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Abstract
The PDZ and LIM domain 5 (PDLIM5) gene may play a role in cancer, bipolar disorder, major depression, alcohol dependence and schizophrenia; however, little is known about the interaction effect of steroid and PDLIM5 gene
on cancer. This study examined 47 single-nucleotide polymorphisms (SNPs) within the PDLIM5 gene in the Marshﬁeld sample with 716 cancer patients (any diagnosed cancer, excluding minor skin cancer) and 2848 noncancer controls. Multiple logistic regression model in PLINK software was used to examine the association of each SNP with
cancer. Bayesian logistic regression in PROC GENMOD in SAS statistical software, ver. 9.4 was used to detect gene–
steroid interactions inﬂuencing cancer. Single marker analysis using PLINK identiﬁed 12 SNPs associated with cancer
(P < 0.05); especially, SNP rs6532496 revealed the strongest association with cancer (P = 6.84 × 10−3 ); while the
next best signal was rs951613 (P = 7.46 × 10−3 ). Classic logistic regression in PROC GENMOD showed that both
rs6532496 and rs951613 revealed strong gene–steroid interaction effects (OR = 2.18, 95% CI = 1.31−3.63 with P = 2.9
× 10−3 for rs6532496 and OR = 2.07, 95% CI = 1.24−3.45 with P = 5.43 × 10−3 for rs951613, respectively). Results
from Bayesian logistic regression showed stronger interaction effects (OR = 2.26, 95% CI = 1.2−3.38 for rs6532496 and
OR = 2.14, 95% CI = 1.14−3.2 for rs951613, respectively). All the 12 SNPs associated with cancer revealed signiﬁcant
gene–steroid interaction effects (P < 0.05); whereas 13 SNPs showed gene–steroid interaction effects without main effect
on cancer. SNP rs4634230 revealed the strongest gene–steroid interaction effect (OR = 2.49, 95% CI = 1.5−4.13 with
P = 4.0 × 10−4 based on the classic logistic regression and OR = 2.59, 95% CI = 1.4−3.97 from Bayesian logistic regression;
respectively). This study provides evidence of common genetic variants within the PDLIM5 gene and interactions between
PLDIM5 gene polymorphisms and steroid use inﬂuencing cancer.
[Wang K.-S., Owusu D., Pan Y. and Xie C. 2016 Bayesian logistic regression in detection of gene–steroid interaction for cancer at PDLIM5
locus. J. Genet. 95, 331–340]

Introduction
In the United States (US), it was estimated that more than 1.6
million new cancer cases were diagnosed in 2012 (Cancer
Facts and Figures 2012, American Cancer Society, http://
www.cancer.org/research/cancerfactsstatistics/cancerfacts
ﬁgures2012/). Based on the 2012 National Health Interview Survey (NHIS) data, the overall prevalence of cancer
in US was 8.6% (Wang et al. 2014). The World Cancer
Report 2014 reported the global incidence of cancer to be
about 14 million new cases in 2012 and it is expected to
∗ For correspondence. E-mail: wangk@etsu.edu.

