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Abstract

As genotyping has become more affordable, there has been a growing effort to leverage
genetic data to improve our understanding of the determinants of disease at the population level.
New challenges arise with more widespread use of genetic data in epidemiological studies, from
developing statistical methods and study designs that leverage genetic data to answering new
bioethical questions around sharing research data with genetic information.

This dissertation was comprised of three projects that showcase important topics for
epidemiologists to consider when using genetic data. These include developing genetic risk
scores, determining the analysis method most suitable for the available data; and understanding
the ethical, legal and social implications of widely sharing biobank data, particularly genetic
data.

The first chapter explores differential genetic susceptibility between aggressive and non-
aggressive prostate cancer and whether these differences can be used to develop a polygenic risk
score for disease aggressiveness. This study was conducted in a Kaiser Permanente patient
population electronic medical record and genotype data. Results from this analysis identified a
subset of the known prostate cancer variants that are able to differentiate between aggressive and
non-aggressive disease. The second chapter contrasts different gene-environment interaction
parameters from various study designs using birth defects as the case example. This review

aimed to clarify the options for conducting gene-environment interaction studies in the National
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Birth Defects Prevention Study. Lastly, the third chapter utilizes qualitative methods to explore
the perceived harms and benefits of sharing biobank data, which includes genetic information,
from the perspective of several stakeholder groups involved in the development of a Kaiser
Permanente biobank, the Research Program on Genes, Environment, and Health. Results from
this investigation revealed that although the benefits of data sharing are clear, it is paramount that
biobank participants are given the opportunity to be involved in the data governance and/or
access process.

The lessons learned from this dissertation provide evidence that genetic data allows for
exploration of inherited susceptibilities that can influence risk of disease but care must be taken
to understand which groups of individuals should be compared and what questions are being

answered, both scientifically and ethically.
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Chapter 1
Elucidating Genetic Differences between Aggressive and Non-Aggressive Prostate Cancer:
Development of an Aggressive Disease Specific Polygenic Risk Score
Introduction

In the United States, prostate cancer (PrCa) is the most commonly diagnosed non-skin
cancer among males, with 164,690 new cases expected in 2018 (1). While the majority of PrCa
cases are indolent, the aggressive cases render PrCa the second most common cause of cancer
death among men (1). These distinct disease courses underline the considerable heterogeneity of
the disease. For example, when subdivided by stage, the 5-year survival for those diagnosed with
distant disease is only 30%, while it is 100% for those with local or regional disease at diagnosis
(1). Ideally, men with less aggressive disease would avoid treatments that 1) are expensive, 2)
have adverse side effects, and 3) are unlikely to improve what is already a high survival rate. In
contrast, those with aggressive disease would receive more intensive treatments. Encouraging
men to choose less invasive treatment options relies heavily on the ability to accurately predict
disease aggressiveness at the time of diagnosis. While clinical and pathologic measures help
stratify patients to some degree, there remains room for improvement.

Previous studies have shown that most germline variants associated with overall PrCa are
not associated with disease (2). A meta-analysis of four large genome-wide association studies
(GWAS) only yielded two single nucleotide polymorphisms (SNPs) associated with aggressive
disease and only one was replicated in another dataset (3). Additionally, many suspect that some
PrCa variants may be associated with PSA and not with aggressive disease (4). We aimed to

investigate whether any variants known to be associated with overall PrCa are only associated



with aggressive disease and to identify any germline genetic differences underlying aggressive
and non-aggressive disease development.

Methods

Study Population and Defining PrCa Aggressiveness

Participants were included from three Kaiser Permanente (KP) case-control studies: the
Research Program on Genes, Environment and Health (RPGEH), the ProHealth Study, and the
California Men's Health Study (5). Controls were recruited between 2008-2012. We restricted
our primary analyses to non-Hispanic white men, as determined by self-reported race / ethnicity,
with confirmation by genetic principal components analysis. We replicated our results in
African-American men. We included only unrelated men by filtering out 1% and 2™ degree
relatives (-unrelated option, KING software v2.0) (6). Sample sizes for Hispanic and Asian
populations were too limited and thus not included in these analyses.

PrCa status was determined from the KP California Cancer Registries or review of
electronic health records available from 1994 to 2015 (5). For the non-Hispanic Whites there
were 6,132 men with PrCa (cases) and 27,178 controls, and for the African Americans there
were 664 cases and 1,719 controls.

For all cases, we abstracted information on Gleason grade, age at PrCa diagnosis, and all
available PSA values measured during routine care, these included PSA values from PSA
screening pre-diagnosis, diagnostic PSA, and post-treatment. From these data, we defined
aggressive PrCa cases as any one of the following: 1) high Gleason grade (> 7, with 4+3 as
high); 2) early-onset disease (< 55 years of age); or 3) biochemical recurrence (BCR). BCR was
defined as a PSA > 0.4 ng/mL following surgery, or a PSA > 2 ng/mL above the nadir following

radiation therapy (7,8). Note that among individuals with Gleason Score of 7 (n=1839), which



can represent sub-scores of 3+4 or 4+3, 406 non-Hispanic white and 36 African American PrCa
cases were missing sub-scores and were conservatively assumed to be 3+4. Previous studies have
shown that scores of 3+4 and 4+3 are not equivalent and thus we decided to classify 3+4 as low
Gleason grade and 4+3 as high Gleason grade (9,10). Cases without any of the aforementioned
disease characteristics were defined as non-aggressive. For the non-Hispanic Whites there were
1,807 aggressive and 4,325 non-aggressive cases. For the African Americans there were 226
aggressive and 438 non-aggressive cases.

The KP Northern California Institutional Review Board and the University of California,
San Francisco Human Research Protection Program Committee on Human Research approved
this study.
Genotyping and Imputation

All study subjects were genotyped using ancestry-specific Affymetrix Axiom arrays
(11,12), which included over 650,000 single nucleotide polymorphisms (SNPs). Two Axiom
reagent kits were used in the genotyping process. To control for potential batch effects, we
excluded SNPs that were associated with kit version (p < 0.05). Further quality control steps
entailed excluding genotyped SNPs that had a minor allele frequency (MAF) < 0.01, a call rate <
95%, or that were out of Hardy-Weinberg equilibrium (p < 1x107) in ancestry-specific control
groups. We imputed unmeasured SNPs based on reference genomes from the 1000 Genomes
Project using Impute2 v2.3.1 (13—15), yielding over 10 million SNPs. Following imputation,
quality control filters were again applied, filtering out SNPs with information quality <0.5 and
MAF < 0.05. There remained 7,115,637 SNPs for our analyses. All genomic locations reported

are based on Genome Reference Consortium Human Build 37 (GRCh37).



Statistical Analyses
GWAS

We first searched genome-wide for SNPs associated with disease aggressiveness. The
following three phenotype contrasts were analyzed with logistic regression: 1) aggressive PrCa
cases versus controls (“aggressive case-control”); 2) non-aggressive PrCa cases versus controls
(“non-aggressive case-control”); and 3) aggressive PrCa cases versus non-aggressive PrCa cases
(“case-only”). GWAS analyses were adjusted for the following covariates: age at diagnosis
(cases) or enrollment (controls), age2 (to account for non-linear effects of age), kit, and the top
10 principal components of ancestry.
Polygenic Risk Scores

We further evaluated how the 167 known PrCa risk SNPs are associated with
aggressiveness using a polygenic risk score (PRS) in logistic regression models for each of the
three comparisons (aggressive and non-aggressive case-control and case-only). A complete list
of the 167 known risk SNPs and their imputation information quality in our dataset are given in
Supplemental Table 1. For each of the SNPs, we oriented the alleles (risk versus referent) such
that the per-allele effect estimate was in the risk increasing direction. To construct the PRS, we
calculated a weighted sum of the risk allele counts PRS = ) kak where k is the number of
SNPs included in the PRS, Sy is the natural log odds ratio of SNP k’s association with prostate
cancer, and X, is the risk allele count for SNP k. To construct a PRS that represents the known
PrCa risk SNPs, hereafter referred to as PRS,¢7, we used previously published log odds ratios for
the 167 risk SNPs’ associations with overall prostate cancer, which were mostly from studies of
European ancestry individuals independent from this cohort (16,17). Odds ratios for the PRS47

calculation are provided in Supplemental Table 1.



Next, we evaluated whether any of the 167 known PrCa risk SNPs were differentially
associated with aggressive versus non-aggressive disease. We aimed to investigate whether a
PRS including only SNPs exhibiting statistically significant associations in the aggressive or
non-aggressive case-control analyses could differentiate between aggressive and non-aggressive
PrCa in a case-only analysis. Doing so entailed constructing two new PRS’s: 1) PRS, comprised
of risk SNPs significant in the aggressive case-control analysis; and 2) PRSya comprised of risk
SNPs significant in the non-aggressive case-control analysis. For the referenced case-control
analyses, we randomly split the controls into two equal sized groups and used one group each for
the aggressive and non-aggressive analyses. Statistical significance for SNP selection was based
on a Bonferroni correction for the number of comparisons in each model (i.e., 0.05/167 SNPs =
0.0003). SNPs significant in both case-control analyses were excluded from PRSA and PRSna
because they would be unlikely to differentiate between the aggressive and non-aggressive
phenotypes in a case-only analysis. Additionally we constructed a PRS combining the SNPs in
PRSA and PRSna creating PRSa:na, which may be even more strongly associated with
aggressive disease than either PRS alone. The weights for these PRS’s (i.e., log odds ratios)
were from their respective case-control analyses in our data. In constructing the PRSana, the
odds ratios of the PRSnya SNPs were reversed by multiplying the log odds ratio by -1 since we
expected those SNPs to show a protective effect in a case-only analysis. The PRSxa SNPs
needed to be re-oriented in the risk increasing direction for aggressive disease to match the PRSa
SNPs, which were not modified. All PRS’s were scaled to have a mean of zero and standard
deviation of one, therefore the interpretation for all odds ratios reported is the increase in odds of

disease for one standard deviation from the mean in the PRS.



Once PRS4 and PRSya were developed, we evaluated their association with diagnosis of
aggressive PrCa in a case-only analysis. We acknowledge that a PRS constructed using odds
ratios from the same study sample used to evaluate performance of the PRS, the non-Hispanic
Whites in this study, can be biased and give an over-estimation of the strength of association.
Therefore, we used the African Americans as a replication sample. Typically, a replication
sample would be of the same genetic ancestry, i.e., individuals of non-Hispanic European
ancestry. However replication in African Americans could indicate that the developed PRS’s
represent aggressive prostate cancer genes and pathways that are applicable across ancestry
populations, even if SNPs are not perfectly tagging the true causal SNPs.

Additionally, we evaluated whether any case-only associations with the PRS’s were
primarily driven by one of the three aggressiveness measures. We did so by analyzing the
associations between each of the PRS’s (PRS, 67, PRSA, PRSxa, PRSAna) and: 1) High Gleason
score; 2) early age of onset; and 3) BCR.

All of the analyses were initially undertaken in non-Hispanic Whites, since they
comprised the largest proportion of our study subjects. We then attempted to replicate our
findings in the African-American study subjects. All analyses adjusted for age at enrollment into
the study (controls) or age at diagnosis (cases), Axiom array kit, and the top 10 principal
components (PLINK v1.9), with exception to the early-onset analyses, which were not adjusted
for age.

Pathway Associations

To evaluate whether the involvement of PRS, SNPs in biological pathways are distinct

from those regulated by the PRSxa SNPs, we mapped each set of SNPs to a set of genes’

encoding transcription factors based on the co-localization of the SNPs with each gene’s



corresponding transcription factor binding sites (TFBS) via RegulomeDB v1.1 (18). We also
included variants in high linkage disequilibrium (LD r* > 0.8) with each PRS, or PRSy4 SNP, as
identified by the LDproxy tool in LDlink (19), using the EUR super-population for LD structure.

Using these two lists of genes’ transcription factors, for which TFBS co-localized with
the SNPs in our two PRS’s, we evaluated whether particular biological pathways were over- or
under-represented by either gene list across the Reactome pathway database (Reactome version
58) (20,21). This was implemented using the pantherdb.org gene list analysis tool via the
Statistical overrepresentation test, which uses a Fisher’s exact test with a multiple testing
corrected False Discovery Rate (22-25).
Results

Among the aggressive cases, the respective proportions with high Gleason score (> 4+3),
with early-onset disease, or that experienced BCR were 38.7%, 15.4%, and 57.3% in non-
Hispanic Whites, and 33.2%, 32.7%, and 51.3% in African Americans. Note that some
individuals experienced more than one aggressive phenotype, and thus these percentages do not
sum to 100% (Table 1). Among those with BCR, the median time to recurrence was 4.8 years in
non-Hispanic Whites and 5.2 years in African Americans.
GWAS

The GWAS confirmed previously discovered loci at 8q24 and 11q13 (genome-wide
significance P< 1x10°*) in both aggressive and non-aggressive case-control analyses. Previously
reported signals at 12q13 and 17924 reached genome-wide significance in the aggressive case-
control analysis but not in the non-aggressive case-control analysis. Conversely, previously

reported signals at 10q11, 17q12, and 19q13 reached genome-wide significance in the non-



aggressive case-control analysis only (Figure 1 & 2). These results indicate that some previously
identified loci may only be associated with aggressive or non-aggressive PrCa.

In the case-only GWAS, only the 19q13 locus was statistically significant after genome-
wide Bonferroni correction. This locus contains KLK3, the gene that encodes prostate specific
antigen (PSA) (Figure 3). One of the previously reported PrCa SNPs in this region known to
affect PSA levels, rs2735839, was associated with an increased PSA at diagnosis among non-
aggressive cases but not among aggressive cases in the non-Hispanic Whites (p=0.008 versus
p=0.33, respectively).

Polygenic Risk Scores

Among the 167 known PrCa SNPs evaluated, 15 SNPs were statistically significantly
associated with aggressive disease and 21 SNPs were associated with non-aggressive disease
(p<0.0003). Between these two sets of SNPs, 10 were overlapping (Figure 4). There were thus
five SNPs uniquely associated with aggressive disease and 11 uniquely associated with non-
aggressive disease (Figure 4). The case-control results for these three sets of SNPs are
summarized in Table 2.

In our PRS analyses, we first considered all 167 known PrCa SNPs. This PRS;4; was not
associated with a diagnosis of aggressive disease in case-only analyses of non-Hispanic Whites
(p=0.78) or African Americans (p=0.85) (Table 3).

Next, we focused on the subsets of the 167 SNPs associated exclusively with aggressive
disease, and, separately, non-aggressive disease. PRS, included the five SNPs statistically
significantly associated with aggressive disease and PRSna included the 11 SNPs statistically

significantly associated with non-aggressive disease (Figure 4 & Table 2). We did not include



the 10 SNPs associated with both aggressive and non-aggressive disease in PRS, or PRSya
because they would be unlikely to differentiate between the phenotypes in a case-only analysis.

