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Abstract
An efficient approach to characterizing the disease burden of rare genetic variants is to impute them into large well-phenotyped cohorts with existing genome-wide genotype data
using large sequenced referenced panels. The success of this approach hinges on the accuracy of rare variant imputation, which remains controversial. For example, a recent study
suggested that one cannot adequately impute the HOXB13 G84E mutation associated with
prostate cancer risk (carrier frequency of 0.0034 in European ancestry participants in the
1000 Genomes Project). We show that by utilizing the 1000 Genomes Project data plus an
enriched reference panel of mutation carriers we were able to accurately impute the G84E
mutation into a large cohort of 83,285 non-Hispanic White participants from the Kaiser Permanente Research Program on Genes, Environment and Health Genetic Epidemiology Research on Adult Health and Aging cohort. Imputation authenticity was confirmed via a novel
classification and regression tree method, and then empirically validated analyzing a subset
of these subjects plus an additional 1,789 men from Kaiser specifically genotyped for the
G84E mutation (r2 = 0.57, 95% CI = 0.37−0.77). We then show the value of this approach
by using the imputed data to investigate the impact of the G84E mutation on age-specific
prostate cancer risk and on risk of fourteen other cancers in the cohort. The age-specific
risk of prostate cancer among G84E mutation carriers was higher than among non-carriers.
Risk estimates from Kaplan-Meier curves were 36.7% versus 13.6% by age 72, and 64.2%
versus 24.2% by age 80, for G84E mutation carriers and non-carriers, respectively (p =
3.4×10−12). The G84E mutation was also associated with an increase in risk for the fourteen
other most common cancers considered collectively (p = 5.8×10−4) and more so in cases diagnosed with multiple cancer types, both those including and not including prostate cancer,
strongly suggesting pleiotropic effects.
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Author Summary
An efficient approach to characterizing the disease burden of rare genetic variants is to impute them into existing well-phenotyped cohorts with genome-wide data by using large sequenced reference panels; however, the efficacy of this approach remains controversial. A
recent study suggested that it is not possible to impute the rare HOXB13 G84E variant
using neighboring SNP markers. We show that by using an enriched reference sequenced
sample of 22 mutation carriers, we were able to impute this mutation into a large cohort of
83,285 non-Hispanic White individuals from the Kaiser Permanente Research Program
on Genes, Environment, and Health Genetic Epidemiology Research on Adult Health and
Aging (GERA) cohort. The imputation was confirmed via a novel classification and regression tree method, and then empirically validated by direct mutation genotyping of a subset
of 1,673 of these individuals in addition to 1,789 other men from Kaiser. Using the same
GERA cohort, we then confirmed that the G84E mutation is associated with increased risk
of prostate cancer, and estimated the age-specific risk for carriers of the mutation. Finally,
we obtained evidence that the mutation is associated with additional types of cancer in the
GERA cohort.

Introduction
The impact of rare genetic variants on human diseases and traits is of great current interest. A
number of rare variants have been implicated in common diseases, and some genome-wide association study signals may reflect linkage disequilibrium with underlying rare variants [1].
However, it has remained challenging to obtain adequate power to analyze rare variants in
population-based studies that are not enriched for the variant—as opposed to potentially enriched family-based studies—unless the study sample size is very large [2]. In addition, many
genome-wide association studies (GWAS) have not included rare variants in their analysis
[3,4].
Instead of assaying rare variants directly, a more efficient approach may be to use existing
sequencing data as a reference panel with which to impute rare variants, although it remains
controversial as to how effective this approach will be, as well as the minimum allele frequency
that will be accessible by this approach. While some argue that it is not feasible to impute rare
variants with MAF < 0.03 [5], recent work indicates that it is possible to impute not only
variants with minor allele frequency (MAF) between 0.01 and 0.05, but even variants with
MAF < 0.01 from GWAS data [6–16].
One example of such a rare variant is the transcription factor homeobox 13 (HOXB13)
mutation G84E (rs138213197; chromosome 17; build 37 position 46,805,705), which has been
associated with a high risk of prostate cancer and replicated in at least ten case-control studies
[17–30], with a recent meta-analysis odds ratio (OR) of 4.51 [22]. Most previous work has been
based on case-control samples, but a few groups have also looked at the lifetime risk [24,27]. In
addition to prostate cancer, the HOXB13 gene may be involved in the development of ovarian
cancer [31], bladder cancer progression [32], oral squamous cell carcinoma aggressiveness
[33], and breast cancer aggressiveness and tamoxifen treatment response [34]. However, results
for the effect of the G84E mutation on breast or colorectal cancer susceptibility are mixed
[26,35,36]. Taken together, evidence supports further exploration of a potential pleiotropic effect of the G84E mutation on multiple cancers.
One group has reported that the G84E mutation could not be imputed using the SNPs included on the custom Illumina Collaborative Oncological Gene-Environment Study (iCOGS)
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array, though they did identify experimental evidence for a synthetic association of more common genetic variants in the region with HOXB13 G84E [37]. However, another group has
found an ancestral haplotype containing the mutation, suggesting that imputation should be
possible [19].
We show here that imputation of the G84E mutation is possible by using a mutation carrier
enriched reference panel and applying the imputation to a large cohort of 83,285 non-Hispanic
White individuals with genome-wide genotyping data from the multi-ethnic Kaiser Permanente (KP) Research Program on Genes, Environment, and Health (RPGEH) Genetic Epidemiology Research on Aging (GERA) cohort. To assess the accuracy of the imputation, we
applied an easily implemented classification and regression tree (CART) method to phased
haplotypes to identify the founder haplotype carrying the G84E mutation. We also confirmed
the founder haplotype via standard phasing and multi-marker correlation approaches [38].
We subsequently validated the imputation by genotyping the G84E variant in a subset of 1,673
RPGEH GERA individuals who also had genome-wide genotype data, in addition to 1,789 men
who also had genome-wide genotype data from the RPGEH and from the Kaiser California
Men’s Health Study (CMHS) [39] (used only for the empirical validation), and compared the
direct genotype results to the imputed values. Finally, we used the imputed data to estimate the
lifetime risk of prostate cancer among mutation carriers and non-carriers and to evaluate the
association between G84E and risk of the other 14 most common cancers in the RPGEH
GERA cohort.