increase to an annual 19.3 million cases by 2025 (Gulland
2014). Cancers are complex traits caused by a complex
interplay between genetic predisposition and the environment. Based on a combined data of 44,788 pairs of twins
listed in the Swedish, Danish and Finnish twin registries,
the estimated effects of heritability were obtained for cancers of the colorectum (35%), breast (27%) and prostate
(42%) (Lichtenstein et al. 2000). Another study estimated
the proportion of cancer susceptibility for thyroid cancer
(53%), endocrine glands (28%), testis (25%), breast (25%)
and cervix (22%) using the nationwide Swedish FamilyCancer Database (Czene et al. 2002). The genetic effects
would explain globally, almost 30% of the total variability
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of propensity to breast cancer using the special information
coming from twin data, particularly breast cancer data,
from the Swedish twin register (Locatelli et al. 2004). One
Chinese study estimated the heritability of gastric cancer in
ﬁrst-degree and second-degree relatives was 54.75% and
44.97%, respectively (Gao et al. 2011). Recently, Hjelmborg
et al. (2014) undertook the world’s largest prospective study
in the Nordic Twin Study of Cancer cohort, including 18,680
monozygotic (MZ) and 30,054 dizygotic (DZ) same-sex
male twin pairs and obtained the heritability of 58% for
prostate cancer. Steroids such as corticosteroid medications
have been used to treat the inﬂammation and pain associated
with certain chronic conditions such as adrenal disorders,
chronic obstructive pulmonary disorder, crohn disease,
rheumatoid arthritis, lupus and tendinitis; control inﬂammation associated with asthma and nasal allergies; and heal
many skin conditions. However, injection, oral and external
use of steroid may cause a range of side effects such as
cataracts, diabetes and osteoporosis. A previous epidemiologic study showed that sex steroid hormones may contribute
to the growth and progression of prostate cancer; however,
the associations between hormones and prostate cancer risk
across the range of normal levels were weak to modest
(Platz and Giovannucci 2004). Other studies suggested that
sex hormone ingestion, including oral contraceptives and
hormone replacement therapy may inﬂuence cervical carcinogenesis (Lacey et al. 1999; Matos et al. 2005; Bicho
et al. 2009), while the haptoglobin genetic phenotype may
interact with steroid hormone therapy in the development of
cervical cancer (Bicho et al. 2009).
The PDZ and LIM domain 5 (PDLIM5) gene (also known
as L9, ENH, LIM and ENH1) is located at 4q22.3 (Ueki
et al. 1999). Maeno-Hikichi et al. (2003) found that the
ENH protein was expressed in various regions of the brain,
most notably hippocampi, cortex, thalamus, hypothalamus,
amygdala and cerebellum; while in hippocampal neurons,
ENH appeared to be localized in presynaptic nerve terminals. One Chinese study found no association of PDLIM5
(rs17021918) with prostate cancer among Chinese men;
however, PDLIM5 and NK3 homeobox 1 (NKX3-1) might
have a synergistic action on the risk of prostate cancer (Hui
et al. 2012). Another study suggested that rs17021918 was
signiﬁcantly associated (P < 0.05) with time to prostate
cancer-speciﬁc mortality (Shui et al. 2014). Recently, one
study found that PDLIM5 gene was highly expressed in
all cultured gastric cancer cell lines; while knockdown of
PDLIM5 signiﬁcantly inhibited cell proliferation and colony
formation, which suggests that si-RNA-mediated silencing
of PDLIM5 might serve as a potential therapeutic approach
for the treatment of gastric cancer (Li et al. 2015). Therefore, PDLIM5 gene may be a good candidate for various
cancers. However, the results of PDLIM5 gene with cancers
are inconsistent. Meanwhile, no study has focused on interaction of PDLIM5 gene with steroid in inﬂuencing cancer.
Further, Bayesian methods have become increasingly popular in many areas of science and modern statistical analyses
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including genetic association studies, which may have some
advantages in ﬂexibility and for incorporating information
from previous studies as well as dealing with sparse data
(Stephens and Balding 2009; Sullivan and Greenland 2013;
Stokes et al. 2014). This study explored the associations of
47 SNPs within PDLIM5 gene with the risk of cancer and
then examined gene–steroid interactions using a Bayesian
logistic regression.

Subjects and methods
The Marshﬁeld sample

The Marshﬁeld sample was from the publicly available data
in a GenomeWide Association Study on Cataract and HDL in
the Personalized Medicine Research Project Cohort – study
accession: phs000170.v1.p1 (dbGaP). The primary goal of
this project was to develop and validate electronic phenotyping algorithms, to accurately identify cases and controls while maintaining a positive predictive value (PPV) of
>95%, and to conduct a genomewide association study that
advances the understanding of two speciﬁc yet interrelated
disease states, while simultaneously engaging the community in these research efforts. The details about these subjects are described elsewhere (McCarty et al. 2005, 2008).
Patients were deﬁned as any diagnosed cancer excluding
minor skin cancer; while age at onset of cancer was deﬁned
by date of the earliest cancer diagnosis in the registry. Two
steroid-related selfreported variables were included: steroid
use was deﬁned as the long-term use of adrenal steroids by
a subject to treat chronic conditions; and age at ﬁrst steroid
use. Demographic factors used in this study are age, gender
and race/ethnicity. Genotyping data using the ILLUMINA
Human660W-Quad_v1_A are available for 3564 Caucasian
individuals (716 cancer cases and 2848 controls). Within
the PDLIM5 gene, 47 SNPs were available and therefore
included in the analysis.
Statistical methods
Logistic regression in PLINK software: Hardy–Weinberg equi-