PRS4 was strongly associated with a diagnosis of aggressive disease in the case-only
analysis of non-Hispanic Whites (p=1.4x10"). This finding was replicated in the independent set
of African-American samples (p=0.007) (Table 3). Focusing on the components of the
aggressiveness phenotype, PRSa was associated with Gleason score (p=0.007) and BCR
(p=1.7x10"*) in the non-Hispanic White men. However, these associations were much weaker in
the African Americans (Gleason p=0.09, BCR p=0.08) (Table 3). PRS, was not associated with
early age of onset in non-Hispanic Whites (p=0.10) or in African Americans (p=0.89). We also
evaluated whether the PRSA could differentiate aggressive from non-aggressive disease in a
population that also includes controls without PrCa. This analysis showed that the PRS;¢7
showed strong association with both aggressive (p=6.2x10"'** in Non-Hispanic Whites,
p=4.0x10" in African Americans) and non-aggressive disease in case-control analyses
(p=3.6x10""""in non-Hispanic Whites, p=2.5x10 in African Americans). But the PRS, was only
statistically significant for aggressive disease (p=0.008) and not with non-aggressive disease in
the African Americans (p=0.636) in the case-control analyses (Table 4).

PRSya was inversely associated with a diagnosis of aggressive disease in the case-only
analysis of non-Hispanic Whites (OR=0.89, 95%CI: 0.84-0.94, p=4.0 x 10™). This observation
was not replicated in the corresponding analysis of African Americans (OR=1.03, 95%CI: 0.85-
1.23, p=0.78) (Table 3).

Finally, a new PRS that combined the five PRS4 and 11 PRSxa SNPs was not associated
with a diagnosis of aggressive disease in the case-only analysis, thus results were not included

here.



Pathway Associations

There were some shared Reactome pathways associated with both the PRS, and the
PRSna SNPs, such as Developmental Biology (FDR = 4.2x10® and 4.2x10™"°, respectively),
Activation of HOX genes during differentiation (FDR = 1.1x10™ and 1.1x107, respectively),
and Transcriptional Regulation by TP53 (FDR = 3.4x10°, 2.5x10°, respectively). But some
pathways were uniquely associated with PRS, or PRSxa SNPs. For example, chromatin
organization was associated with PRS, SNPs but not associated with PRSya SNPs (FDR =
4.7x10°® and 0.306, respectively) while myogenesis was associated with PRSxs SNPs but not
with PRSA SNPs (FDR = 0.007 and 0.413, respectively). Results for all pathways statistically

significant with aggressive or non-aggressive disease are included in Table 5.

Sensitivity Analyses

False Discovery Rate (FDR) is an alternative to using Bonferroni corrected significance
thresholds in the SNP selection procedure. To explore whether the developed PRS’s are greatly
influenced by the significance threshold used, we repeated the analysis using FDR < 0.05 for
selecting the SNPs that would be included in the aggressive and non-aggressive risk scores. The
new FDR based risk scores included more SNPs than the Bonferroni correction based risk
scores. Ten SNPs were eligible for inclusion in the aggressive FDR based risk score (PRSgpgr_ a)
and 30 SNPs in the non-aggressive FDR based risk score (PRSgpr na). The associations of the
PRSrpr A With aggressive disease were weaker compared to the results from the primary analysis
using Bonferroni correction, p=1.7x10" in non-Hispanic Whites and p=0.052 in African

Americans. Conversely, the associations of the PRSgpr na Was slightly stronger though still not

10



statistically significant in the African Americans, p=7.60x10” in non-Hispanic Whites and
p=0.581 in African Americans (Table 6). This may indicate that choice of significance threshold
may affect these results but this does not seem to change to the main implication that only a
subset of the known PrCa loci are associated with aggressive disease.

In defining BCR, it is common to require a minimum follow-up period among cases, for
example, at least three years to ensure that sufficient time has passed to observe a recurrence. In
our data, 358 PrCa cases among the non-Hispanic Whites and 45 PrCa cases among the African
Americans had less than 3 years follow-up time and classified as not experiencing BCR. To
evaluate the impact of these individuals on our results, we re-estimated the association of the
PRS’s with the outcomes composite aggressive disease and BCR, while excluding these
individuals (Table 7). We did not find the results to drastically differ. The analyses involving
early-onset and high Gleason would be unaffected and thus were not re-estimated.

Discussion

We found that five known PrCa loci may be associated with aggressive PrCa but not with
non-aggressive PrCa. In addition, we determined that a PRS constructed based on these five
SNPs predicted diagnosis with aggressive disease better than a PRS including all known PrCa
risk loci. This highlights the importance of SNP selection for score construction based on
relevant phenotype associations rather than maximal number of SNPs.

In our genome-wide analysis data, only the 19q13 region yielded variants that were
differentiated between aggressive and non-aggressive PrCa. Others have also found that the
19q13 SNP, rs2735839, is associated with aggressive disease in case-only frameworks. These
results, however, may largely be a artifact of screening bias since this observation may reflect

constitutive PSA levels and the association arising due to PSA screening for PrCa (26-28).
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Some associations we found between our PRS, and PRSya SNPs and aggressive disease
have been identified in previous studies. Among the five SNPs that comprised PRSy, 157968403
is located in the intronic region of RASSF 3, which is a member of the Ras association domain
family protein (RASSF) gene family and previously implicated as a potential tumor suppressor
gene (29). Among the eleven SNPs that comprised the non-aggressive PRS, rs2735839 has been
previously reported to be an aggressiveness SNP (30). However, others have noted that the risk
increasing allele seems to be associated with less aggressive disease, which is consistent with our
results (31). The SNPs, rs9364554 and rs10486567 have also been shown to be associated with
overall prostate cancer but not specifically with aggressiveness, again consistent with our results
(32). In the group of SNPs associated with both aggressive and non-aggressive PrCa, rs10993994
was previously reported to be associated with BCR (33).

We identified some Reactome pathways associated with both aggressive and non-
aggressive SNPs but also pathways that were differentially associated with each set of SNPs, for
example, chromatin organization with aggressive SNPs and myogenesis with non-aggressive
SNPs. This could imply that the etiology and underlying biological pathways involved in disease
development are differently between aggressive and non-aggressive disease.

Although we were able to replicate the aggressive PRS in African-American individuals,
differences in LD structure between genetic ancestral groups make it tenuous to apply a PRS
constructed based on European ancestry populations to an African ancestry population. Our
identification of a significant association in this study indicates that a PRS constructed of SNPs
discovered in and weighted by effect estimates calculated in African ancestry populations would
likely show a stronger effect. Additionally, because clinical data were from passive collection

during routine medical care, there were some missing data (i.e., Gleason score, PSA levels).
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Though missing data were likely to be missing completely at random, this assumption cannot be
verified. This study was limited in sample size, and may have been underpowered to detect some
associations. It is likely that additional aggressive specific SNPs exist, even among the known
loci, but we may have been underpowered to detect them. Identification of additional
aggressiveness SNPs could improve the performance of the PRS, we developed.

Despite these limitations, this study is one of the first comprehensive evaluations to
determine whether known PrCa loci are specific to aggressive or non-aggressive disease. Our
approach leveraging both case-control and case-only comparisons provides better clarity in the
search for SNPs associated with aggressive PrCa. As case-only approaches are likely to identify
PSA-related associations, comparisons of cases to true controls without cancer may reveal other
biological mechanisms associated with aggressive PrCa unrelated to genetic contributions to
PSA levels. Aggressive specific PRS can provide information orthogonal to PSA screening
results that could help clinicians and patients to determine appropriate monitoring and treatment
decisions for prostate cancer.
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Table 1.2. Associations between single nucleotide polymorphisms and aggressive or non-
aggressive prostate cancer

. Risk Ref Odds
Region SNP Allele  Allele RAF Ratio 95% CI P-value
Aggressive SNPs “
1921 1517599629 G A 0.21 1.19 (1.09, 1.30) 4.78E-05
2pll rs10187424 A G 0.58 1.16 (1.08, 1.25) 3.89E-05
2q31 1512621278 A G 0.94 1.43 (1.20, 1.69) 4.77E-05
12ql13 1s902774 A G 0.14 1.30 (1.19, 1.43) 3.42E-08
12ql14 187968403 T C 0.64 1.16 (1.07, 1.25) 1.62E-04
Non-Aggressive SNPs “
1g21 1534579442 C CT 0.33 1.11 (1.05, 1.17) 2.84E-04
3ql3 1s7611694 A C 0.60 1.11 (1.05, 1.16) 1.49E-04
4q24 187679673 C A 0.58 1.10 (1.04, 1.16) 2.88E-04
6925 1$9364554 T C 0.27 1.14 (1.08, 1.20) 3.85E-06
Tpl5 rs10486567 G A 0.76 1.17 (1.10, 1.25) 3.29E-07
8p21 rs1512268 A G 0.43 1.18 (.12, 1.24) 2.32E-10
8q24 1510086908 T C 070 121  (1.15, 129) 2.32E-11
8q24 rs445114 T C 0.63 1.11 (1.05, 1.16) 1.96E-04
11925 rs878987 G A 0.14 1.17 (1.09, 1.25) 1.24E-05
12ql13 rs10875943 C T 0.29 1.13 (1.07, 1.20) 9.69E-06
19q13 rs2735839 G A 0.85 1.26 (L.16, 1.35) 2.71E-09
Overlap SNPs *
6922 rs339331 T C 0.70 1.14 (1.09, 1.20) 2.46E-06
8q24 rs1016343 T C 0.20 1.26 (1.20, 1.33) 2.35E-17
8q24 116902104 T C 0.13 1.22 (.16, 1.29) 3.03E-09
8q24 156983267 G T 0.50 1.26 (r.21, 1.32) 1.18E-23
8q24 rs11986220 A T 0.09 1.55 (145, 1.65) 3.83E-37
10ql1 rs10993994 T C 0.39 1.22 (.17, 1.28) 1.20E-17
11ql3 rs10896449 G A 0.51 1.20 (.16, 1.26) 5.21E-15
17q12 rs7501939 C T 0.60 1.18 (1.13, 1.23) 1.87E-11
17q24 rs1859962 G T 0.48 1.16 (.11, 1.21) 1.21E-09
22ql3 1$5759167 G T 0.50 1.14 (1.09, 1.19) 4.39E-07

Bonferroni corrected p-value threshold = 2.99E-04

RAF = Risk allele frequency in the non-Hispanic Whites

“ Aggressive SNP effect estimates are from the aggressive case-control while Non-Aggressive SNP effect estimates are from the
non-aggressive case control. For Overlap SNPs, odds ratio and P-values are based on meta-analysis of aggressive and non-
aggressive case-control analyses
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Table 1.4. Performance of PRS in Non-Hispanic Whites and African Americans across
phenotypes in case-control analyses

Aggressive Case-control

Analysis PRS157 PRS,
Ratio (95% CI) P-value Ratio (95% CI) P-value
Non-Hispanic Whites
Composite Aggressive 1.73  (1.65, 1.82) 6.20E-104 1.27  (1.21, 1.33) 2.82E-22
Early Onset 2.05 (1.81, 2.32) 2.57E-29 1.26  (1.12, 1.42) 1.67E-04
High Gleason 1.54 (142, 1.67) 5.06E-26 1.24  (1.15, 1.35) 4.94E-08
Biochemical Recurrence 1.74  (1.63, 1.85) 1.24E-63 1.28  (1.21, 1.37) 5.35E-15
African Americans
Composite Aggressive 1.53  (1.31, 1.78)  4.03E-08 1.21  (1.05, 1.40) 0.008
Early Onset 1.71  (1.26, 2.35) 0.001 1.13  (0.85, 1.51) 0.396
High Gleason 1.49 (1.15, 1.92) 0.002 1.30  (1.02, 1.64) 0.031
Biochemical Recurrence 1.56  (1.28, 1.91) 1.48E-05 1.23  (1.01, 1.49) 0.037
Non-aggressive
Case-contgrgol Analysis PRS157 PRS,
Ratio (95% CI) P-value Ratio (95% CI) P-value
Non-Hispanic Whites
Composite Non-Aggressive 1.70 (1.64, 1.76) 3.58E-197 .11 (1.07, 1.14) 1.19E-09
Late/normal Onset 1.69 (1.64, 1.75) 9.46E-245 1.15  (1.11, 1.18) 1.57E-20
Low Gleason 1.75 (1.68, 1.82) 3.96E-184 1.12  (1.08, 1.16) 1.27E-09
No Biochemical 170 (1.65, 1.76) 1.38E-229  1.13  (1.09, 1.16)  8.80E-15
Recurrence
African Americans
Composite Non-Aggressive 1.41  (1.26, 1.58)  2.48E-09 1.03  (0.92, 1.15) 0.636
Late/normal Onset 142 (1.28, 1.57) 1.30E-11 1.09  (0.99, 1.20) 0.080
Low Gleason 1.46 (1.31, 1.64) 6.91E-11 1.05  (0.94, 1.17) 0.378
No Biochemical 143 (129, 1.59) 9.81E-12  1.06 (0.96, 1.17)  0.262

Recurrence
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Table 1.5. Pathway associations for aggressive and non-aggressive prostate cancer

Note: FDR is calculated by the Benjamini-Hochberg procedure, values are normally between 0

and 1 but can be greater than 1.0 due to multiple test correction. Values in the FDR columns are

color-coded green > yellow > orange > red such that green indicates larger values while red

indicates smaller values. Lists of genes used in the gene list analysis are provided below