Results
Imputation results
Imputation of the G84E mutation into the 83,285 non-Hispanic Whites in the RPGEH GERA
cohort using the enriched reference panel led to a high level of confidence in the imputation
(rinfo2 = 0.96). Calculation of r2 by LOOCV based on the reference panel gave an estimated
r2 = 0.92 (24 correctly predicted mutation bearing haplotypes; 2,345 correctly predicted nonbearing haplotypes; one predicted mutation carrier that was not, and no predicted non-carriers
that were carriers).
Using several methods, we confirmed the ability to impute the G84E mutation. The haplotype CART approach, a prediction tree built from the computationally phased enriched reference panel, is shown in the first tree in black in Fig. 1. The first split occurs with the T allele at
the best pairwise tag SNP rs145922598 (r2 = 0.12; no SNP has a strong pairwise correlation because it is a rare founder mutation). Following the T variant, the next split is at the A allele of
SNP rs75947881, followed by the A allele of SNP rs8067245, which captures the majority of the
rest of the variation and correctly predicts all 24 mutation carriers but also 2 individuals as mutation carriers that are not; no mutation carriers are incorrectly predicted as non-carriers. Any
further splits would likely be overtraining; standard CART procedures can be used to prevent
this [40], although the best end point may be difficult to determine when there are few carriers.
The correlation of the mutation carrier and non-carrier genotypes derived from this tree for
the entire RPGEH GERA dataset with those obtained from the imputation is moderately high
(r2 = 0.63, 95% CI = 0.60–0.66). Thus, the founder haplotype can be reasonably captured just
from these three SNPs. Further, when we removed these three SNPs found by the CART approach and repeated the CART analysis on the remaining SNPs, we found an additional prediction tree of four SNPs shown in the second tree in green in Fig. 1. The splits leading to the
final tree are at rs8073596 = T, rs62065362 = T, rs4793974 = T, and rs281613067 = A. In this
case, 20 mutation carriers are correctly identified, whereas 4 carriers are predicted to be noncarriers and 3 non-carriers are predicted to be carriers. This second tree had a high correlation
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Figure 1. Confirmation of HOXB13 G84E mutation status from classification and regression tree. The top of the figure shows three CART trees
produced for the computationally phased haplotypes of the enriched reference panel of 93 individuals (22 carriers) plus 1000 Genomes data (2 carriers).
Listed in the trees are the splits that classify the G84E mutation. The leaves in the tree contain the best guess classification of G84E on the top, and the
number of reference alleles on the left and the number of G84E mutations on the right. The first tree, in black, is formed from selecting amongst all 57
SNPs +/− 3 crossovers. The second tree, in green, is formed from selecting from the same set of SNPs except excluding the 3 found in the first tree. The third
tree, in blue, is formed from selecting amongst the same set of SNPs except excluding the 7 found in the first and second trees. Below the trees is a local
chromosome plot of the region in reference to the surrounding genes and recombination rate of the region, with the color of the rs# for each SNP indicating
the tree from which it was derived. KGW, 1000 Genomes white race/ethnicity individuals; frq, frequency.
doi:10.1371/journal.pgen.1004930.g001