librium (HWE) was tested for all the SNPs in the controls
by using PLINK v1.07 (Purcell et al. 2007). The minor
allele frequency (MAF) was determined for each SNP and
the linkage disequilibrium (LD) structure based on D values
was constructed using HAPLOVIEW software (Barrett et al.
2005). Multiple logistic regression analysis (1) of each SNP
with cancer as a binary trait, adjusted for sex and steroid, was
performed using the PLINK software.
logit(p(Y1 = 1)) = β0 + β1 sex + β2 SNPk + β3 steroid. (1)
Where Y1 is cancer status (1 if cancer and 0 otherwise) and
SNPk is the genotype at the kth SNP. The asymptotic P values for this test were observed while the odds ratio (OR) and
standard error (SE) of OR were estimated. For the genotypic
analysis using the multiple logistic regression models, the
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additive model was applied. In addition to obtaining nominal
P values, empirical P values were generated by 100,000 permutation tests using Max (T) permutation procedure implemented in PLINK. In this procedure, pointwise estimate of an
individual SNP’s signiﬁcance (empirical pointwise P values)
was calculated. Haplotype analysis of cancer was performed
using the PLINK software.

as a generalization of AIC (Spiegelhalter et al. 2002). A
measure of effective numbers of parameters is deﬁned as pD
in (4), which means the pD is the posterior mean deviance
minus the deviance measured at the posterior mean of the
parameters.

Logistic regression in PROC GENMOD: The GENMOD
procedure in SAS can ﬁt generalized linear models (GLMs)
as deﬁned by Nelder and Wedderburn (1972). Classic and
Bayesian logistic regression models (2) in PROC GENMOD
in SAS statistical software, ver. 9.4 were used to detect
gene–steroid interactions inﬂuencing cancer.

Then DIC is deﬁned analagously to AIC as in (5). Models
with samller DIC are better supported by the data.

pD = E[−2 ln{p(x|θ )}] + 2 ln{p(x|θ̂)}.

DIC = −2 ln{p(x|θ̂)} + pD .

AIC = −2 ln{p(x|θ̂)} + 2k.

Results

(2)

Where SNPk ∗ steroid refers to the interaction between SNPk
and steroid. For the classic logistic regression, the Akaike
information criterion (AIC) in (3) was used as a measure of
goodness of model ﬁt that balances model ﬁt against model
simplicity (Akaike 1979, 1981).
(3)

Where x is the random variable, θ̂ is the maximum likelihood
estimate and k is the number of parameters. Note that model
with smaller AIC ﬁts the data better.
Bayesian analysis of GLMs can be requested by using the
BAYES statement in the GENMOD procedure. A Markov
chain Monte Carlo (MCMC) method by Gibbs sampling was
used to simulate samples from the posterior distribution. In
a Bayesian analysis, a Gibbs chain of samples from the posterior distribution was generated for the model parameters.
Summary statistics (mean, standard deviation, quartiles, the
highest posterior density (HPD) and credible intervals) and
convergence diagnostics (autocorrelations and Monte Carlo
standard errors) were computed for each parameter. Autocorrelation measures the dependency among the Markov chain
samples and low or no correlations can indicate good mixing. Trace plot, which is a plot of the sampled values of a
parameter versus the sample number; while a good mixing
will be detected when the samples stay close to the highdensity region of the target distribution. The kernel posterior
density plots estimate the posterior marginal distributions
for the regression coefﬁcients and good convergence will
be revealed when each plot shows smooth, unimodal shape
for the posterior marginal distribution. Trace plots, posterior
density plots and autocorrelation function plots that were created using ODS graphics were provided for each parameter
(Stokes et al. 2014).
In the present study, the normal prior was chosen for the
coefﬁcients. In Bayesian analysis, deviance information criteria (DIC) is available instead of AIC. DIC is a hierarchical
modelling generalization of the AIC, while DIC is intended