following the table.
Aggressive SNPs Results Non-aggressive SNPs Resul
Fold Raw P Fold Raw P
Pathway Enrichment  value FDR Enrichment  value FDR
Regulation of TP53 Activity through Association with Co-factors <0.01 1.000 - 339 1.54E-04 0.014
Regulation of TP53 Activity through Acetylation 16.1 1.86E-04 5.44E-03 13.8 0.011 0.236
“+Regulation of TP53 Activity 435 3.41E-04 7.88E-03 9.4 8.26E-07 1.83E-04
S Transcriptional Regulation by TP53 5.0 2.06E-08 6.3 7.65E-08
TFAP2 (AP-2) family regulates transcription of cell cycle factors 738 1.55E-06 1.55E-04 316 0.037 0.586
“Transcriptional regulation by the AP-2 (TFAP2) family of transcription factors 25.2 5.23E-10 144 0.001 0.059
“Generic Transcription Pathway 5.7 2.22E-23 49 2.17E-11
“sGene Expression 33 2.15E-16 3.0 1.6SE-08
TFAP2 (AP-2) family regulates transcription of other transcription factors 69.2 4.12E-05 0.002 <0.01 1.000
TFAP2 (AP-2) family regulates transcription of growth factors and their receptors 36.9 1.18E-05 6.92E-04 15.8 0.067 0.818
TFAP2A acts as a transcriptional repressor during retinoic acid induced cell differentiation 36.9 0.002 0.039 <0.01 1.000
Activation of the TFAP2 (AP-2) family of transcription factors 231 5.03E-04 0.010 26.4 0.003 0.107
Regulation of gene expression in beta cells 154 0.001 0.026 26.4 2.97E-04 0.018
Regulation of gene expression in early pancreatic precursor cells 39.6 1.38E-04 0.004 45.2 0.001 0.058
“+Regulation of beta-cell development 15.9 2.92E-05  0.001 327 7.666-08 |21B8E-05
POUSF1 (OCT4), SOX2, NANOG repress genes related to differentiation 61.5 0.001 0.021 52.7 0.025 0.454
S Transcriptional regulation of pluripotent stem cells 16.3 4,02E-06 3.20E-04 18.6 9.30E-05 0.010
L Developmental Biology 38 8.49E-11 5.6 2.10E-13
POUSF1 (OCT4), SOX2, NANOG activate genes related to proliferation 38.5 7.55E-07 26.4 0.003 0.109
Nuclear Receptor transcription pathway 331 2.94E-16 243 3.65E-07
CDO in myogenesis 6.6 0.041 0.411 22.6 4.67E-05 0.007
S+ Myogenesis 6.6 0.041 0.413 226 467E-05  0.007
MAPK targets/ Nuclear events mediated by MAP kinases 185 2.11E-06 1.91E-04 211 5.96E-05  0.007
+MAP kinase activation in TLR cascade 10.8 7.47E-06 5.13E-04 13.2 5.53E-05  0.007
S TRIF-mediated TLR3/TLR4 signaling 7.7 1.64E-05 8.83E-04 8.2 4.43E-04 0.024
L MyD88-independent TLR3/TLR4 cascade 7.7 1.64E-05 8.37E-04 8.2 4.43E-04 0.023
s Activated TLR4 signalling 6.7 4,10E-05  0.002 7.2 8.01E-04  0.039
s Toll Like Receptor 4 (TLR4) Cascade 6.0 8.61E-05 0.003 6.4 0.001 0.057
S Toll Like Receptor 3 (TLR3) Cascade 7.7 1.64E-05 8.59E-04 8.2 4.43E-04 0.023
“Toll-Like Receptors Cascades 5.0 2.87E-04  0.007 53 0.003 0.102
L MyD88 cascade initiated on plasma membrane 8.0 4.51E-05 0.002 9.8 2.10E-04 0.017
S Toll Like Receptor 10 (TLR10) Cascade 8.0 4.51E-05 0.002 9.8 2.10E-04 0.016
S Toll Like Receptor 5 (TLRS) Cascade 8.0 4.51E-05 0.002 9.8 2.10E-04 0.016
L MyD88_Mal cascade initiated on plasma membrane 7.1 8.97E-05 0.003 8.7 3.51E-04 0.021
S Toll Like Receptor TLR1_TLR2 Cascade 6.9 1.09E-04 0.004 8.4 4.04E-04 0.023
“+Toll Like Receptor 2 (TLR2) Cascade 6.9 1.09E-04  0.003 8.4 4.04E-04 0.022
“Toll Like Receptor TLR6_TLR2 Cascade 7.1 8.97E-05 0.003 8.7 3.51E-04 0.021
TRAF6 mediated induction of NFkB and MAP kinases upon TLR7/8 or 9 activation 7.8 4.85E-05 0.002 8.7 2.22E-04 0.016
L MyD88 dependent cascade initiated on endosome 7.7 5.58E-05 0.002 9.4 2.47E-04 0.016
“+Toll Like Receptor 9 (TLR9) Cascade 74 6.88E-05 0.002 8.1 2.88E-04 0.019
+Toll Like Receptor 7/8 (TLR7/8) Cascade 7.7 5.58E-05  0.002 5.4 2.47e-04  0.017
Activation of anterior HOX genes in hindbrain development during early embryocgenesis 13.0 5.51E-10 20.5 2.21E-11
L+ Activation of HOX genes during differentiation 13.0 5.51E-10 20.5 2.21E-11
Nuclear Events (kinase and transcription factor activation) 115 0.003 0.048 158 6.35E-04 0.032
Transcriptional activation of mitochondrial biogenesis 138 9.30E-06 5.78E-04 15.8 9.05E-06 0.002
“+Mitochondrial biogenesis 113 2.66E-05 1.26E-03 16.1 2.24E-05  0.004
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Aggressive SNPs Results

Non-aggressive SNPs Results

Fold Raw P Fold Raw P
Pathway (continued) Enrichment  value FDR Enrichment  value FDR
Transcriptional regulation of pluripotent stem cells 16.3 4.02E-06 3.20E-04 186 9.30E-05 0.010
RNA Polymerase Il Transcription Initiaticn From Type 3 Promoter 6.6 0.041 0.415 17.0 9.57E-04  0.044
L+RNA Polymerase IIl Transcription 6.8 0.012 0.150 15.4 1.82E-04 0.016
“+RNA Polymerase |, RNA Polymerase Ill, and Mitochondrial Transcription 7.5 5.95E-06 4.23E-04 7.1 8.33E-04  0.040
YAP1- and WWTR1 (TAZ)-stimulated gene expression 19.1 1.78E-06 1.68E-04 16.4 0.001 0.048
RNA Polymerase Ill Abortive And Retractive Initiation 6.8 0.012 0.148 15.4 1.82E-04 0.015
BMAL1:CLOCK, NPAS2 activates circadian gene expression 13.2 1.20E-05 6.61E-04 113 0.003 0.093
S+ Circadian Clock 104 9.10E-06 6.04E-04 1238 6.41E-05 0.008
Transcriptional regulation of white adipocyte differentiation 8.5 3.99E-06 3.31E-04 12.2 148E-05 0.003
RNA polymerase Il transcribes snRNA genes 9.2 1.85E-05 9.38E-04 113 1.10E-04 0.010
PPARA activates gene expression 8.2 7.66E-08 8.6 9.24E-05 0.010
“+Regulation of lipid metabolism by Peroxisome proliferator-
activated receptor alpha (PPARzlpha) EX:] 9.54E-09 85 1.02E-04 0.010
Binding of TCF/LEF.CTNNB1 to target gene promoters 39.6 1.38E-04  0.004 45.2 0.001 0.056
“+Formaticn of the beta-catenin:TCF transactivating complex 12.2 3.53E-06 3.06E-04 9.0 0.005 0.134
+TCF dependent signaling in response to WNT 4.7 7.71E-05  0.003 33 0.037 0.588
LaSignaling by Wnt 35 4.16E-04  0.009 2.7 0.038 0.554
Lesignal Transduction 16 0002 0031 12 o497 |[2S70N
LRR FUI-interacting protein 1 [LRRFIP1) activates type | IFN production 36.9 0.002 0.039 316 0.037 0.591
G2 Phase 36.9 0.002 0.039 <0.01 1.000
Nuclear Receptor transcription pathway 331 2.94E-16 243 3.65E-07
p7SNTR negatively regulates cell cycle via SC1 308 0.003 0.050 <0.01 1.000
Activation of the AP-1 family of transcription factors 27.7 3.21E-04 0.008 15.8 0.067 0.808
Repression of WNT target genes 213 6.14E04 0012 122 0085 [NoSoaN
SMAD2/SMAD3:SMAD4 heterotrimer regulates transcription 20.2 1.70E-07 9.9 0.013 0372
“+Transcriptional activity of SMAD2/SMAD3:SMAD4 heterotrimer 14.7 1.15E-06 1.20E-04 7.2 0.034 0.557
L+Signaling by TGF-beta Receptor Complex 5.0 2.23E-05 0.001 4.4 0.079 0.888
YAP1- and WWTR1 (TAZ)-stimulated gene expression 19.1 1.78E-06 1.68E-04 16.4 0.001 0.048
Signaling by cytosolic FGFR1 fusion mutants 173 0.001 0.020 EX:) 0.102
4FGFR1 mutant receptor activation 142 2.83E-04  0.007 6.1 0.157
“Signaling by FGFR1 in disease 11.2 6.43E-04 0.013 4.8 0.183
LsSignaling by FGFR in disease 9.6 6.34E-05  0.002 5.5 0.055 0.721
LsDiseases of signal transduction 4.9 8.18E-07 34 0.010 0.224
LsDisease 21 0.003 0.044 13 0.031 0.532
Polo-like kinase mediated events 173 0.001 0.020 15.8 0.006 0.141
Deactivation of the beta-catenin transactivating complex 154 8.6SE-07 7.5 0.031 0.535
GO and Early G1 148 2.47E-04  0.006 <0.01 1.000
+Mitotic G1-G1/S phases 4.7 0.001 0.020 23 0.222
Activation of gene expression by SREBF (SREBP) 138 9.30E-06 5.97E-04 4.0 0.228
“+Regulation of cholesterol biosynthesis by SREBP [SREBF) 105 3.98E-05 0.002 3.0 0.289
Signaling by Retinoic Acid 13.2 1.20E-05 6.80E-04 113 0.003 0.101
Pre-NOTCH Transcription and Translation 12.7 4.12E-04  0.009 5.5 0.172 -
+Pre-NOTCH Expression and Processing 8.2 0.002 0.033 35 0.252
L+Signaling by NOTCH 7.7 4.83E-06 3.70E-04 4.4 0.033 0.545
Oncogene Induced Senescence 123 4.63E-04  0.010 <0.01 1.000 -
“+Cellular Senescence 5.4 6.84E-05  0.002 5.1 0.003 0.109
LsCellular responses to stress 32 5.66E-04  0.012 32 0.007 0.183
HDMs demethylate histones 120 0003  0.044 <0.01 1000 [ESE0N
L+Chromatin modifying enzymes 7.4 1.42E-10 - 35 0015 = 0.309
L+Chromatin organization 7.4 1.42E-10 35 0.015 0.306
TRAF6 mediated IRF7 activation 115 S5.79E-04  0.012 4.9 0.188
L+RIG-1/MDAS mediated induction of IFN-zlpha/beta pathways 5.8 0.002 0.038 4.0 0.054
HDACs deacetylate histones 105 3.98E-05 0.002 3.0 0.289
NOTCH1 Intracellular Demain Regulates Transcription 10.3 1.94E-04  0.005 7.0 0.035 0.574
+Signaling by NOTCH1 6.6 0.001 0.024 4.5 0.075 0.876
RNA Polymerase Il Transcription Initiation 10.0 2.13E-04 0.006 10.3 0.004 0.109
+RNA Polymerase Il Transcription Initiation And Promoter Clearance 10.0 2.13E-04 0.006 103 0.004 0.104
RNA Polymerase |l Transcription Pre-Initiation And Promcter Opening 10.0 2.13E-04 0.006 10.3 0.004 0.107
RNA Polymerase Il Promoter Escape 10.0 2.13E-04  0.006 103 0.004 0.106
RNA Polymerase Il KIV Promoter Escape 10.0 2.13E-04 0.006 103 0.004 0.103
“Transcription of the HIV genome 7.7 1.92E-04  0.005 8.8 0.001 0.058
HIV Transcription Initiation 10.0 2.13E-04  0.006 103 0.004 0.101
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Aggressive SNPs Results

Non-aggressive SNPs Results

Fold Raw P Fold Raw P
Pathway (continued) Enrichment  value FDR Enrichment  value FDR
RNA Polymerase | Transcription Initiation 9.8 2.34E-04 0.006 34 0.261
4+ RNA Polymerase | Promoter Clearance 6.4 0.001 0.026 2.2 0.369
L+RNA Polymerase | Transcription 7.5 2.20E-04  0.006 21 0.377
L+RNA Polymerase |, RNA Polymerase IIl, and Mitochondrial Transcripti
on 7.5 5.95E-06 4.23E-04 7.1 8.33E-04 0.040
TP53 Regulates Transcription of Cell Cycle Genes 9.6 2.56E-04  0.006 6.6 0.039 0.608
ERCCE (CSB) and EHMT2 (GSa) positively regulate rRNA expression 9.5 0.001 0.022 <0.01 1.000 -
L+ positive epigenetic regulation of rRNA expression 8.1 143E-04 0.004 4.7 0.072 0.850
LsEpigenetic regulation of gene expression 7.6 5.56E-06 4.10E-04 5.8 0.006 0.145
PPARA activates gene expression 9.2 7.66E-08 8.6 9.24E-05 0.010
L+Regulation of lipid metabolism by Peroxisome proliferator-
activated receptor alpha (PPARalpha) 9.9 9.54E-09 8.5 1.02E-04 0.010
LeFatty acid, triacylglycerol, and ketone body metabelism 49 1.02E-05 6.17E-04 4.2 0.003 0.105
RMTs methylate histone arginines 5.0 0.001 0.025 <0.01 1.000
Factors invelved in megakaryocyte development and platelet production 89 S.18E-10 4.1 0.018 0.375
+Hemostasis 24 0.002 0.038 11 0.789
TP53 Regulates Transcription of DNA Repair Genes 85 1.14E-04  0.004 73 0.003 0.216
Constitutive Signaling by NOTCH1 HD+PEST Domain Mutants 8.2 4.94E-04 0.011 5.7 0.052 0.707
L+Signaling by NOTCH1 HO+PEST Domain Mutants in Cancer 8.2 4.94E-04 0.011 5.7 0.052 0.702
L+Signaling by NOTCH1 in Cancer 8.2 4.94E-04 0.011 5.7 0.052 0.683
Constitutive Signaling by NOTCH1 PEST Demain Mutants 8.2 4.94E-04 0.011 5.7 0.052 0.657
L+Signaling by NOTCH1 PEST Domain Mutants in Cancer 8.2 4.94E-04 0.010 5.7 0.052 0.688
NoRC negatively regulates rRNA expression 8.0 1.54E-04 0.005 23 0.357 -
L+ Negative epigenetic regulation of rRNA expression 77 1.92E-04  0.006 2.2 0.369
RNA Polymerase Il Pre-transcription Events 7.3 2.52E-04 0.006 83 0.002 0.064
Senescence-Associated Secretory Phenotype (SASP) 6.3 0.002 0.027 43 0.081 -
Unclassified 0.7 3.98E-07 0.8 0.005 0.129
GPCR downstream signaling 0.1 3.90E-04 0.009 <0.01 0.003 0.104
+Signaling by GPCR 0.2 6.98E-04 0.014 0.12 0.005 0.134
Transmembrane transport of small molecules <0.01 0.002 0.027 <0.01 0.038 0.580

Genes used in the gene list analysis based on the PRSA SNPs included the following:

AIRE, AP-2, AP-2alpha, AP-2gamma, AR, ARID3A, ATF2, ATF3, Arnt, BATF, BCL11A,

BCL3, BCL6, BCLAF1, BHLHE40, BLIMP1, Bcl6b, C/EBPbeta, C/EBPdelta, CBX3, CCNT2,

CDX2, CEBPB, CEBPD, CHD1, CHD2, CKROX, COUP-TF=HNF-4, COUPdirectrepeat],

CREBI, CTCF, CUXI, Cdcs, Cdx, Cdx1, Cdx2, E2F, E2F-1, E2F-1:DP-1, E2F-1:DP-2, E2F-

4:DP-2, E2F1, E2F3, E2F4, E2F6, EBF, EBF1, EGR1, ELF1, ELK1, ELK4, EP300, ESRI,

ESRRA, ETS1, EWSRI1-FLI1, ElIf3, Evi-1, Evil, FACI, FOS, FOSL2, FOXA1, FOXA2,

FOXBI1, FOXCI1, FOXC2, FOXD2, FOXD3, FOXJ2, FOXJ3, FOXM1, FOXO1, FOXO3A,

FOXP1, FOXP2, FOXfactors, Foxa2, Foxd3, Foxj3, Foxkl, Foxl1, Freac-7, GABPBI1, GAF,