with the original imputed genotype of r2 = 0.73 (95% CI = 0.69–0.76). We conducted the process one more time by removing all 7 SNPs found in the first two trees, and repeating the
CART analysis, with results shown in the third tree in blue in Fig. 1. In this case, 20 mutation
carriers were correctly called, while 4 mutation carriers were incorrectly called non-carriers; no
individuals predicted to be carriers did not carry the mutation. This third tree had a correlation
with the original imputed genotype of r2 = 0.67 (95% CI = 0.64–0.71). These results indicate
that prediction of mutation carriers does not hinge on just a few sentinel SNPs in the region. In
addition, repeating the original imputation analysis but only including the 11 SNPs in these
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three trees yielded an rinfo2 = 0.92, and a correlation with the original imputed genotype of r2 =
0.93, 95% CI = 0.91–0.94. While the original imputation analysis used all 57 SNPs in the region,
this analysis also shows that a much reduced set (e.g., the 11 SNPs described above) can capture
most of the information needed to predict mutation carrier status by imputation.
For our final computational approach, we calculated the multi-marker correlation of the
G84E mutation using an alternative haplotype estimation procedure provided in PLINK [38].
Using the three SNPs rs145922598, rs75947881, and rs8067245 gave r2 = 0.82. Not including
these three SNPs, we found a set of 4 SNPs that gave r2 = 0.69.
Comparison of imputed to genotyped mutation carriers. As a final confirmation of
the imputation, we genotyped the G84E mutation on a subset of 3,462 White men who also
had Axiom genotype data. Fig. 2 shows the genotyping cluster plot of the mutation; there are
two well-separated clusters. We highlight the different categories of individuals based on
whether they were directly genotyped as carriers versus imputed to be carriers based on the
most likely or “best guess” genotype. There are no true genotyped mutation carriers that
were not also imputed carriers; however, only 15/26 individuals who were predicted by imputation to be carriers were actually genotyped as carriers. We obtained a lower imputation
r2 = 0.57 (95% CI = 0.37–0.77) than we previously estimated by the various
computational methods.
The discrepancy between the original imputation rinfo2 and the experimentally validated r2
above is due to the extreme enrichment of mutation carriers in the original imputation panel,
leading to a different proportion of haplotype carriers that are true mutation carriers in our
genotyped dataset than in the reference panel. The original imputation panel consisted of 24
directly sequenced mutation carriers and 448 White non-carriers (and all 713 of other races/
ethnicities, see Methods). Because the ancestral haplotype (without the mutation) is also uncommon, only two of the 448 White non-carriers had the ancestral haplotype (and none of
those of other races/ethnicities). Thus, the extreme oversampling of mutation carriers led to an
inflated r-square. To verify this, we reversed the process and used the genotyped validation
sample as the reference to impute G84E into the original enriched reference panel. If the proportion of haplotype carriers that are true mutation carriers is higher in the original reference
panel than in the validation subset, then even using the validation sample as the reference
would still predict a high rate of mutation carriers among haplotype carriers in the original
reference panel. In this reversed process, we observed rinfo2 = 0.95 and a correlation of imputed
genotypes to the directly observed genotypes (for the mutation) of r2 = 0.87 and correctly
identified 22/24 mutation carriers and one incorrectly declared carrier. By design, the proportion of ancestral haplotype carriers in the original enriched reference sample is higher than
what we observed in the validation sample, indicating that the original imputation algorithm
was valid.
To further quantify the effect of the over-sampling that took place in the creation of the
original enriched reference sample and show the estimates are actually consistent, we can
downward adjust the original r2 estimate to account for mutation over-sampling in the
original reference. When we adjust the original r2 estimate for oversampling, we get an estimate
of r2 = 0.70 (see Methods). This is higher than what was found on the genotyped array, but
within the 95% CI of the estimate (see Methods, and also note that this adjustment was based
on very small sample sizes and hence also subject to statistical fluctuation).

G84E Ancestry
We show a smoothed estimate of the G84E mutation carrier frequency using the expected additive coding of each individual’s imputed genotype and adjusting for incomplete LD in Fig. 3,
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Figure 2. Genotyping cluster plot of the G84E variant. A subset of the RPGEH GERA cohort, in addition to the CMHS cohort, were additionally genotyped
at the G84E variant. All carriers are imputed correctly, but some individuals are falsely identified as carriers (r2 = 0.57, 95% CI = 0.37–0.77). This is because
of lack of specificity of the ancestral haplotype for mutation carriers. Counts of (Exome array genotype call, GWAS imputation call) categories for RPGEH
GERA and Men’s Health cohort are given in brackets [.], and for RPGEH GERA alone in parenthesis (.). The most likely/best guess genotypes are given for
the imputed data. Discordances are noted with the larger points.
doi:10.1371/journal.pgen.1004930.g002

with individuals with >25% Ashkenazi ancestry excluded, and with the Human Genome Diversity Project [41] groups overlaid to enhance interpretability. The mutation is most prevalent
in northwestern European and Russian groups (approximately 0.8% vs. 0.4% overall). By contrast, the carrier frequency was much lower (approximately 0.15%) in Southern Europeans and
individuals of Ashkenazi ancestry.
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Figure 3. Ancestry of the HOXB13 G84E variant. Using the first two principal components (PCs) we created a smoothed estimate of the carrier frequency
of each individual’s expected additive coding by using the 2,000 closest individuals (Euclidean distance) to calculate a G84E carrier frequency at that
location, excluding individuals with >25% Ashkenazi ancestry. Text for the center of each Human Genome Diversity Project (HGDP) population is given to
enhance interpretation; the mutation is most prevalent in northwestern Europe and Russian groups. To further adjust for incomplete LD, we multiplied the
imputation carrier frequency by the r2 estimate of 0.57.
doi:10.1371/journal.pgen.1004930.g003

