.gov/books/NBK1279/

Genes for Good Facebook application, https://app.genesforgood.
org

Genes for Good full text survey, https://genesforgood.org/
for_researchers

Genes for Good
genesforgood.org

Mlumina Infinium CoreExome BeadChip, https://www.illumina.
com/content/dam/illumina-marketing/documents/products/
datasheets/datasheet_human_core_exome_beadchip.pdf

Pew Research Center, Social Networking Usage (2005-2015),
https://www.pewinternet.org/2015/2010/2008/social-networking-
usage-2005-2015

Reddit, https://www.reddit.com/r/freebies/comments/67v9c5/
free_dna_test_from_the_university_of_michigan/

Statista: Distribution of Facebook Users, https://www.statista.com/
statistics/187041/us-user-age-distribution-on-facebook

Statista: Number of Facebook Users, https://www.statista.com/
statistics/398136/us-facebook-user-age-groups

informational  website, https://www.
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