GATA-1, GATA-2, GATA-3, GATA-6, GATA1, GATA2, GATA3, GATAS, GATA6, GSX2,

GTF2F1, GZF1, Gatal, Gata3, Gfi, Gfi-1, Gfil, Gfilb, HDAC1, HDAC2, HEY2,
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HFH4(FOXJ1), HFH8(FOXF1A), HMGN3, HNF3, HNF4, HNF4A, HNF4alphal, HOXA10,
HOXA13, HOXC10, HOXC11, HSF1, Hnf4a, Hoxal0, Hoxa3, Hoxa9, Hoxb13, Hoxb6, Hoxbs,
Hoxb9, Hoxc13, Hoxd10, IKZF1, IPF1, IRF-1, IRF-2, IRF1, ISGF-3, 1k-2, Irf3, Irx4, JUN,
JUNB, JUND, KAISO, KDMS5A, KDM5B, KROX, KIf7, LUN-1, MAFF, MAFK, MAX, MAZ,
MAZR, MBD4, MEF-2, MEF2A, MEOX2, MTA3, MTF-1, MXI1, MYBL2, MYC, MZF1,
Maftb, Mtfl, NF-1, NF-Y, NF-kappaB, NFATC1, NFE2L2, NFIC, NFKB1, NFYA, NFYB,
NR1H2::RXRA, NR2C2, NR2F1, NR2F2, NR2F6, NR3C1, Nanog, Nkx2-5, ONECUT3, Oct-1,
Olf-1, P50:P50, PHFS, PML, POLR2A, POU2F2, PPAR, PPAR=HNF-4=COUP=RAR,
PPARG::RXRA, PPARalpha:RXRalpha, PPARdirectrepeat], PPARgamma:RXRalpha, Pitx2,
Plagll, Pou4f3, RAD21, RARA, RARB, RARG, RBBPS5, RCOR1, REST, RFX3, RFXS5, RREB-
I, RREB1, RUNX3, RXR:LXR-beta, RXRA, RXRB, RXRG, Rfx3, Rxra, SAP30, SCRTI,
SCRT2, SETDBI, SIN3A, SMARCA4, SMARCBI1, SMARCC1, SMARCC2, SMC3, SP1,
SP1:SP3, SP4, SPI1, SPIB, SPIC, SREBP, SRF, STATI1, STAT3, STAT3:STAT3, STAT6, Six6,
Smad3, Sox1, Sox11, Sox12, Sox15, Sox2, Sox4, Sox7, Sox8, Spl, Sp3, Sp4, Srf, TAF1, TAF7,
TAL1, TBP, TCF11:MafG, TCF12, TCF7, TCF7L2, TEADI1, TEAD3, TEADA4, TEF, TFAP2A,
TFAP2C, TRIM28, Tcfl, Tef2, Tcfap2a, Tcfap2e, Tcfap2e, Tcfe2a, UBTF, UF1H3BETA,
USF1, USF2, WRNIP1, WT1, YY1, YY2, ZBRK1, ZBTB33, ZBTB7A, ZEBI1, ZIC1, ZIC3,
ZIC4, ZNF143, ZNF217, ZNF219, ZNF263, ZNF515, ZNF740, Zbtb3, Zec, Zfp105, Z{p281,

Z1p423, Zfp740, Z1x, Zicl, Zic2, Zic3, Zscan4, aMEF-2, c-Myc:Max, mTERF

Genes used in the gene list analysis based on the PRSxa SNPs included the following:

(SATB1)2, AIRE, AP-1, AP-4, AR, ARID3A, ASCL2, ATF2, Ascl2, BCL6, BHLHE40,

BLIMPI, Bachl, Bcl6b, C/EBP, C/EBPbeta, CAC-bindingprotein, CCNT2, CDPCR3, CEBPA,
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CEBPB, CHDI1, COUPTF, CREB, CREBI, CTCF, Cdx, Crx, DEAF1, DMRT1, DMRT2,
DMRT3, DMRTS, Dbx1, Dbx2, DIx4, Dmbx1, E2F6, EBF1, ELF5, EN1, EP300, ESRRA,
EWSRI1-FLI1, EZH2, Elf3, Elf5, Evi-1, FOXA1, FOXA2, FOXC1, FOXC2, FOXD3, FOXGI,
FOXJ2, FOXJ3, FOXM1, FOXO3A, FOXP1, FRAI, Foxa2, Foxd3, Foxj3, Foxkl, Foxl1, Freac-
7, GATAL, GATA2, GBX2, Glis2, HFH3(FOXI1), HMGIY, HNF1, HNF1A, HNF3, HNF4A,
HNF4directrepeat], HSF1, Hbpl, HeliosA, Hicl, Hoxb13, Hoxb3, Hoxd10, Hoxd13, IKZF1,
INSM1, IRF4, LRF, LUN-1, MAFK, MAX, MEF-2, MEF2A, MEF2C, MEOX2, MXI1, MYC,
MYF, Maftk, Mtfl, Myf, Myf6, NF-Y, NFATCI, NFIC, NFKB1, NR2F2, NeuroD, Nkx2-3,
Nkx5-2, ONECUTI1, ONECUT2, ONECUTS3, Obox1, Obox5, Oct-1, Oct-6, Otx2, PLAGI,
PML, POLR2A, POUIFI1, POU2F1, POU3F3, POU4F1, POU4F2, POU4F3, POUSF1, PU.1,
Pax-5, Pax-6, Pax6, Pbx1, Poulfl, Pou3fl, Pou3f3, Pou3f4, Pou4f3, RAD21, RARA, RARB,
RARG, REST, RORalpha, RREB1, RSRFC4, RUNX3, SMC3, SPDEF, SPI-B, SPI1, SPIC,
SREBP, SREBPI, SRF, STATSA, SUZ12, Sfpil, Six6, Sox1, Sox11, Sox4, Spic, Srf, Staf,
TAF1, TATA, TBP, TCF12, TCF7L2, TEAD1, TEAD3, TEAD4, TFAP2B, TP73, TRIM28,

Tbp, Tcfap2e, ZNF143, Zfp105, Zp128, Zfp161, mTERF
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Table 1.6. Sensitivity analysis evaluating impact of FDR significance versus Bonferroni
corrected significance in SNP selection procedure.

Note: The PRSgpr 4 included the following ten SNPs: rs7767188, 157968403, rs8102476,

rs61890184, rs6763931, rs684232, rs7153648, rs12665339, rs1283104, and rs4924487. The

PRSppr na included the following 30 SNPs: rs2735839, 159364554, rs878987, rs445114,

1s7611694, rs17021918, rs34579442, rs10845938, rs1218582, rs1983891, rs28441558,

rs11649743, rs17694493, rs76934034, rs7127900, rs12500426, rs6465657, rs13252298,

rs7000448, rs12785905, rs5945572, rs12543663, rs9623117, rs2807031, rs11650494,

1s2660753, rs33984059, rs2273669, 1s59308963, and rs1270884.There was no overlap in the

selected aggressive SNPs between FDR and Bonferroni correction approaches but there was

overlap in the selected non-aggressive SNPs.

Case-only Analysis

PRSrpr,A

PRSrprNA

Ratio (95% CI) P-value Ratio (95% CI) P-value
Non-Hispanic Whites
Composite Aggressive 1.11  (1.05, 1.18) 1.71E-04 0.87  (0.82, 0.92) 7.60E-07
Early Onset 1.23  (1.09, 1.39) 6.29E-04 1.10  (0.97, 1.24) 0.137
High Gleason 1.03  (0.94, 1.12) 0.523 0.84  (0.77, 0.92) 1.46E-04
Biochemical Recurrence 1.17  (1.10, 1.26) 2.77E-06 0.89  (0.83, 0.95) 4.94E-04
African Americans
Composite Aggressive 1.20  (1.00, 1.45) 0.052 0.95 (0.79, 1.14) 0.581
Early Onset 1.17 (091, 1.51) 0.234 1.30  (1.02, 1.67) 0.039
High Gleason .34 (1.02, 1.77) 0.037 0.94  (0.72, 1.23) 0.637
Biochemical Recurrence 1.17  (0.94, 1.44) 0.155 1.06 (0.86, 1.30) 0.605
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Figure 1.4. Aggressive versus non-aggressive SNPs among the 167 known prostate cancer
loci

Legend: The Venn diagram in Figure 4 depicts the three subsets of SNPs among the 167 known
Prostate Cancer loci that are either associated only with aggressive disease (red), associated only
with non-aggressive disease (blue) or associated with both (purple).

167

Non-
Aggressiveness
Aggressiveness SNPs:
SNPs: rs34579442
rs17599629 rs7611694

rs7679673

s9364554
rs10486567

rs1512268
rs10086908

rs445114

rs7968403

Overlaping SNPs: rs339331,rs1016343, rs16902104, rs6983267, rs11986220,
rs10993994, rs108956449, rs7501939, rs1859962, rs5759167
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Supplemental Table 1.1. List of the 167 known prostate cancer loci

Previously
Risk Reference published
SNP Region Chr Position Allele Allele Odds Ratio Source
15636291 1p35 1 10556097 A G 1.18 Han 2015
1s56391074 1p22 1 88210715 A AT 1.05 Schumacher 2018
1s17599629 1921 1 150658287 G A 1.08 Han 2015
1534579442 1921 1 153899900 C CT 1.07 Schumacher 2018
rs1218582 1921 1 154834183 G A 1.06 Han 2015
154245739 1932 1 204518842 A C 1.10 Han 2015
rs1775148 1932 1 205757824 C T 1.06 Han 2015
1562106670 2p25 2 8597123 T C 1.05 Schumacher 2018
rs11902236 2p25 2 10117868 A G 1.07 Han 2015
1s9287719 2p25 2 10710730 C T 1.06 Han 2015
rs13385191 2p24 2 20888265 G A 1.07 Han 2015
rs1465618 2p21 2 43553949 A G 1.08 Han 2015
15721048 2pl5 2 63131731 A G 1.15 Han 2015
rs74702681 2pl4 2 66652885 T C 1.17 Schumacher 2018
rs10187424 2pll 2 85794297 A G 1.09 Han 2015
rs11691517 2ql3 2 111893096 T G 1.07 Schumacher 2018
1s12621278 2q31 2 173311553 A G 1.33 Han 2015
1s34925593 2q31 2 174234547 C T 1.05 Schumacher 2018
rs59308963 2q33 2 202123479 T TATTCTGTC 1.05 Schumacher 2018
152292884 2q37 2 238443226 G A 1.14 Han 2015
rs3771570 2q37 2 242382864 A G 1.12 Han 2015
152660753 3pl2 3 87110674 T C 1.13 Han 2015
1s2055109 3pll 3 87467332 C T 1.20 Han 2015
rs1283104 3ql3 3 106962521 G C 1.05 Schumacher 2018
157611694 3ql3 3 113275624 A C 1.10 Han 2015
rs10934853 3q21 3 128038373 A C 1.12 Han 2015
156763931 3q23 3 141102833 T C 1.04 Han 2015
15182314334 3q25 3 152004202 T C 1.09 Schumacher 2018
15142436749 3q26 3 169093100 G A 1.25 Schumacher 2018
rs10936632 3q26 3 170130102 A C 1.11 Han 2015
rs10009409 4ql13 4 73855253 T C 1.08 Han 2015
151894292 4ql13 4 74349158 G A 1.10 Han 2015
rs12500426 4q22 4 95514609 A C 1.08 Han 2015
rs17021918 4q22 4 95562877 C T 1.11 Han 2015
157679673 4q24 4 106061534 C A 1.10 Han 2015
152242652 5pl5 5 1280028 G A 1.15 Han 2015
1512653946 5pl5 5 1895829 T C 1.10 Han 2015
rs2121875 5pl2 5 44365545 G T 1.05 Han 2015
rs10793821 5q31 5 133836209 T C 1.05 Schumacher 2018
1s76551843 5935 5 169172133 A G 1.31 Schumacher 2018
156869841 5935 5 172939426 A G 1.07 Han 2015
154976790 5935 5 177968915 T G 1.08 Schumacher 2018
154713266 6p24 6 11219030 C T 1.06 Han 2015
15115457135 6p22 6 30073776 A G 1.07 Han 2015
rs12665339 6p21 6 30601232 G A 1.06 Schumacher 2018
15130067 6p21 6 31118511 G T 1.05 Han 2015
1s3096702 6p21 6 32192331 A G 1.07 Han 2015
15115306967 6p21 6 32400939 G C 1.06 Han 2015
1s9296068 6p21 6 32988695 T G 1.05 Schumacher 2018
159469899 6p21 6 34793124 A G 1.05 Schumacher 2018
rs1983891 6p21 6 41536427 T C 1.09 Han 2015
15370814360 6p21 6 43694598 T C 1.05 Schumacher 2018
1s9443189 6ql4 6 76495882 G A 1.08 Han 2015
152273669 6q21 6 109285189 G A 1.07 Han 2015
rs339331 6q22 6 117210052 T C 1.08 Han 2015
rs1933488 6q25 6 153441079 A G 1.12 Han 2015
1s9364554 6q25 6 160833664 T C 1.08 Han 2015
1s527510716 Tp22 7 1944537 C G 1.06 Schumacher 2018
rs11452686 Tp21 7 20414110 T TA 1.05 Schumacher 2018
rs12155172 Tpl5 7 20994491 A G 1.11 Han 2015
rs10486567 Tpl5 7 27976563 G A 1.19 Han 2015
rs17621345 Tpla 7 40875192 A C 1.07 Schumacher 2018
1s56232506 Tpl2 7 47437244 A G 1.06 Han 2015
156465657 7921 7 97816327 C T 1.11 Han 2015
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Previously