Application to a large cohort
After exclusions of first-degree relatives and others in identifying all cancer cases and controls
(described in the Methods section), a total of 74,625 individuals from RPGEH GERA were
used to evaluate the association between the HOXB13 G84E mutation and cancer.
G84E and prostate cancer risk. Focusing first on prostate cancer (3,976 cases, 29,517 noncase men), we estimated an increased frequency of HOXB13 G84E mutation carriers among
men with the disease than among men with no evidence of prostate cancer in the cohort
(1.87% versus 0.78% imputation-based carriers, or 1.07% versus 0.44% actual carriers adjusting
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for incomplete LD). In the case-control analysis, the G84E mutation increased the risk of prostate cancer approximately two-and-a-half fold, OR = 2.52, 95% CI = 1.92–3.31, p = 1.05×10−11.
After adjustment for incomplete LD, the OR was 3.63 (95% CI = 2.48–5.85). This finding is
consistent with prior OR estimates for the G84E mutation and prostate cancer [22] and supports the accuracy of our imputation of G84E.
Fig. 4 presents the unadjusted and adjusted Kaplan-Meier curves for time-to-onset of prostate cancer for HOXB13 G84E carriers versus non-carriers. By a log-rank test, the carriers had
significantly increased age-specific risks (p = 1.7×10−12). For example, the LD-adjusted estimated risk of developing prostate cancer among G84E carriers was 36.7% (95% CI = 24.2%–
55.4%) versus 13.6% (95% CI = 13.2%–14.2%) for non-carriers by age 72, and 64.2% (95% CI =
45.6%–93.3%) for carriers versus 24.2% (95% CI = 23.4%–25.0%) for non-carriers by age 80.
Adjusting for covariates in the multivariable Cox proportional-hazards model, the estimated
hazards ratio (HR) was 2.25 (95% CI = 1.78–2.84, p = 6.5×10−12), with an LD-adjusted HR =
3.17 (95% CI = 2.26–4.90). We then conducted two analyses to assess the impact of any potential survivor bias on these results. Including prostate cancer information in individuals up to
the time at which they completed the RPGEH GERA survey (i.e., prevalent prostate cancer
cases), we obtained a similar unadjusted HR of 2.48 (95% CI = 1.86–3.31, p = 3.3×10−10). Restricting the prostate cancer information on individuals from the time of survey onward (incident cases) and excluding any cases beforehand (i.e., prevalent cases), we derived a similar
unadjusted HR of 2.14 (95% CI = 1.43–3.21, p = 1.0×10−4).
G84E and pleiotropy. In addition to our findings for prostate cancer, the HOXB13 G84E
mutation was associated with non-prostate cancers overall, allowing for correlation among the
various cancer types (LD-adjusted OR = 1.63, 95% CI = 1.22–2.29, p = 0.00058, Table 1). According to a model of pleiotropy, we would expect individuals affected with primary cancers of
more than one type to have a stronger association with the G84E mutation. This expectation
was met in our data; the LD-adjusted OR for the association between the mutation and any single cancer diagnosis was 1.71 (95% CI = 1.23–2.51, p = 0.00089), while the LD-adjusted OR for
being diagnosed with multiple cancer types was 3.12 (95% CI = 1. 60–6.14, p = 0.0011). Similarly, we would also expect a stronger association of the G84E mutation with prostate cancer
cases that involved an additional cancer type versus those that involve only the prostate. This
expectation was also met. For prostate cancer alone, the LD-adjusted OR was 3.40 (95% CI =
2.35–5.34, p = 1.8×10−12), while for cases diagnosed with cancer of the prostate plus an additional type, the LD-adjusted OR was 4.65 (95% CI = 2.30–9.60, p = 3.9×10−5).
In terms of individual cancers, we estimated an OR>1 for the HOXB13 G84E mutation carriers in the following 12 cancer types (out of fourteen) in comparison with controls not diagnosed with any form of (non-melanoma skin) cancer: breast, non-Hodgkin’s lymphoma,
kidney, bladder, melanoma, endometrium, pancreas, colon, thyroid, ovary, multiple myeloma,
and lung (Table 1). Note that the number of controls varied depending on whether the cancers
were sex-specific; for the sex-specific cancers we only compared cases to controls of the same
sex. Due to the rarity of the G84E mutation, the number of carriers among the cancer cases was
limited (Table 1). Thus, while the G84E mutation was associated positively with many of the
cancers individually and with all cancer typess in an overall test, the cancer-specific effects
were of borderline significance or non-significant (Table 1). Additionally, when analyzing only
subjects that were age > 55, results were generally similar (84% of our analytic cohort is age > 55);
when analyzing the subgroup with age  55, results were generally not statistically significant
except for prostate cancer (OR = 3.0, 95% CI = 1.1–8.2) and kidney cancer (OR = 8.9, 95%
CI = 2.0–38.6). However, in many cases, the power is poor because of small samples sizes.
To further evaluate the cancer-specific results, we determined the optimal statistical grouping of cancer types (see Methods section). We found the risk group to include the following
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Figure 4. Age-specific risk of prostate cancer by HOXB13 G84E mutation carrier status. One minus the usual Kaplan-Meier survival curve, with the
probability of prostate cancer on the y-axis. The risk for G84E carriers is significantly higher than that for non-carriers. (a) Unadjusted. (b) Adjusted for
incomplete LD.
doi:10.1371/journal.pgen.1004930.g004

cancers: breast, non-Hodgkin’s lymphoma, kidney, bladder, melanoma, endometrium, and
pancreas (combined OR = 1.50, LD-adjusted OR = 1.87, one sided p = 0.042, adjusted for multiple testing of all possible subsets).

Discussion
Although the GWAS array typed in our study cohort did not include the G84E mutation [42],
we were able to impute it even though it has a low carrier frequency (0.0034 in individuals of
European ancestry from the 1000 Genomes Project), given a sufficient number of mutation
carriers in the reference panel used for imputation. We were able to identify a homogeneous
Table 1. Pleiotropic effect of G84E mutation on risk of cancer.
Cancera

# Case carriersb

# Casesb

Frequencyc

Odds Ratiod (95% CI)

Corrected Odds Ratioe (95% CI)

P-valued

Kidney

5

303

0.94%

2.32 (0.94, 5.76)

3.32 (0.89, 9.99)

0.034

Bladder

5

335

0.85%

2.05 (0.81, 5.22)

2.84 (0.70, 8.94)

0.065

Non-Hodgkin’s Lymphoma

10

846

0.67%

1.81 (0.98, 3.36)

2.42 (0.96, 5.52)

0.029

Melanoma

15

1301

0.66%

1.50 (0.89, 2.55)

1.88 (0.81, 3.95)

0.066

Pancreas

2

149

0.77%

1.49 (0.28, 7.83)

1.86 (0.18, 13.70)