Risk Reference published
SNP Region Chr Position Allele Allele Odds Ratio Source
152928679 8p21 8 23438975 T C 1.05 Han 2015
rs1512268 8p21 8 23526463 A G 1.18 Han 2015
rs11135910 8p21 8 25892142 A G 1.11 Han 2015
rs12543663 8q24 8 127924659 C A 1.08 Han 2015
rs10086908 8q24 8 128011937 T C 1.15 Han 2015
rs1016343 8q24 8 128093297 T C 1.25 Han 2015
rs13252298 8q24 8 128095156 A G 1.19 Han 2015
156983561 8q24 8 128106880 C A 1.47 Han 2015
15116041037 8q24 8 128131809 A G 2.45 Han 2015
rs445114 8q24 8 128323181 T C 1.14 Han 2015
rs16902104 8q24 8 128340908 T C 1.21 Han 2015
156983267 8q24 8 128413305 G T 1.23 Han 2015
rs7000448 8q24 8 128441170 T C 1.14 Han 2015
rs11986220 8q24 8 128531689 A T 1.36 Han 2015
rs1048169 9p22 9 19055965 C T 1.06 Schumacher 2018
rs17694493 9p21 9 22041998 G C 1.08 Han 2015
rs10122495 9pl13 9 34049779 T A 1.05 Schumacher 2018
rs817826 9q31 9 110156300 C T 1.41 Han 2015
rs1571801 9q33 9 124427373 A C 1.07 Han 2015
rs1182 9q34 9 132576060 A C 1.06 Schumacher 2018
15141536087 10pl5 10 854691 GCGCA G 1.08 Schumacher 2018
1576934034 10ql1 10 46082985 T C 1.13 Han 2015
rs10993994 10ql1 10 51549496 T C 1.23 Han 2015
rs1935581 10923 10 90195149 C T 1.05 Schumacher 2018
1s3850699 10q24 10 104414221 A G 1.10 Han 2015
157094871 10925 10 114712154 G C 1.04 Schumacher 2018
152252004 10q26 10 122844709 G T 1.16 Han 2015
154962416 10q26 10 126696872 C T 1.09 Han 2015
rs1881502 11pl5 11 1507512 T C 1.06 Schumacher 2018
1s7127900 11pl5 11 2233574 A G 1.22 Han 2015
rs61890184 11pl5 11 7547587 A G 1.07 Schumacher 2018
15547171081 11pl1 11 47421962 CGG C 1.05 Schumacher 2018
rs1938781 11ql12 11 58915110 C T 1.16 Han 2015
152277283 11ql12 11 61908440 C T 1.06 Schumacher 2018
rs12785905 11ql3 11 66951965 C G 1.12 Schumacher 2018
rs10896449 11ql3 11 68994667 G A 1.19 Han 2015
rs11290954 11ql3 11 76260543 AC A 1.06 Schumacher 2018
rs11568818 11g22 11 102401661 A G 1.10 Han 2015
rs1800057 11922 11 108143456 G C 1.16 Schumacher 2018
rs11214775 11923 11 113807181 G A 1.07 Han 2015
15138466039 11q24 11 125054793 T C 1.32 Schumacher 2018
15878987 11925 11 134266372 G A 1.07 Schumacher 2018
152066827 12p13 12 12871099 T G 1.06 Schumacher 2018
rs10845938 12p13 12 14416918 G A 1.06 Schumacher 2018
rs80130819 12q13 12 48419618 A C 1.14 Han 2015
rs10875943 12q13 12 49676010 C T 1.07 Han 2015
15902774 12q13 12 53273904 A G 1.17 Han 2015
157968403 12q14 12 65012824 T C 1.06 Schumacher 2018
1s5799921 12921 12 90160530 GA G 1.06 Schumacher 2018
rs1270884 12924 12 114685571 A G 1.07 Han 2015
157295014 12924 12 133067989 G A 1.05 Schumacher 2018
1s9600079 13g22 13 73728139 T G 1.01 Han 2015
rs1004030 14ql1 14 23305649 T C 1.05 Schumacher 2018
rs11629412 14q13 14 37138294 C G 1.06 Schumacher 2018
rs8008270 14922 14 53372330 G A 1.12 Han 2015
1s7153648 14923 14 61122526 C G 1.11 Han 2015
1s7141529 14924 14 69126744 G A 1.09 Han 2015
rs8014671 14924 14 71092256 G A 1.06 Han 2015
154924487 15ql5 15 40922915 C G 1.06 Schumacher 2018
1s33984059 15921 15 56385868 A G 1.19 Schumacher 2018
15112293876 15922 15 66764641 C CA 1.06 Schumacher 2018
rs11863709 16921 16 57654576 C T 1.16 Schumacher 2018
rs12051443 16q22 16 71691329 A G 1.06 Han 2015
15201158093 16923 16 82178893 TAA TA 1.05 Schumacher 2018
15684232 17p13 17 618965 G A 1.10 Han 2015
1528441558 17p13 17 7803118 C T 1.16 Schumacher 2018
15142444269 17ql1 17 30098749 C T 1.07 Schumacher 2018
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Previously

Risk Reference published
SNP Region Chr Position Allele Allele Odds Ratio Source
rs11649743 17q12 17 36074979 G A 1.15 Han 2015
rs7501939 17q12 17 36101156 C T 1.22 Han 2015
rs11650494 17921 17 47345186 A G 1.15 Han 2015
rs7210100 17921 17 47436749 A G 1.51 Han 2015
152680708 17922 17 56456120 G A 1.05 Schumacher 2018
151859962 17q24 17 69108753 G T 1.19 Han 2015
rs8093601 18qg21 18 51772473 C G 1.05 Schumacher 2018
1528607662 1821 18 53230859 C T 1.08 Schumacher 2018
1s12956892 1821 18 56746315 T G 1.05 Schumacher 2018
1s533722308 1821 18 60961193 CT C 1.05 Schumacher 2018
rs10460109 18q22 18 73036165 T C 1.05 Schumacher 2018
157241993 1823 18 76773973 G A 1.09 Han 2015
rs11666569 19p13 19 17214073 C T 1.05 Schumacher 2018
rs118005503 19q12 19 32167803 G C 1.09 Schumacher 2018
rs8102476 19q13 19 38735613 C T 1.12 Han 2015
rs11672691 19q13 19 41985587 G A 1.08 Han 2015
rs61088131 19q13 19 42700947 T C 1.06 Schumacher 2018
152735839 19q13 19 51364623 G A 1.15 Han 2015
15103294 19q13 19 54797848 C T 1.28 Han 2015
rs11480453 20q11 20 31347512 C CA 1.05 Schumacher 2018
rs12480328 20q13 20 49527922 T C 1.13 Han 2015
156091758 20q13 20 52455205 G A 1.07 Schumacher 2018
152427345 20q13 20 61015611 G A 1.06 Han 2015
156062509 20q13 20 62362563 A C 1.12 Han 2015
rs1041449 21q22 21 42901421 G A 1.06 Han 2015
152238776 22ql1 22 19757892 G A 1.08 Han 2015
1s9625483 22ql12 22 28888939 A G 1.14 Schumacher 2018
1s9623117 22ql3 22 40452119 C T 1.18 Han 2015
1s5759167 22ql3 22 43500212 G T 1.16 Han 2015
152405942 23p22 23 9814135 A G 1.14 Han 2015
rs17321482 23p22 23 11482634 C T 1.07 Schumacher 2018
1s5945572 23pl1 23 51229683 A G 1.23 Han 2015
rs2807031 23pll 23 52896949 C T 1.07 Han 2015
1s5919432 23ql2 23 67021550 A G 1.06 Han 2015
156625711 23ql3 23 70139850 A T 1.04 Han 2015
rs4844289 23ql3 23 70407983 G A 1.04 Han 2015
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Chapter 2
Detecting Gene-Environment Interactions in Human Birth Defects: Study Designs and Statistical
Methods
Introduction

Abnormal embryonic development likely depends on both inherited genetic risk factors
that reflect interactions between maternal and paternal genetics and on maternal environmental
influences at specific gestational times. Such gene-environment interactions (GxE) have been
reported for several congenital abnormalities, including neural tube defects (NTDs) (1),
congenital heart defects (CHD) (2), and oral-facial clefts (3). Nevertheless, the biological
mechanisms underlying such interactions generally remain somewhat unclear, and public health
recommendations have only begun to consider how combinations of genetic and environmental
effects could interact to influence the risk of birth defects (4).

Often GXE studies build upon existing knowledge about the individual main effects of
genetic or environmental factors. For example, animal studies, observational research, and
clinical trials determined the existence of a link between folate and the occurrence of NTDs
(5)(6-9)(10,11). Later, Christensen et al. (12) proposed that there was also a gene-nutrient
interaction between a folate related gene, methylenetetrahydrofolate reductase (MTHFR), and
maternal folate levels for NTDs. Furthermore, we are often interested in scenarios where the
GxE effect is greater than the simple combination of the genetic or environmental factor alone.
Before widespread availability of genotyped genetic data, family history was used as a proxy
measurement for inherited genetic risk. For example, (13) conducted a case-control study for

clubfoot that found the joint effect of smoking and family history (odds ratio (OR) = 20.30, 95%
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confidence interval (95%CI): 7.90 to 52.17) to be greater than the individual or multiplicative
effects of either smoking (OR = 1.34, 95%CI: 1.04, 1.72) or family history (OR = 6.52, 95% CI:
2.95,14.41).

In GxE studies of birth defects, it is important to recognize that multiple interaction
effects may occur simultaneously. Any maternal environmental exposure may interact with
either the mother’s genes or the infant’s genes to alter risks for birth defects, resulting in
coexisting infant GXE and maternal GxE effects. Additionally, there could be interactions
between infants’ genotype and their mothers’ genotype, yielding maternal-fetal gene-gene
interactions (GxG).

Researchers can investigate such interactions in the National Birth Defects Prevention
Study (NBDPS), a population based case-control study with 10 recruitment centers across the
country (Arkansas, California, Georgia, lowa, Massachusetts, New Jersey, New York, North
Carolina, Texas, and Utah). The NBDPS collected DNA samples from over 19,000 stillborn and
live-born case infants with birth defects from a pre-specified list of over 30 conditions. Also
available is information on the mothers of these case infants regarding genetic, lifestyle and
environmental exposures, as well as genetic data on fathers who provided DNA samples (14,15).
The same information was collected from over 6,000 population-based unmatched control
infants without birth defects and their parents (16).

The NBDPS has detected a number of associations, including between birth defects and
maternal “environmental” factors such as obesity (17) and diet quality (18) or with mothers’
pharmaceutical drug usage of antidepressants (19) and nitrosatable drugs (20). Investigators have
also found associations between candidate genes and birth defects including genes in folate-

related pathways for CHD (21) and glucose homeostasis genes for NTDs (22). (2) also identified
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multiple gene-environment interactions between folate-related genes and maternal smoking or
alcohol intake for CHDs. These examples represent only a handful of the numerous etiologic
questions that either have or could be investigated in the NBDPS.

There are many considerations for epidemiologic studies in which the main research
objective is to interrogate GXE associations for birth defects. These include choices in study
design, type of genetic information to collect, and statistical approaches to use. Here we present
and discuss some of the current study designs for, analytic methods used in, and challenges to
identifying GxE effects in studies of birth defects.

Methods
Measuring Genes and Environment

Genes. To date, most studies of GXE for birth defects have evaluated single-nucleotide
polymorphisms (SNPs) from candidate genes or loci. SNPs are generally chosen based on some
prior biological rationale or from main effect findings from candidate gene studies. For example,
in gene-nutrient studies, only genes from a pathway involved in the transport or metabolism of
that nutrient may be considered.

The focus on candidate genes has given way to genome-wide assessments of GXE, on
account of the increasing affordability of high-resolution genotyping arrays that are commonly
used in genome wide association studies (GWAS). Genome-wide interrogations of GXE effects,
termed gene-by-environment wide interaction studies (GEWIS) (23) often begin with
individually testing each SNP for its association with the outcome of interest, and then the most
strongly associated SNPs are evaluated for their interactions with environmental exposures. (24)
developed a method to extend GWAS analyses to include a GEWIS analysis that uses a two-step

approach. The first step serves as a screening phase and employs a test similar to the case-only
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approach (described below). In the second step, only SNPs that are significant in the first step are
tested for GXE using the traditional case-control approach.

In many two-step approaches investigators must optimize filtering significance (i.e., p-
values) thresholds in their selection of SNPs for analysis in the second step. Alternatively, one
can use two-stage data collection with high-density genotyping and analysis in the first stage
followed by genotyping of only the most statistically significant SNPs using a custom array in
the second stage (25,26). However the cost differential between high-density and targeted arrays
has become small enough that most studies simply run a high-density array on all study subjects.
Several Bayesian approaches are also available that average results from both case-only and
case-control approaches to estimate GXE effects (26). Specific pathway based analyses combine
the strengths of candidate gene and GWAS approaches; inter-related genes that play a part in the
same biological pathway are considered while using genetic data from genome-wide genotyping
arrays. This approach has only been recently applied to GxE studies (27).

One major point of contention in all GXE studies is whether detection of a main genetic
effect is necessary prior to testing interaction effects. In birth defects research, GXE effects are
typically assessed only for variants that have already shown evidence of a main genetic effect.
Recent methods, however, suggest that this approach may overlook important findings. For
example, some epidemiologic studies may have been unable to detect a clear association between
the C677T allele in the MTHFR gene, which plays a role in folate metabolism, and risk of NTDs
due to a lack of varying levels of folate intake in some study populations, especially post
fortification. It was only after a meta-analysis was conducted using 17 studies from North
America and Europe that the link was finally confirmed (28). Therefore, SNPs with a GxE effect

may not make it to the list of candidate SNPs due to a diminished genetic effect in the absence of
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an environmental exposure that also contributes to the outcome, as was the case with the MTHFR
variant and folate intake for NTDs (Daly et al.,1995; Crider et al., 2014). Some SNPs may only
be associated with an outcome in the presence of an environmental factor. In such a case, the
main effect for a SNP will not be found for a causal reason—because both the genetic factor and
the environmental factor must be present to observe the outcome. (1) reported that the risk of
NTDs was only slightly elevated for infants who possessed a risk SNP, rs11627387, in another
folate-related gene MTHFDI (OR=1.11, 95%CI: 0.87 to 1.41), but for infants who also had low
folate intake the risk of NTDs increased four-fold (OR=4.25, 95%CI: 2.33 to 7.75). If there is a
true etiologic mechanism by which the genetic and environmental factors interact to produce the
outcome, then a main genetic effect should not be required to investigate the presence of a GXE
effect.

Environment. There are unique considerations in studying maternal exposures just prior
to and during early pregnancy. In the data collection phase, maternal environmental exposure
ascertainment is challenging because mothers often underreport behaviors or lifestyle choices
that are known to potentially cause harm to their fetuses. A study in New Zealand found that
maternal smoking was underreported for half of all mothers based on a comparison between self-
reported smoking and levels of serum cotinine, a nicotine metabolite (29). Additionally, mothers
that did not respond to the lifestyle questionnaire were more likely to be heavy smokers in the
first trimester (40%) than mothers who did respond (16%) (29). Similar underreporting has also
been found for medication use in the United States (30). In addition, other environmental
exposures may be difficult to accurately measure, such as pollutants or industrial byproducts
(e.g., Bisphenol A), although for many of these, any biased recall may not be differ between

cases and controls. Since many single birth defect phenotypes are rare, most research participants
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are identified after the outcome has occurred and are asked to retrospectively recall their
exposures during narrow windows of time. At times women may be asked about exposures that
occurred many months or years earlier.

For main environmental effects, if the level of misclassification is similar (non-
differential) among cases and controls, then estimates for the environmental factor will be biased
towards the null, making it more difficult to detect any true effects. If the misclassification is
more (or less) prevalent among cases than controls (differential), then estimates can be biased in
either direction. These issues can become more complex in the context of GXE estimates and are
less often discussed (31). The direction of for a GXE effect estimate may be predicted when there
is no true association between the genotype and environmental exposure among the controls, and
when misclassification of the environmental exposure is non-differential between genotypes
(Garcia-Closas et al., 1998). Under these conditions, in the presence of a true multiplicative
interaction, differential misclassification of the environmental exposure biases the GxE effect
estimate toward the null. In the absence of multiplicative interaction, differential
misclassification of the environmental exposure does not bias the GXE effect estimate.
Importantly, the first of these conditions could be tested in the NBDPS data via a test of
independence of the environmental and genotype data in the controls.

Design and Statistical Analysis for Gene-Environment Interactions

The following discussions of study designs and analyses will be limited to dichotomous
phenotypes since most birth defect phenotypes are defined as binary. Similarly we will assume a
qualitative (binary) environmental exposure but many approaches can be extended to

quantitative (continuous) environmental exposures.
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Case-control studies of unrelated individuals are commonly used for evaluating rare
diseases such as birth defects. However, case-only (i.e., affected infants), case-parent dyad (i.e.,
affected infants and their mothers), and triad (i.e., affected infants and both of their parents)
designs can also be used to evaluate GXE. Note that the case-sibling study design in which an
affected individual is matched to his or her sibling can be more efficient for detecting GXE than
case-control or triad designs especially for rare SNPs (Witte et al., 1999; Chatterjee et al., 2005).
We will not expand on the discordant sibship model because our goal here is to describe the
possible approaches that could be applied to data from the NBDPS, which contains affected and
unaffected family dyads and triads, and does not include siblings.

In general, sample sizes required to detect GXE can be substantially larger than those
required for detecting main genetic or environmental effects. They are influenced by: 1) the
magnitude of the GxE effect; 2) the allele frequency of the causal SNP; 3) the prevalence of the
environmental exposure in the study population; 4) the model of inheritance assumed; and 5) the
strength of correlation between causal and tag SNPs. Strong main genetic effects could also
affect the ability to detect GXE, although the extent of this depends on the causal structure of the
GxE relationship (Thomas, 2010). To get a sense of the sample sizes required, assuming a true
GxE odds ratio of 1.25, an environmental exposures with 40% prevalence, a minor allele
frequency of 0.3, a dominant mode of inheritance and directly measuring the causal SNPs
requires over 10,000 case-control pairs to achieve 80% power (Hein et al., 2008). In contrast, if
the GXE odds ratio is 2.0, fewer than 1,600 pairs would be required, holding everything else
constant. In many power and sample size calculations, a larger GXE effect is typically expected.
For example, an assumption of at least a 3-fold increased risk under a gene-environment

interaction model is consistent with, and is in fact less than, what others have used as a guide
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(Hwang et al., 1994). Although Hein et al. (2008) found that sample size requirements did not
differ greatly based on the assumed inheritance model (e.g., recessive, additive, or dominant),
typically recessive models require greater sample sizes to achieve the same level of power than
dominant models in case-only (Clarke and Morris, 2010) and case-control (Palmer and Cardon,
2005) studies. Since the causal SNP involved in the GXE effect is generally not directly
genotyped but rather assayed by a tag SNP, the degree of linkage disequilibrium and
concordance of allele frequencies between the causal and tag SNPs among the controls also
impact sample size requirements. There is an inverse relationship between the causal and tag
SNP correlation and the sample size required to detect GXE effects would increase (Hein et al.,
2008).

There is specialized statistical software available for GXE power calculations, including
Quanto (Gauderman, 2002) for matched case-control, case-sibling, case-parent, and case-only
study designs, PBAT (32) or the R implementation, pbatR, (33) for family-based study designs,
and the R package, trio, (Schwender et al., 2014) specifically for trios. A set-based approach is
implemented in SBERIA, which weights main effects of SNPs within a gene region using a
genetic risk score that is included in interaction tests (Jiao et al., 2013).

Results

Case-Control Study. The case-control approach utilizes information from affected and
unaffected individuals who are unrelated as depicted in Figure 1. To evaluate GXE in a case-
control study, the traditional approach is to fit a logistic regression model with terms that include

the genetic effect, environmental effect, GXE effect, and any covariates:

Logit(P[Y=1| G, E, C])= Bo + Bc*(G) + Be*(E) + Poxe™(G*E) + B¢ *C (1)
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The vector Y represents the binary outcome with possible values for affected (1) and
unaffected individuals (0). The model intercept is given by o, while G represents the genotype
of the affected or unaffected individuals following an additive, dominant or recessive model and
its effects on Y are estimated by Bg. The parameter E is the maternal environmental exposure of
the affected or unaffected individual and its effect is estimated by Bg. The GXE effect is
estimated by Paxe. Therefore evaluating the presence of an interaction between the genetic and
environmental factors requires testing the null hypothesis that Bgxe = 0 (i.e., no interaction),
while Bgxe # 0 indicates interaction is present. A joint two-degrees of freedom test of both the
main genetic (Bg) and GXE (Bgxr ) effects can provide greater power than standard case-control
and case-only approaches when the causal structure describing genetic, environmental, and GXE
effects on the outcome is not well known (Kraft, 2007). The case-control approach is common in
genetic association studies. As an example of a basic GXE test, in a population-based case-
control study of 69 infants with cleft palate and 284 controls with non-cleft birth defects, Hwang
et al. (1994) observed a GXE effect between maternal smoking and the infant’s genotype for the
transforming grown factor alpha (TGFA) locus.

The case-control design is susceptible to population stratification bias, especially when
the study includes individuals with varying genetic ancestries, as is the case with the NBDPS.
The issue arises if both the frequency of genetic variants and the risk of birth defects vary among
the ancestrally different populations. This can result in a non-causal association between genetic
ancestry and the individual’s outcome even in the absence of a true association between
genotypes and birth defect phenotypes due to confounding. This is generally adjusted for in the
logistic regression model by including covariates (C) as a vector of eigenvectors, which represent

the principal components that identify distinct subpopulations or by including ancestry
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informative markers. Their effects are then estimated by Bc. Commonly used methods to
generate these principal components include EEGENSTRAT using the EIGENSOFT package
(Patterson et al., 2006; Price et al., 2006) and multi-dimensional scaling using PLINK (Purcell et
al. 2007). The case-control logistic regression model can be fit in any standard statistical
software package, such as in R using the glm function, with the CGEN package (34) or in
PLINK (35) as described in Table 1.

Case-Only Study. This design requires only affected individuals (Figure 1). The case-
only approach can be powerful for detecting GXE, and useful when identifying and recruiting
control subjects is problematic or not feasible. However, the approach assumes that the genetic
and environmental factors are independent in the study’s source population (36). One can
estimate the association between gene and environment among cases from the model using
logistic regression:

Logit(P[G =1 | E])= Bo + Boxe™*(E), ()
where G is the genotype (estimated for an dominant or recessive model in this case, but could be
coded for an additive model using ordinal or multinomial logistic models (Clarke and Morris
2010)), E is the environmental exposure, [ is the model intercept and Bgxe is the In(OR) for the
association between environment and genotype (i.e., the estimate of the GxE effect). This OR
among cases is equivalent to the synergy index calculated from a case-control design, which is
the OR of the GXE effect divided by the product of the OR of the genetic effect and the OR of
the environmental exposure (37). A synergy index greater than one implies the presence of
multiplicative GXE. This approach could be especially useful in re-analyzing existing data using
only the cases of prior case-control studies. As an example of this study design, Zeiger et al.

(2005) implemented a case-only pooled meta-analysis using 335 cleft palate cases from five
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previously published studies and found a GXE effect between the TGFA4 Taql C2 allele genotype
and maternal smoking.

The case-only analysis can be more powerful (and potentially, financially much less
costly if data collection of controls is required) than a traditional case-control study, as the
assumption of gene-environment independence reduces the standard error of the estimate of GXE
interaction (Khoury and Flanders, 1996; Albert, 2001). Violations of the independence
assumption, however, would preclude using the case-only design to assess GXE (38). The
independence assumption may not hold when behavior is affected by genetic factors (39). For
example, those who possess the risk allele in the D2 dopamine receptor gene (DRD2) may
experience increased dopamine levels when consuming nicotine and thus more likely to be
cigarette smokers (40). A case-only study of the interaction between DRD?2 and smoking in lung
cancer could be problematic if this relationship between DRD2 and smoking existed in the
population. Note that many of the family-based methods (discussed below) also require that gene
and environment are independent within families (41,42).

Potential drawbacks to the case-only approach are that main effects (genetic or
environmental) cannot be estimated, and it is vulnerable to bias due to population stratification
(43) (Table 1). However, if truly causal, the presence of both genetic and environmental factors
is more likely to occur in cases than controls, which makes this approach appealing for studying
rare genes or environmental exposures. The case-only logistic regression analysis can be
implemented using standard statistical software.

Family-Based Trio Study. GxE can also be evaluated with a study of parents and an
affected infant (Figure 1). The most common approach here is the transmission-disequilibrium

test (TDT). The affected infant is the case (with genotypes transmitted from the parents), and is
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matched to three pseudo-controls (with the non-transmitted parental genotypes). One then
conducts what is essentially a matched 1:3 case-control analysis where each family serves as a
matching stratum (44,45). This approach requires genetic information from both affected
individual’s parents; incomplete trios cannot be used in this analysis without prior imputation for
any missing parental genotypes (Table 1).

Using a TDT, the main effect of the environmental factor cannot be directly tested as all
four ‘individuals’ (the case and three ‘pseudo-controls’) would be exposed to the same maternal
environment. Nevertheless, the GXE effect can be estimated without the environmental main
effect with the following conditional logistic regression model:

Logit(P[Y=1 | G, E])=Bi + Bc*(G) + Paxe™(G*E), 3)
where Y represents the presence (1) or absence (0) of a birth defect in the infant, G represents the
genotypes for the affected infant and its three pseudo-controls following an additive, dominant,
or recessive model, E is the maternal environmental exposure, f; is the model intercept which is
unique to each family strata (i), Bg is the infant’s genetic main effect, and Pgxe is the GXE effect.
As an example, Beaty (2011) used the TDT in a study of 550 family trios with non-syndromic
cleft palate that identified evidence of a GXE effect between maternal alcohol intake and infant
genotype (in the MLLT3 and SMC?2 genes), and between maternal smoking and infant genotype
(in the TBK1 and ZNF236 genes).

Family-based designs such as the TDT avoid confounding due to population stratification
because the analysis is conducted within families who share the same genetic ancestry (46—48).
However, a major drawback is that collecting DNA samples from both parents and the affected
infant can be difficult. The issue is particularly problematic for late-onset diseases since parents

may no longer be alive. This concern is more easily overcome in the study of birth defects since
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sample collection would be expected to occur near the time of the infant’s birth when both
parents are likely still alive and available to provide DNA.

Conducting a genotypic TDT analysis for GXE can be implemented using the R-package
trio and the colGxE function developed by (49)), which is conveniently able to read in .ped and
binary files created from PLINK software. Extensions of this approach to other family structures
also exist (e.g., sibships, combinations of sibships and trios) (50—55) which can be tested using
the PBAT software (32) and in R using the pbatR package (33).

Maternal versus Fetal Effects. As noted above, it may be important to evaluate GXE not
only in the affected infant, but also in their mothers as well as any potential maternal-fetal GxG.
For example, using data from the NBDPS, (56) found suggestive evidence that maternal genes
related to metabolic conditions interacted with fetal genes related to glucose homeostasis to
increase the risk of NTDs. Such interactions can be disentangled using log-linear models that
adjust for maternal genetics when estimating infants’ genetic effects and that adjust for infants’
genetics when estimating maternal genetic effects ((42,57). This approach requires genetic
information from affected and unaffected infant-mother dyads (Figure 1) but can also
incorporate genotype information from fathers (Ainsworth et al., 2011). To evaluate GXE, we
can first model main genetic effects within strata of the environmental factor then test for
heterogeneity of the stratum-specific estimates. Note that a similar approach could be used for
the case-control and trio designs. Hobbs et al. (2014) used an extended log-linear model to
evaluate GXE effects on 616 case trios and 1645 control trios; with this approach, they found 19
maternal SNPs and 9 fetal SNPs with evidence of GXE between the genotype and maternal folate

supplementation.
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The log-linear approach uses a multinomial model to calculate risk ratios of genetic
effects by estimating the penetrance for all possible combinations of the genotypes of the infant
and the mother under a multiplicative risk model. In particular, the model estimates the effect of
the infant or mother carrying one or two copies of a genetic variant on the infants risk. Then
several maternal-fetal GxG (y;j) parameters given by y11, Y12, Y21, and 2, describe the interaction
between the mother’s genotype and the infant’s genotype in which i (j) indicates the number of
copies of the risk allele that the mother (infant) possesses. For example, vy, is the interaction
between mother and infant genotypes when the mother possesses one copy and the infant
possesses two copies.

The log-linear models must be fit within homogenous genetic populations and bias due to
population stratification is possible if ancestrally varying populations are used. Implementation
of this approach is easily conducted using the PREMIM and EMIM software (58). To extend this
genetic model to test for GXE, the log ORs and their standard errors provided in the output of the
EMIM software can be read into any standard statistical software with the ability to conduct a
test of heterogeneity such as the R package, rmeta using the meta.summaries function. The test
of heterogeneity is essentially testing whether the stratum-specific estimates for the genetic effect
are different between the two strata of the binary environmental factor. Unfortunately, this only
provides a p-value rather than a direct estimate of the GXE and is limited to binary environmental
exposures but it has the advantage of discriminating between maternal GXE and infant GXE
effects (Table 1).

Discussion
By collecting both affected and unaffected infant/mother/father triads, the NBDPS allows

for flexibility in the choice of analytic approach and resulting estimates of genetic,
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environmental and GXE effects. The approach used should reflect the research question of
interest. For example, all described approaches can estimate the GXE effect contributed by the
infant’s genotype, but only the log-linear model also allows for estimation of the maternal GxE.
Additionally, some causal assumptions limit the use of certain approaches. If, for instance, the
genetic and environmental factors may not be independent in the study population, then the case-
only approach is not appropriate. As another example, if genetic ancestry cannot be determined
accurately, a genotypic TDT approach may be best since it controls for potential population
stratification.

Another important point for GXE studies is how to appropriately control for potential
confounding. Instead of only including the main effect of the corresponding covariate, one may
also need to include interaction terms between the confounder and each of the genetic and
environmental factors (Keller, 2014). The model would then control for any covariates that may
confound the GXE effect, either by being correlated with the genotype or with the environmental
factor. This type of adjustment is not yet common practice and so the degree of confounding due
to improper adjustment is largely unknown, but it is an important consideration when assessing
GxE effects (Keller, 2014).

When answering etiologic questions about interactions, an important consideration is
whether the presence of interaction is assessed on the additive or multiplicative scale. All
approaches presented in this paper assume a multiplicative scale, but it may be important to also
consider additive interaction since the interpretation of the GxE effect, which can have public
health implications, may differ based on scale (59). Some have criticized case-only designs for

being only relevant to the multiplicative scale, but if certain assumptions can be made, the case-
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only approach also allows inference about mechanistic interactions that are typically only
identified on the additive scale (60).

Many challenges still exist when testing for GXE. Typically in GWAS, independent
replication is expected for validation of observed associations. The standards for GXE studies are
not as well established and thus replication of GXE associations is much less common. This may
in part reflect the generally reduced power to detect interactions of GXE (in contrast with main
genetic or environmental effects). Increased focus on meta-analyses could theoretically address
this issue, but lack of standardization in environmental exposure definitions can make this
difficult in practice. And as there are numerous combinations of genetic and environmental
factors, it would be rare that the same SNP and environmental exposure are analyzed for GXE
effects in multiple studies. Although for some commonly known GxE effects such as folate-
related genes (i.e. MTHFR) and folate intake, this may be possible. Improving comparability
across studies will require increased sharing of unpublished results and prior coordination among
different studies to standardize collection of genetic and environmental data (61-63). Lack of
standardization presents a bigger challenge if investigators wish to estimate the effect of
environmental factors on a quantitative rather than a qualitative (binary) scale. For example,
should smoking be measured in cigarettes per day or total number of cigarettes smoked in a
narrow gestational period of relevance?