0.32

Breast

38

3183

0.68%

1.48 (1.04, 2.10)

1.84 (1.07, 3.16)

0.014

Endometrium

6

578

0.59%

1.44 (0.64, 3.24)

1.77 (0.49, 5.22)

0.19

Colon

11

1119

0.56%

1.42 (0.77, 2.60)

1.74 (0.65, 4.06)

0.13

Thyroid

3

217

0.79%

1.35 (0.35, 5.22)

1.61 (0.23, 8.81)

0.33

Ovary

2

198

0.58%

1.32 (0.32, 5.49)

1.56 (0.20, 9.26)

0.35

Multiple Myeloma

1

135

0.42%

1.26 (0.20, 7.92)

1.46 (0.12, 13.75)

0.40

Lung

5

667

0.43%

1.10 (0.44, 2.72)

1.18 (0.30, 4.22)

0.42

Oral

2

283

0.40%

0.98 (0.23, 4.10)

0.97 (0.14, 6.78)

NA

Lymphocytic Leukemia

1

218

0.26%

0.53 (0.05, 5.24)

0.39 (0.03, 9.06)

NA

Anyf

123

10493

0.67%

1.36 (1.13, 1.63)

1.63 (1.22, 2.29)

5.8×10−4

Any single cancer

106

9532

0.63%

1.41 (1.14, 1.75)

1.72 (1.23, 2.51)

8.9×10−4

Two or more cancersh

17

961

1.01%

2.21 (1.35, 3.61)

3.12 (1.60, 6.14)

0.0011

g

Estimates of the association between the G84E mutation and risk of fourteen cancer(s) in the RPGEH GERA cohort. An overall association was detected
between the G84E mutation and the fourteen cancers grouped together (odds ratio = 1.36).
a

Number of non-cancer carriers / total number of individuals without cancer ( = frequency): = (430 / 54,482) × 0.57 = 0.45% for both gendersc and = (263 /

31,965) × 0.57 = 0.47% for females.c
The expected number of carriers according to best guess (tested using additive dosages)

b
c

Adjusted for incomplete LD by multiplying the imputation carrier frequency by the r2 estimate of 0.57.

d

Adjusted for age and genetic ancestry. One-sided p-value (see Methods) and OR from the non-corrected analysis (with two-sided 95% CI), not adjusted
for multiple comparisons. Some ORs are larger than 1.0 even though the frequencies in cases are not higher than controls because of the adjustment
for covariates.

e

Since the imputed variant is not perfectly correlated with the genotyped variant, the OR is underestimated, so we correct the estimate as for incomplete
LD (see Methods).

f

Any = any of the fourteen cancers using a meta-analysis approach that takes into account shared controls and cases.

g

Analysis using an indicator variable for presence of any single cancer of the fourteen cancers.
Analysis using an indicator variable for presence of any two or more of the fourteen cancers.

h

doi:10.1371/journal.pgen.1004930.t001
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founder haplotype consisting of SNPs on the GWAS array that allowed us to impute the G84E
mutation. We applied CART to the phased haplotypes—and introduced a novel CART-like
method—to find these haplotypes and ensure that the imputation was not an artifact, and to identify the founder haplotype. This is not meant to replace imputation, but merely as an approach to
examine imputation results and assure their validity. We expect that imputation will similarly be
possible for many additional rare variants as sequence information from large sequencing efforts
such as the UK10K project (http://www.uk10k.org) and others become publicly available for use
in reference panels. Furthermore, with the expansion of reference panels, the number of copies of
rare variants within them will increase. This will obviate the need for creating custom sequenced
reference panels oversampled for mutation carriers as was the case here, and hence also avoid the
biases in LD estimates that occur with such oversampling. However, special care in analysis will
have to be taken, as rare variants would often not meet standard QC filtering metrics.
In our data example, we obtained confirmatory evidence of the association of the HOXB13
G84E mutation with prostate cancer, and provided age-specific risks for developing prostate
cancer for mutation carriers in a large, prospective cohort. We also provided evidence that the
G84E mutation exhibits a pleiotropic effect on numerous other cancers, though sample sizes
made it difficult to determine precisely which cancers are involved. Consistent with the hypothesis of pleiotropy, we also provided suggestive evidence that the mutation exhibits a stronger association in individuals with multiple cancers, both involving prostate cancer and independent of
prostate cancer. Multiple cancers in the same individual will most often arise independently and
may reflect pleiotropic events, though in some cases may be due to metastasis. A shared genetic
basis among cancers may be supported by HOXB13’s role in embryonic development and body
patterning [20,43,44]. HOXB13 is particularly expressed in the prostate [20], where it physically
interacts with the androgen receptor, which is important for growth and regulation of differentiation in normal cell biology. Thus, HOXB13 may impact the carcinogenic process via its action on
growth and development. More work is needed to examine the biological mechanisms and effects
that the mutation has on the function of the HOXB13 gene. Two key factors made this investigation possible: a very large genotyped cohort with information on multiple cancers and our ability
to impute the G84E mutation using a custom reference panel.
Our LD-adjusted OR estimate of 3.63 (and HR of 3.17) for the overall association between
the G84E mutation and prostate cancer is slightly smaller than that reported previously (metaanalysis OR = 4.51) [22,27], although the latter is well within the 95% confidence interval of
our OR estimate (2.48–5.85). Our overall estimate may also reflect the older average age of the
RPGEH GERA cohort, since we did observe a stronger association when restricting to younger
(age <55) men. Due to the small number of G84E carriers, we were underpowered to detect associations for non-prostate cancers (power for prostate > 99%, breast 20%, and others < 10%,
using the parameters in Table 1 with alpha 0.0036 (0.05/14)). Nevertheless, our pleiotropy
analysis was able to borrow strength by combining across cancers and looking at individuals
with multiple cancers, all of which supported an association with cancer more broadly, albeit
with lower risks than associated with prostate cancer. On the other hand, our estimated LD-adjusted OR for multiple cancers excluding prostate (3.12) did approach the OR for prostate cancer alone (3.40). Another potential issue is the inclusion of prevalent cancer cases: these
individuals may have less aggressive disease and survive longer, making them more likely to become members of the RPGEH GERA cohort. If individuals with prevalent cancer are less likely
to carry the HOXB13 G84E mutation and were included preferentially due to survival bias, our
results would underestimate any true associations. Nevertheless, this potential bias is minimized for prostate cancer since men with this disease most commonly die from other factors.
The results for prevalent and incident prostate cancer cases gave similar results, suggesting that
there was no or very little survivor bias.
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In contrast with our work, a previous study reported difficulty in imputing the G84E variant
using a large custom reference panel [37]. This likely reflects differences in genotyping arrays,
imputation, or r2 estimation approaches. Saunders et al. [37] used multi-panel imputation with
Impute2 v2.3.0 [45] to create a large reference panel comprised of: 5500 prostate cancer cases
and 4923 controls typed on their custom iCOGS cancer array plus G84E; 677 cases typed on
the OMNI 2.5 array; and 1000 Genomes subjects. With this reference panel, they imputed the
HOXB13 G84E into 14,940 prostate cancer cases and 16,546 controls that were typed on the
iCOGS array; however, they reported inadequate imputation quality [37]. We investigated
whether this was due to the genotyping array by restricting our genotypes to the SNPs on the
iCOGS array and repeating our imputation approach. Approximately 50% of the SNPs on our
array in this interval were also on the iCOGS array, and represented approximately 10% of all
SNPs on their array in this interval. Limiting our imputation to those SNPs that overlapped between our array and the iCOGS array, we still obtained rinfo2 = 0.74 and r2 = 0.40 (95% CI =
0.16–0.64) with the genotyped data. Because our imputation was reasonably successful with a
relatively small subset of SNPs on their array, we suspect that there may have been further explanations for their low r2 value, possibly including differences in the approaches taken to impute the variant or potential difficulty in accurately estimating r2.
Our ability to impute the HOXB13 G84E mutation and calculate the age-specific risk of
prostate cancer for carriers, along with evidence for association with a number of other cancers,
highlights the value of combining sequence data with a large cohort of genotyped individuals
to assess the impact of rare variants on multiple diseases.

Material and Methods
Human subjects protection
The study was approved by the Kaiser Permanente and University of California Institutional
Review Boards.

Constructing a reference panel for imputation
The G84E mutation is present in only two of the 1092 individuals in the 1000 Genomes Project
March 2012 interim release dataset: one British (GBR) and one Finnish (FIN), and is not present in other race/ethnicity groups. We estimated the proportion of European ancestry in 1000
Genomes using Admixture v1.23 [46] to be 581.2 individuals. Thus we estimate a carrier frequency of 0.0034 (MAF 0.0017) among individuals of European ancestry.
These numbers were insufficient to create a reference panel for imputation, so we added to
this reference population a group of 93 individuals of European descent, 22 of whom were
known carriers of the G84E mutation (by sequencing), to create an enriched reference panel.
To ascertain G84E status, the DNA of those 93 individuals was amplified by PCR and sequenced (Genewiz, La Jolla, CA), as described previously [30]. These 93 individuals were also
genotyped on the custom Affymetrix Axiom EUR array optimized for individuals of European
descent as described in [42,47], the same array on which the non-Hispanic White RPGEH GERA
individuals were genotyped. The individuals were combined together with all of the 1000 Genomes Project data on the overlapping SNPs, and then phased with Shape-IT v2.r727 [48].

Participants in the target population
The RPGEH GERA cohort is comprised of 103,006 ethnically diverse Kaiser Permanente
Northern California (KPNC) health plan members (7.7% Asian, 3.4% African American, 7.2%
Latino, and 81.0% non-Hispanic White; 42% male) who were genotyped at over 674,000 SNPs
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on four race/ethnicity specific arrays [42,47]. Each cohort member also completed a baseline
health survey that included a list of self-reported medical conditions and lifestyle factors. These
individuals were an average age of 62.9 years at specimen collection (in 2008–2009), have been
members of KPNC for 23.5 years on average, and have comprehensive Electronic Health Records (EHR), tumor registry information, and other data available (e.g., cancer diagnosis). For
this analysis, we focused on the non-Hispanic White individuals, as the G84E mutation appears
to be of European origin. These individuals were genotyped on the same array as the extra 93
individuals who were used to create the enriched reference panel. The GERA cohort constitutes
a subset of the entire RPGEH sample.

Pre-imputation quality control
Algorithms for genotype calling for the Affymetrix Axiom arrays and QC measures for the
RPGEH GERA cohort have been described elsewhere (dbGaP, phs000674.v1.p1). In addition,
we applied stricter QC measures for this analysis; in particular, SNPs were removed if they had
an overall call rate <0.95, or a Hardy-Weinberg p-value <2.6×10−4 (a Bonferroni correction of
0.05/186, for the 186 SNPs +/− 0.5MB G84E on the EUR array) leaving a total of 170 SNPs
passing QC.