In summary, the NBDPS provides an important resource for evaluating the genetic and
environmental basis of birth defects. A key component of such work is determining whether
these factors work in concert to increase risk beyond their individual effects. A unique aspect of

the NBDPS is the collection of samples in a manner that allow for numerous different analytic
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approaches. Understanding the assumptions, strengths and weaknesses of each such approach

will allow researchers to further decipher factors that increase risk of birth defects.
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Figure 2.1. Possible Approaches for Family Trio Data
Required data from individuals indicated by bolded black outline. Affected individuals noted by

shaded shapes. Optional or not required individuals noted by dashed outline.

Case Trio Control Trio
A

Case Trio Control Trio
B

 g»
]

Case Trio Control Trio

-

M

Case Trio Control Trio

*5

Panel A: Case-Control Study
Requires genotypes of unrelated affected and unaffected individuals. In a hypothetical sample of
100 case trios and 100 control trios, there would be 200 individuals in the study, 100 affected

individuals and 100 unaffected individuals.
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Panel B: Case-Only Study

Requires genotypes of only affected individuals. In a hypothetical sample of 100 case trios and
100 control trios, there would be 100 affected individuals in the study for this approach.

Panel C: Family-Based Trio Study

Requires genotypes of affected individuals and both their parents. In a hypothetical sample of
100 case trios and 100 control trios, there would be 300 individuals in the study for this
approach, 100 affected infants and 200 parents.

Panel D: Maternal vs. Fetal Effects

Requires genotypes of affected and unaffected individuals and their mothers. In a hypothetical
sample of 100 case trios and 100 control trios, there would be 400 individuals in the study, 100

affected individuals their 100 mothers, 100 unaffected individuals, and their 100 mothers.
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Chapter 3
Multiple Stakeholder Views on Data Sharing in a Biobank in an Integrated Healthcare Delivery
System: Implications for Biobank Governance

Introduction

Since the human genome was mapped in 2003, the past fifteen years has seen an
expansion in the number of biobanks that link electronic health record data to biological samples
[1]. In the U.S. alone there are over 600 biobanks [2,3] which create rich opportunities for
population-based research to advance our understanding of disease mechanisms and discover
new treatments and disease strategies. While we have seen significant changes in data
management, high-throughput genotyping, and bioinformatics in recent years, oversight and
governance mechanisms have not grown apace. The issues governing data sharing—a major goal
of biobanking—require balancing difficult trade-offs between facilitating ease of sharing large
amounts of genetic and clinical data to increase research and minimizing perceived and real
threats to individual privacy through tight control of data access [4—6].

In 2005 Kaiser Permanente (KP) Northern California created the Research Program on
Genes, Environment, and Health (RPGEH). The purpose of the RPGEH was to construct a large
population-based resource to enable research to better understand genetic, behavioral and
environmental factors that affect health and disease with the goal of improving the health and
medical care of KP members and the general public. Participants were recruited from the adult
KP membership of Northern California, which included more than three million members over
the age of 18 [7]. Between 2005 and 2013, approximately 200,000 KP members volunteered to
participate in the RPGEH. Participants consented to provide (a) a biospecimen (saliva and/or

blood); b) access to information in their electronic medical records (EHR); and to complete c) a
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survey assessing demographics, health behaviors and health history. Data available in the EHR
includes a comprehensive body of clinical information such as lab test results, diagnoses, and
medication use. RPGEH participants provided informed consent to share their samples and
deidentified data with researchers who seek to answer a broad array of research questions.
Unlike a traditional research study in which data is collected to answer predetermined research
questions, a biobank such as the RPGEH collects data to answer any number of well-described
research questions and operates as a resource rather than a research study. Therefore broad data
collection and broad consent are essential to the RPGEH whose purpose is to be a robust
resource for scientists around the globe.

From its inception, the goal of the RPGEH was to share data widely. Nonetheless, for the
RPGEH, developing data access and sharing policies and procedures was complex given its
situation within a health care delivery system. Beyond the traditional researcher-participant
relationship, RPGEH was obliged to consider how data sharing and biobanking policies more
generally impacted participants’ and KP members’ trust in KP. In developing the data sharing
policies, the RPGEH needed to consider the potential impact on the relationship between patients
and their healthcare institution; patients and their providers; as well as that between participants
and researchers [8]. The therapeutic misconception (i.e., patients’ potential confusion about the
boundary between research and clinical care, and their consequent misperception that they would
(or could) receive medical care as part of their research participation) may be exacerbated when
a biobank is housed within a health care system. Creating a trustworthy biobank thus requires
effective governance and oversight mechanisms that take into account the values and concerns of

a broad range of biobank stakeholders.
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Previous studies examining attitudes and values about biobank data sharing have
primarily evaluated one, or at most two stakeholder perspectives [9]. Typically studies have
included biobank participants (or potential participants such as the general public) or study
investigators [10—12]. Some studies have included other governance experts such as biobank
managers or administrators, but none of these studies have been within the context of a health
care delivery system [10,13,14]. In this paper we present results from in depth qualitative
interviews with multiple stakeholder groups in order to understand their perspectives about wide
data sharing in the RPGEH. The interviews were conducted between 2010-2011, during a time
when the collaboration and access policies and an Access Review Committee (ARC) were being
developed but not yet finalized. In addition, how the RPGEH would share data with the NIH
Database of Genotypes and Phenotypes (dbGaP) was being discussed.

We sought to answer the following question in order to help guide RPGEH data access
policies and procedures: What are different stakeholders’ values and preferences regarding
protection of participants’ privacy and sharing participant data? Our findings address three main
topics: (1) perceived benefits and harms of data sharing, specifically perspectives on individual
and social harms associated with data sharing; (2) governing access to RPGEH data, particularly
the perspectives on management and governance of RPGEH data; and (3) the blurred boundary
between research and clinical care in the context of biobanking.

Methods
Study Design

We conducted 46 semi-structured interviews, in person or via phone, and two focus

groups with seven stakeholder groups:

1. RPGEH participants: KP members who consented to participate in the RPGEH.
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2. RGPEH decliners: KP members who were contacted and actively declined participation
in RPGEH.
3. Kaiser Permanente Research scientists: PhD or MD-level scientists working within the
Division of Research at Kaiser Permanente.
4. External scientists: Scientists from neighboring academic institutions, who would likely
use the resource.
5. KP leadership: Members of the RPGEH executive oversight committee.
6. KP Human Subjects Research Protection Program staff (HRPP): Staff responsible for
reviewing and ensuring human subjects protections at KP.
7. RPGEH Community Advisory Panel (CAP) members: Community stakeholders who
advised the RPGEH program on policies, procedures, and community outreach.
Community Advisory Panel members and RPGEH participants and decliners received a $35 gift
card for their participation. This study was approved by the Kaiser Foundation Research Institute
Institutional Review Board (IRB).
Sample Description
Interview and focus group participants were selected using a purposive sampling strategy to
identify key informants from each stakeholder groups. 45 individuals participated in an interview
and seven CAP members participated in one of two focus groups. Numbers are shown for each
stakeholder group in Table 1.
Data Collection and Analysis
We developed an interview and focus group guide and pilot tested each with multiple
stakeholders. Questions addressed a wide range of domains including informed consent, data

sharing, benefit sharing, community harms, motivations/barriers to participation and depositing

68



of data in dbGaP among others. All interviews and focus groups were audio-recorded and
transcribed.

We employed a constant comparative approach in which the analysts discussed and
identified themes that emerged from the codes [15]. All coding was conducted using ATLAS.ti
version 7 (ATLAS.ti Scientific Software Development GmbH, Berlin, Germany) Three social
scientists (JHW, PL, CPS) conducted an initial review of all transcripts and developed analytic
memos identifying major topics emanating from each stakeholder group. They developed a
codebook through a reflexive, iterative process. The analysts coded a test set of transcripts to
ensure high intercoder reliability. Any discrepancies between coders were discussed and a
decision was made by the team on which code to apply. After sufficient training, at least two
analysts coded the transcripts with the codebook but analysts also conducted open coding to
identify new themes, subthemes, and phenomena. Finally, a fourth analyst (CT) analyzed the
coded transcripts, focusing on the themes that emerged across all stakeholder groups around (1)
benefits and harms of data sharing, (2) appropriate balance between protecting individual privacy
and wide data sharing; and (3) concerns with establishing a biobank within a healthcare system,
such as blurred boundaries between clinical care and research
Results
Perceived Benefits and Harms of Data Sharing

Stakeholders all discussed the importance of sharing data so that it benefitted society. For
example, stakeholders believed sharing the data could contribute to the development of new
scientific discoveries or improve our understanding about certain diseases especially those that
have affected their lives personally such as having a relative with cancer.

Benefit: Moral Obligation
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Most KP scientists felt that RPGEH data should be shared as a moral obligation. Many
scientists explained that RPGEH data is a valuable and unique resource, and most believed that
not allowing access to qualified scientists would be an ethical violation.

[KP Scientist 109] “... it’s a tension... You create this big resource, and it’s unethical not

to try to make the most of it. And so, what do you do about that?”

Other stakeholders also brought up the moral obligation to share data with the NIH which funds
genome-wide association studies being conducted with RPGEH data.

[External Scientist 112] “This is a huge investment from the National Cancer Institute--

8335 million, is my understanding. So that’s taxpayer money. That is—so, the citizens of

the United States are paying Kaiser (a private corporation) to produce this resource.”

[KP leader 187] “I'm also aware that the funding agencies feel that if federal dollars are

paying for it, they want to have something that is then generally available.”

Perceived harms from data sharing, and from establishing the RPGEH in general, fell into two
main categories, individual harms and social harms.
Individual Harm: Re-identification

The collection of genetic information creates an uncertain though definite risk in which
there is a possibility that participants could be re-identified even after traditional unique
identifiers (i.e. name, address, etc.) have been removed due to the uniqueness of each person’s
set of genetic information.

[HRPP staff 106] “I think it’s raised the topic of how confidential is a person’s

genome...it ultimately becomes a unique identifier, which, if their genetic analysis was

also in some other database, things might be able to be cross-referenced”
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This concern was repeated by participants who were also concerned about the identifiability of
genetic data.

[Participant 142] “The DNA, the genetic makeup of any person, is so unique that no one

has that. You know?”
Individual Harm: Use of Research Data for Medical Underwriting

Many KP members understand KP as one large organization, in which all entities within
KP are interconnected. They view their insurance coverage as being governed by and controlled
by the same institution that provides their medical care. Given this perspective, many
participants, decliners, CAP members, and one HRPP staff feared that RPGEH data, specifically
the genetic information, could be used for medical underwriting, a practice in which a person’s
medical information is used to evaluate their application for medical coverage.

[Decliner 182] “It could be misused by Kaiser. It could be misused by governmental

boards that are going to review who gets care and who doesn’t get care.”

[Participant 172] “So, you know, you look at the results and say, ‘Well, we can’t help this
person, at least not in the immediate future, and so we 're not going to pay for any
treatment.’ I mean, that’s really the downside and the, you know, the tradeoff the
insurance companies make.”

[CAP Member A] “So I think the biggest challenge is: How will they use that data in
terms of avoiding the practice of medical underwriting? Because healthy patients are

cheaper to take care of than people who are ill or may became sicker. So I think that’s

why a lot of people could be uneasy about it.”
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[HRPP staff 106] “And then, yeah, even within Kaiser, could it somehow be used for
underwriting purposes? You know, people are more at risk and therefore gradually
charged higher premiums, lower premiums, family members—I don’t know. But that’s the
main risk I would see about the integrated delivery system and the special risks that we
have”
This perceived fear is unlikely a true possible harm since Genetic Information Nondiscrimination
Act (GINA), passed in 2008, provides protections against medical insurance discrimination on
the basis of genetic information.
Social Harm: Stigmatization of Groups Based on Research Findings
Many KP scientists expressed concerns that external scientists’ unfamiliarity with KP
data may cause them to use the data improperly, either by evaluating inappropriate research
questions or by misinterpreting the meaning of data fields/variables. RPGEH participants,
decliners and scientists believed that KP’s reputation could be tarnished if any scientist used KP
data to reinforce harmful stereotypes. Even if the original intent was not malicious, they believed
that data could be misinterpreted or incorrectly analyzed due to a lack of understanding about
KP’s clinical data or demographic distribution of its members.
[Decliner 155] “My only concern is how it would affect you guys, Kaiser, if you would
get blamed for seemingly supporting a certain stereotype or adding on to a certain
stereotype, and how people, you know, can misconstrue things”
[KP Scientist 105] “I don’t see data sharing, per se, being a problem. [But] I think if

’

data are poorly used or misused, then that could come back to reflect on us.’
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Even if there was no misuse of data, there is still a possibility that certain populations can
experience harm. For example, if data was used to find higher prevalence of a disease in a
certain subgroup, there could be unanticipated harms from such a result.
[Decliner 169] “...if you basically say that your research can prove that there’s a certain
racial group that basically has a high chance of getting certain diseases, you know, and
then say, ‘Well, because of this research, maybe you either want to charge them a higher
premium for their insurance, or we re just not going to cover them.’”
Community Advisory Panel members were concerned about social harm from research that
could stigmatize certain populations and suggested several possible mechanisms to minimize this
potential:
[CAP Member B] “I’'m wondering. I think it’s an idea; can there be a social
responsibility section [of the proposal to obtain access to RPGEH data] where the
research would have to explain how they re going to use the outcome of the research. 1
don’t know how that would work because I’ve never seen one but it’s something.”
Another CAP member suggested that an additional layer of review beyond that of an IRB be
included to provide community input for studies that dealt with marginalized populations
especially if they pertained to stigmatized conditions such as alcoholism.

[CAP Member C] “So, I mean, even though there are major issues with colon cancer
and not getting insurance, I think alcoholism has, like, a larger social stigma with it and
connections with, you know, law, etc., that could be problematic... I think there should be
an additional review board in terms of community members overlooking, you know,

research study, progress, and then, you know, paper that they re going to write.”

Social Harm: Loss of Trust

73



The research enterprise rests heavily on volunteer participants. If individuals lose trust in
scientists or the research establishment, they would likely not participate in research and
scientific progress may be stymied. One reason why individuals may stop participating in
research is if they lose faith in researchers as responsible stewards of their data. Being a
responsible steward would include ensuring that data protections are in place. One KP leader
described how patient privacy is of paramount importance over all else because this loss of trust
would put the entire research program in jeopardy.

[KP Leader 188] “...if we don’t protect the privacy of our patients, they will make us stop

doing this and the greater good will be harmed.”

Kaiser Permanente has garnered a reputation among its members as a trustworthy
organization. This is likely due to their positive previous experiences with KP as a medical
provider. Many participants in RPGEH are long-term members of KP (over half had been KP
members for 20 years or more).

[Participant 142] “I trust Kaiser. I've been with Kaiser all my life. You know, when I got

married, I continued with Kaiser. And I’ve never had problems with Kaiser.”

[Participant 148] “...once I found out that it [RPGEH] was through Kaiser, who ['ve

been with since I was a little kid, then I was all for helping”

The trust in KP is firmly rooted in the relationship between patients and their providers. Once
this foundation is built, patients are willing to take the next step with KP into being research
participants.