Imputation and confirmation
Imputation was performed by pre-phasing the RPGEH GERA cohort genotypes on each of the
arrays with Shape-IT v2.r727 [48], using the genotypes of all RPGEH GERA individuals, including first-degree relatives modeled as such to improve phasing. The G84E variant was then
imputed using the enriched reference panel with Impute2 v2.3.0 [45,49,50]. The estimated
rinfo2 metric we provide is the “info” metric from Impute2, which is an estimate of the correlation of the imputed genotype to the true genotype [51]. The expected frequencies/counts from
summing the additive dosages are typically given in the text and are additionally adjusted for
incomplete LD (we multiplied the imputation carrier frequency by the r2 estimate of 0.57); in
some presentations we used the most likely genotype/best guess genotypes, in which cases it is
explicitly stated as such. All regression analyses described below used the additive dosages.
To further confirm the imputation, we first employed a CART method to identify the
founder haplotype in the enriched reference panel, and predict G84E in the RPGEH GERA cohort using the tree model. We restricted our search space to +/− 3 crossovers (recombination
distance), which spans from 46.684–46.908 Mb on chromosome 17q21.32, and leaves 57 SNPs
to reconstruct the haplotype. The CART method uses the pre-phased haplotypes, and predicts
the G84E mutation using standard CART methods based on each estimated haplotype [40]
with the R package rpart [52]. We obtained the probability of the G84E mutation from the classification in the terminal nodes. To further confirm that imputation of the mutation was not
relying on a single or small number of SNPs, we removed the SNPs selected by the CART approach, and repeated the process twice, in the second round removing SNPs identified in the
first round, and in the third round removing the SNPs identified in the first two rounds.
Our final computational confirmation was with the software PLINK v1.07 [38], used to
identify haplotype proxies and compute a multi-marker correlation with the G84E mutation
using our enriched reference panel and the non-Hispanic White individuals in the 1000 Genomes Project. As for the CART analysis, we repeated this analysis by masking the SNPs used
in the original multi-marker correlation and re-computing the multi-marker correlation to
show it also does not rely on any single or small number of SNPs.
As a final confirmation, we genotyped the G84E mutation on a subset of 1,673 RPGEH
GERA individuals along with an additional 1,789 men of White race/ethnicity from the CMHS
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[39], using a custom Affymetrix Axiom microarray. QC criteria were similar to those described
earlier; genotyping calling for the G84E allele was performed using all individuals together. We
repeated the imputation by combining the non-Hispanic white RPGEH GERA individuals
with the additional 1,789 men from the CMHS (who were also genotyped on the same Axiom
EUR array as the RPGEH GERA individuals) to create a larger set of individuals to empirically
test the accuracy of imputation.

Leave-one-out cross validation estimate of r2
We also estimated the r2 of our reference panel via leave-one-out cross validation (LOOCV),
imputing each individual using the genotype information of all other individuals. In our reference panel, we have enriched for HOXB13 carriers, leading to an increased frequency compared to the general population.

Comparison of imputed to genotyped mutation carriers
To illustrate why there is a discrepancy between the rinfo2 estimate from the enriched reference
panel and the correlation estimate from the genotype data, we downward adjusted the original
r2 estimate to account for the over-sampling of mutation carriers. Recall that we estimated a
carrier frequency of 0.0034 in individuals of European ancestry in the 1000 Genomes Project
data; using this same proportion for the additional 93 individuals in the reference sample
would give an expected 0.32 carriers (i.e., the additional 93 individuals were enriched 69-fold).
Thus, for the enriched reference panel (1000 Genomes data plus 93 extra individuals), we
would expect 2 + 0.32 = 2.32 mutation carriers with the founder haplotype and 1 person with
the founder haplotype but without the mutation (as was found when we reversed the process
and incorrectly identified a carrier). This gives an estimated r2 of approximately 2.32/3.32 = 0.70.

Confidence intervals for r2 estimates
Confidence intervals for estimates were given either by using the adjusted bootstrap percentile
method [53] for correlations with the genotyped subset, and for the other more computationally demanding estimates via the bootstrap percentile.

Application to a large cohort
Removal of first-degree relatives. For the phenotype analysis described here, relatives were
randomly removed such that no first-degree relationships remained except in cases in which there
were multiple relationships, where removal was based on maximizing the remaining number of
unrelated individuals (e.g., the two parents in trios). This resulted in a total of 78,948 unrelated
non-Hispanic White individuals with valid genotype data, before exclusions based on phenotype.
Phenotype. Prostate cancer cases were identified from the Kaiser Permanente Northern
California Cancer Registry (KPNCCR) and clinical I data through the end of 2012. The
KPNCCR captures data on all cancer cases (except non-melanoma skin cancer) newly-diagnosed or treated at KPNC facilities. Data in the KPNCCR conform to standards of the North
American Association of Central Cancer Registries and the National Cancer Instit’te’s Surveillance, Epidemiology and End Results (SEER) Program. For prostate cancer, non-case individuals were all men who had not progressed to prostate cancer.
To examine the pleiotropic effect of the G84E mutation, other cancer cases were identified
from the KPNCCR. Controls were individuals without any current or previous cancer diagnosis (additionally excluding individuals with ICD-9 diagnoses of cancer or self-reported history
of cancer from the survey), except for non-melanoma skin cancer. Including all men for
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estimating age-specific risk of prostate cancer (i.e., not excluding them for other phenotypic exclusions, but still removing first-degree relatives), and these exclusions for cases and controls, a
total of 74,625 individuals were used in the cancer association analyses (this is the total number
of individuals used across all tests, the numbers of individuals vary for each analysis).
Analysis and covariate adjustment. The G84E mutation was tested for association with
prostate and other cancers with a logistic regression model using the imputed probabilities to
construct additive dosages to account for the uncertainty of imputation. This has been shown
to work well in practice [54], although not yet for such a rare mutation. However, because of
the rarity of the mutation, in this case dosage is very highly correlated with predicted carrier
status since very few homozygotes are expected. For the CART method, we used the probability
of the mutation G84E from the classification in the terminal nodes. All regression models were
adjusted for age and genetic ancestry (described below).
We also conducted a survival analysis of the time-to-onset of prostate cancer in order to estimate the age-specific risk for carriers versus non-carriers of the mutation. We used age at diagnosis for the affected men, and censored unaffected men at their age at time of latest
observation. We calculated Kaplan-Meier lifetime risk estimates for G84E carriers versus noncarriers and evaluated their difference with a log-rank test, and also conducted a multivariable
Cox proportional-hazards model adjusting for genetic ancestry.
To adjust for genetic ancestry/population stratification, principal components (PC) analysis
was performed on a set of 20,000 non-Hispanic White race/ethnicity individuals, with the remaining non-Hispanic White race/ethnicity individuals projected into the same space via
Eigensoft v4.2 [55]. The top 10 eigenvectors were included in the logistic regression model. We
were also interested in evaluating the geographic distribution of the G84E mutation. To do so,
we created a smoothed estimate of the carrier probability for each individual by calculating the
carrier frequency among the 2,000 closest individuals to them (in Euclidean genetic distance)
and then plotted carrier probabilities as a function of PC scores.
Each cancer phenotype was initially modeled separately via logistic regression. To evaluate
all cancers together as a group, allowing for correlation in the occurrence of the different cancers, and to assess which group of cancers appeared to jointly exhibit pleiotropic effects due to
G84E, we implemented a previously described subset-based approach [56]. Briefly, the approach computes a statistic for each subset of cancers, calculated as a weighted sum of the univariate case-control analysis Z statistics for each cancer, taking into account shared controls
and shared cases. It then chooses the maximum of these subsets (which we report here), and
computes a combined odds ratio and p-value adjusted for taking the maximum of all possible
subsets. When analyzing all the cancers together (excluding prostate), we implemented this approach with just one subset, so it was effectively just a meta-analysis taking into account shared
controls and cases. Then we used the method testing all possible subsets to determine the optimal statistical grouping of cancer types. Finally, for the other tests of any single non-prostate
cancer, 2 or more cancers, and prostate cancer and another cancer, we tested an indicator variable of this condition. For all cancer phenotype tests, we conducted a one-sided test as we are
interested in determining whether the mutation increases the risk of cancer, and thus reported
a one-sided p-value; all confidence intervals are two-sided.
Adjusting risk estimates for the effect of incomplete linkage disequilibrium. Because our
imputation of the HOXB13 mutation is imperfect due to incomplete linkage disequilibrium,
there is some misclassification of carrier status. Such misclassification leads to an underestimate of the true effect of the mutation on prostate and other cancers. To address this, we used
the following approach to adjust effect estimates, using the r2 computed from the mutation
genotyped subset (r2 = 0.57, 95% CI = 0.37–0.77). In our results we always provide the unadjusted results, and in relevant situations adjusted estimates accounting for incomplete LD.
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Let Z, X, and Y be indicator variables for affection status, mutation carrier status, and haplotype carrier status, respectively. Let a = P(Z = 1|X = 1) = probability affected if mutation carrier;
b = P(Z = 1|X = 0) = probability affected if not a mutation carrier; f = P(Z = 1|Y = 1) = probability affected if haplotype carrier; g = P(Z = 1|Y = 0) = probability affected if not haplotype carrier; v = a/b = relative risk for mutation carriers (not observed); and w = f/g = relative risk for
haplotype carriers (observed). The calculation is greatly simplified by assuming that the G84E
mutation occurred on a single ancestral haplotype, and therefore that haplotype is perfectly
specific but imperfectly sensitive for carrying the mutation. This allows us to assume that P
(X = 1|Y = 0) = 0. Further assume that a proportion t of haplotype carriers also carry the G84E
mutation, namely P(X = 1|Y = 1) = t. Then f = P(Z = 1|Y = 1) = P(X = 1|Y = 1)P(Z = 1|X = 1)+
P(X = 0|Y = 1)P(Z = 1|X = 0) = at + b(1-t). Similarly, g = P(Z = 1|Y = 0) = P(X = 1|Y = 0)P(Z =
1|X = 1)+P(X = 0|Y = 0)P(Z = 1|X = 0) = b. As a consequence, w = f/g = [at+b(1-t)]/b = t(a/b) +
1-t = tv+1-t. Solving for v in terms of w, we obtain v = 1 + (w-1)/t. The value for v gives the adjusted relative risk for mutation carriers. The values for a and b give the adjusted survival curve
estimates for carriers and non-carriers. Because non-haplotype carriers are not mutation carriers,
the risk for non-mutation carriers will be the same as the risk for non-haplotype carriers. To adjust the confidence intervals, we computed nonparametric bootstrapped confidence intervals
(108 iterations, except 105 iterations for the time-to-onset plots), drawing from a normal distribution with mean and standard error of the coefficient estimate, and inflating by the r2 from drawing from a normal distribution with mean and standard error from the estimate for r2 from the
genotyped subset.
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