[Participant 144] “...actually, this [RPGEH] makes me feel more positive about Kaiser. 1

mean, first of all, understand, I was born at Kaiser. So that’s the only health care I've

ever known. And my children were born there...And it makes me feel more warm and
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fuzzy to know that they 're engaged in cutting-edge research and that, you know, just us
average people can make some kind of contribution and participate. So, bring it on!”
Many stakeholders were aware that trust in KP is a common sentiment among its
members and is central to KP scientists’ ability to continue conducting research at KP.
[KP Leader 187] “And finally, the loyalty of our members, which results in our ability to
follow them over decades and sometimes through generations... that we continue to enjoy
that confidence and trust of our members in us to do this kind of important
research...And we need to, first of all, assure ourselves that there are the appropriate
firewalls and training and agreements and monitoring that can assure ourselves as well
as our employees and our members that we are, again, good custodians of their trust.”
Many stakeholders were cautious to mention that sharing data from a resource like RPGEH
could have negative consequences to its reputation, especially regarding data security and respect
of RPGEH participants’ privacy.
[KP Leader 188] “I think that what became clearer is that this was potentially an
extremely large endeavor and one of potentially great impact and also one of — that
carried unique kinds of risks to reputation, in particular — reputation and concerns about
privacy in particular.”
[KP Scientist 101] “I think the only way it could really impact us negatively is if, number
one, there’s real harms that occur to patients. There is a breach in confidentiality, and
some harms do happen to patients, which I think is extremely unlikely, especially both of

’

those pieces.’
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Governing Access to Data

One aspect of data governance is the development of data access policies. Every biobank
has its own requirements for determining whether a scientist or entity should be granted data
access. Criteria for evaluation could include elements such as research goals, plans for data
protection, or requester’s affiliation. Stakeholders were asked what should be considered when
granting access to RPGEH data.
Scientist’s Affiliation

All stakeholders agreed that creating RPGEH and sharing data had the potential for broad
benefit in terms of understanding disease and health. But there were some differences amongst
stakeholder groups about how data should be shared and with whom. Many participants and
decliners in particular had concerns with scientists affiliated with a for-profit institution such as a
pharmaceutical or biotech company but had fewer concerns with academic scientists. Largely,
stakeholders did not object to data access by external scientists as long as they were not affiliated
with for-profit entities.

[Decliner 155] “I think that you should definitely accept other medical researchers, such

as yourselves ... You mentioned, like, biotech companies earlier. I was kind of surprised; 1

wasn’t expecting that type of organization, that kind of company, as being involved.”

[Participant 137] “I guess the corporate people who are trying to benefit from, I don’t

know, making profit off of it, in the sense that it’s not doing anything for the greater

good. That would be my only issue with it.”

[Participant 145] “I kind of felt that it was more geared towards, like, you know,

educational, like schools and things like that. Not really, like, something like biotech or

like Genentech and things like that”
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Although academic affiliations seemed preferable, some participants thought that it would still
be beneficial to share data with private entities, such as for-profit pharmaceutical companies,
who might be able to translate discoveries into applicable therapies.
[Participant 144] “I’'m more inclined to favor public institutions, you know. But on the
other hand, I think it’s the privates that can translate pure research into something—
some technique or pill or whatever—that is actually beneficial, that can be applied to
individuals who need therapies. So I believe that public-private partnerships are
worthwhile.”
In addition to concerns about for-profit institutions, several RPGEH participants voiced concerns
about non-US scientists and foreign governments accessing RPGEH data.
[Participant 141] “Well, I guess I would strongly like it to stay within the United States
and not go outside of that for research, because I’'m not sure what other countries—I
know that they have positive ends of their research, but I know for some others it may not
be a positive thing.”
[Participant 139] “I would be wary about foreign governments and terrorists somehow
having access to the data.”
Loss of Control Over Data
A fear of government was a recurring topic and was usually expressed in terms of
multiple perceived risks including forensic use of biobank data, vulnerability to political
agendas, and a general loss of control over the data. RPGEH participants and CAP members

explained that government control of the data would allow it to be used for forensic purposes and

lead to violations of individuals’ privacy.
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[Participant 142] “And I also don’t want it so that someone could break into the database
there and say, “Oh, hey! We've got a match for a murderer.”
[CAP Member A] “There are other DNA databases out there, like criminal DNA
databases...So I think that would be a concern also. But I think, for me, the question
would be who would have access to it.”
Stakeholders pointed out that the NIH may be less trustworthy than KP because a government-
sponsored agency could not remain purely objective or uninfluenced due to the influence of
politics.
[Participant 172] “...because NIH is a federal political organization as well as a
government organization, is that politics will get involved...And so they basically are
very sensitive to political winds, and I know that the NIH tries hard to at least,
personally, I would try very hard to avoid that—but being a political bureaucracy with
public funding...they are going to have political masters”
[CAP Member C] “...the NIH is controlled by Congress and politicians. It’s not
controlled by somebody who’s saying, ‘Oh, let’s go talk to the community.’”
KP leadership and HRPP staff acknowledged the benefits of sharing externally but they were
concerned about protecting the individual privacy of KP members and that it would be more
difficult to do so once data is shared outside of KP. They believed that external scientists who
may not have a direct connection to biobank participants may not handle RPGEH data with the
same care as internal KP scientists.
[KP Leader 187] “It’s essential that we do collaborate, but how can we collaborate in a

manner that continues to make our members volunteer and the people who have

volunteered comfortable that we’re being good custodians of their data and their DNA?”
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[HRPP 111] “In a sense, we re trying to be the parent, if you will, of this database in
saying, ‘Well, you can interview my child’—I’ll use this analogy just a little bit— ‘You
can interview my child, but really, there are some questions that you can ask and some
questions that you can’t ask.’ You know, we have to take some responsibility for, in a
sense, the behavior of the researcher.”
Most stakeholders were concerned that KP would be required to relinquish its control over
access to RPGEH data when it deposited in dbGaP because scientists who apply to use dbGaP
data are evaluated by a NIH data access committee, whose members have no ties to KP or KP
members.

[KP Scientist 107] “The problem with dbGaP is that, to the extent that it’s a problem or

even a perceived problem, is that here’s a database that ultimately is not controlled by

you, and it’s not controlled by a person of your choosing.”
Blurred Boundary Between Research and Clinical Care

There is a long history in research ethics of defining a clear boundary between clinical
care and research. [16] This stems from of a concern—referred to as the “therapeutic
misconception”—that patients who participate in research may assume that their participation,
especially one coordinated by their healthcare provider, will lead to personal health benefits. To
minimize this confusion, which could be considered a source of coercion to participate, the
RPGEH consent form states that “This research is not intended to benefit individual participants.
However, we hope that results from the research will improve how doctors prevent, diagnose and

treat major illness in the future. You will not receive personal health or medical results from

taking part in the RPGEH.”
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The potential for therapeutic misconception may be greater in an integrated delivery system like
KP since members receive all services from a single health system and are accustomed to their
data being linked. Some RPGEH decliners believed that by participating in research, their data
may reveal an underlying disease leading them to undergo treatment for a condition that might
be asymptomatic or non-life threatening:

[Decliner 154] “I thought that you would find something that I didn’t know I had. And,

you know, then 1’d be in another whole ball game, you know? Now I'd be in treatment,

and all I was trying to do was, you know, be helpful. Yeah, I didn’t want to.”
Human Research Participant Protection Program staff were worried that RPGEH participants
would not be able to distinguish a boundary between research and clinical care, and that this
would have negative consequences.

[HRPP staff 106] “And, of course, for members it might be somewhat confusing, because

they think they 're going to get something out of it, even though consent forms generally

probably tell them they aren’t, that they 're not going to actually benefit from
participation. But they night somehow think they might.”

Conversely, several scientists expressed that the blurring of the boundary between
research and clinical care could be beneficial. They explained that new opportunities for data
linkage between clinical, environmental, and genetic data, RPGEH could position KP to become
more of a pioneer in translational research, bringing scientific discoveries into the clinical
setting. Some KP scientists believed this is especially true in the setting of KP where researchers

have opportunities to interact with clinicians who want to learn more about their patient

population and how to better treat them.
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[KP Scientist 107] “Having the research done here gives them [KP clinicians] an inside
track on what might turn out to be important diagnostically, therapeutically.”

[KP Scientist 108] “I think it will promote the translation of our findings into clinical
practice, because it’s in the context of this, and we've got a big organizational machinery
that’s looking for that. And think we’ll help take the research findings and move them
into the clinical realm.”

[KP Scientist 108] “And the other really big important advantage is that I can, you know,
collaborate with people internally on projects that I wouldn’t normally be—it’s hard to
collaborate, you know.”

Discussion

Unsurprisingly, a key finding from our study was that there was broad support across
stakeholder groups for creating a shared research resource. Given that this was a common theme
found across multiple research studies on biobanking over the past decade [9,17-21], we focused
our analyses on stakeholders’ perspectives regarding the risks and concerns of sharing data,
attitudes towards governance of the data, and issues around the blurry boundary between
research and clinical care.

Stakeholders identified multiple individual harms including loss of privacy through
genetic re-identification, medical underwriting, and forensic use of genetic biobank data by
government entities. These individual harms were consistent with other qualitative and survey-
based research studies conducted on public and patient attitudes towards biobanking [8,9,17,19—
23]. While medical underwriting and insurance discrimination were cited by participants and

decliners, these perceived risks were cited by HRPP members as well. This was an interesting

finding since it is not consistent with the way in which KP separates its clinical activities from its
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research activities and its underwriting responsibilities. A previous study comparing the views of
genetic researchers and IRB professionals also found that individuals involved in the ethical
review of research are more likely than researchers to believe that insurance discrimination is a
real threat [24]. There is federal legislation that helps to mitigate some individual harms and the
RPGEH communicated these protections (as well as the limitations of these protections) to
participants during the consent process. For example, to address many individual harms, GINA
and Certificates of Confidentiality provide legal protections to protect individuals’ rights. This
suggests that the fear of health insurance discrimination may not be easily addressed by assuring
participants and other stakeholders that there are regulations in place to protect individuals.
Understanding the underlying fears and the larger context may lead to more appropriate methods
for addressing stakeholders’ deeply held concerns in this area, this seems especially necessary in
the recruitment of non-white participants for biobank research [22,23,25].

The concerns expressed around social harms pertained to the view that findings from
studies could stigmatize certain groups, and also that stigmatization could lead to loss of patient
trust and decreased rates of research participation. Understanding social harms in the context of
biobanking is particularly important given that the individual harms such as loss of privacy and
insurance discrimination are generally well monitored and addressed by IRBs but social harms
are typically beyond the scope of an IRB review. Far fewer studies have examined stakeholders’
perceptions of social, compared to individual, harms from participating in biobanks. One
previous study of cancer patients expressed concerns that using genetic information in research
could cause stigmatization of certain racial or ethnic groups [22]. While there are very few
studies investigating the views of scientists, leaders, or HRPP members about social harms, these

concerns are consistent with other studies of biobank participants and decliners [8,18]. One
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concern identified mainly by scientist stakeholders and KP leadership was that the RPGEH
Access Review Committee does not directly control data access when data are shared through
dbGaP. Although this is true, sharing RPGEH data through dbGaP is highly prescribed and
specific restrictions are in place through a data use certification agreement that minimizes the
likelihood of stigmatization of certain groups [26].

When probed about whether a scientist’s affiliation should be taken into account when
governing data access participants and decliners most often cited fear of for-profit entities,
government agencies, and non-US scientists. Sharing data with the NIH, a federal agency,
through dbGaP also concerned many other stakeholders including scientists, KP leaders, and
CAP members. However, the concerns of scientists and biobank leaders was that control over
RPGEH data would no longer be in the hands of KP employees; while participants, decliners,
and CAP members were afraid of law enforcement agencies using RPGEH data for forensic
purposes. Concerns about non-US scientists in our study has been echoed by studies of public
opinion in other countries [18,27,28] which cite exploitation and lack of reciprocal benefit to
research participants as the main reason for skepticism of foreign scientists. Many stakeholders
were concerned that for-profit sponsored research could lead to additional group harms such as
profiteering resulting in research that would not improve societal health outcomes (i.e. because
therapeutics developed from the research may be cost prohibitive for people in the biobank).

Finally, one of the more interesting findings from our research related to the complicated
issue of the blurred boundary between research and clinical care at KP. All participants and
decliners we interviewed perceived KP, their care provider, as the same entity as KP, the
research institution. While a blurry research-clinical interface can be seen as an individual harm

that may constitute a therapeutic misconception it also can be viewed as a social benefit since
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research findings may be more quickly translated into clinical practice or new therapeutics [29].
In addition patients may be more likely to trust KP to conduct research with their information
because of their existing trust in the KP organization. Other studies have also shown a
relationship between trust in a healthcare system and research participation where having a care
provider whom they actively visit is a strong predictor of agreeing to participate in research
involving wide data sharing [8,30,31].

The main objective of this study was to help inform data access policies for the RPGEH.
In part as a result of our research findings, along with feedback from RPGEH leadership, the
RPGEH created a robust Access Review Committee (ARC) that emphasized the importance of
rigorous evaluation of data access requests. The goal of this two-step interdisciplinary ARC was
to serve as a major data governance mechanism to maintain participant trust, and minimize
individual and social harms through fair, consistent, and transparent access policies and
procedures. ARC members include KP Division of Research investigators and biostatisticians,
including an investigator with expertise in ethical, legal, and social issues (ELSI); external
stakeholders, and additional investigators as required by the projects under consideration.
Proposals to obtain RPGEH data are reviewed for multiple factors, including scientific merit; the
scientific qualifications of the applicant; appropriateness of RPGEH as a resource for the
proposed research; and feasibility (given the RPGEH resources). In order to address potential
social harms, the application also includes a specific question related to ELSI asking the
applicant to discuss any potential individual or social/group harms that might occur as a result of
conducting the research, interpreting or disseminating research findings and to suggest strategies
to mitigate those harms. Additionally, a community member was also added to the ARC to

contribute to this effort and to maintain community representation in this process [32] .
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Currently, the RPGEH is being integrated into a larger KP national biobank (KP Research Bank),
which similarly has an ARC that serves the same purpose and conducts the same activities as the
RPGEH ARC.

This study has some limitations. The study represents a description of opinions collected
from a relatively small sample of participants from each stakeholder group. The interviews were
conducted at an early point in the creation of the RPGEH, during the process of infrastructure
building and policy development but before the collection of genetic data. As such, it depicts
concerns and opinions about the operation of a biobank as it was being built. It should also be
noted that the stakeholders interviewed were largely KP members and/or individuals either
employed by KP or who had experience collaborating with KP. Patients in other health care
delivery systems or scientists without experience collaborating with KP may have voiced
different concerns. Despite these limitations, our findings provide useful information for the
institutions, particularly health care organizations, developing other biobanks about the concerns
of diverse stakeholders, especially those related to the potential for social harms.
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Table 3.1. Interviews/focus groups by stakeholder group

Stakeholder Group N Method

Scientists

KP Scientists 10 Individual Interviews

External Scientists 5 Individual Interviews
HRPP Staff 4 Individual Interviews
KP Leadership 3 Individual Interviews
CAP Members 7 Focus groups (2)
KP Members Eligible for RPGEH

RPGEH Participants 14 Individual Interviews

RPGEH Decliners 9 Individual Interviews
Total Participants 52
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