(5)

Descriptive statistics and multiple logistic regression analyses were conducted with SAS statistical software, ver. 9.4
(SAS Institute, Cary, USA).

logit(p(Y1 = 1)) = β0 + β1 sex + β2 SNPk + β3 Steroid
+ β4 SNPk ∗ steroid.

(4)

Genotype quality control and descriptive statistics

We removed four of the 47 SNPs with MAF < 1%. All the 43
SNPs were in HWE in the controls (P > 0.001). The demographic characteristics of the subjects are presented in table 1.
There were slightly more females than males in both cases
and controls in the Marshﬁeld sample, and more cases using
steroid (31%) than controls (23%). Participants’ age ranged
from 46 to 90 years and age at onset of cancer ranged from
23 to 90 years. The age of ﬁrst steroid use ranged from 16 to
90 years for controls and from 22 to 87 for cancer patients.
Multiple logistic regression analysis of association with cancer
using PLINK

Single marker analysis showed that 12 SNPs were associated
with cancer (P < 0.05) in the Marshﬁeld sample (table 2).
SNP rs6532496 revealed the strongest association with cancer (OR = 1.17, 95% CI = 1.05–2.32, P = 6.84 × 10−3 ),
while the next best signal was rs951613 (OR = 1.17, 95%
Table 1. Descriptive characteristics of cases and controls.

Number
Sex, n (%)
Male
Female
Steroid use, n (%)
No
Yes
Age, years
Mean ± SD
Range
Age at onset of cancer, years
Mean ± SD
Range
Age of ﬁrst steroid use, years
Mean ± SD
Range
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Noncancer

Cancer

2848

716

1135 (40%)
1713 (60%)

340 (47%)
376 (53%)

2189 (77%)
659 (23%)

497 (69%)
219 (31%)

65.1±11.3
46–90

71.1±10.3
46–90

–
–

64.2±12.8
23–90

59.5 ± 14.7
16–90

65.4±12.2
22–87
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Table 2. SNPs within the PDLIM5 gene associated with cancer (P < 0.05).
SNP
rs2433317
rs2510795
rs2510785
rs12642449
rs4634230
rs12500426
rs12649976
rs11732687
rs11724023
rs7690296
rs951613
rs6532496

Position

Allele

MAF

HWE

OR

P

EMP1

95647823
95649087
95663430
95727778
95729661
95733632
95763308
95774856
95777877
95780482
95791722
95799427

C
G
A
T
C
A
C
A
C
G
A
C

0.25
0.25
0.24
0.40
0.47
0.46
0.43
0.43
0.43
0.42
0.42
0.42

0.44
0.44
0.513
0.052
0.037
0.032
0.331
0.376
0.425
0.374
0.45
0.449

0.8 (0.66–0.97)
0.8 (0.66–0.97)
0.81 (0.66–0.98)
1.13 (1.0–1.27)
1.14 (1.02–1.27)
1.13 (1.01–1.26)
1.15 (1.03–1.29)
1.14 (1.02–1.28)
1.14 (1.02–1.28)
1.16 (1.03–1.3)
1.17 (1.04–1.31)
1.17 (1.05–1.32)

0.0251
0.0264
0.0316
0.043
0.0232
0.0353
0.0152
0.0217
0.0232
0.0113
0.00746
0.00684

0.022
0.025
0.031
0.045
0.023
0.029
0.014
0.024
0.023
0.014
0.009
0.008

Position, physical position (bp); allele, minor allele; MAF, minor allele frequency; HWE,
Hardy–Weinberg equilibrium test P value; OR, odds ratio based logistic regression using
PLINK; P, P value based on logistic regression using PLINK; EMP1, empirical P value generated by 100,000 permutation tests using Max (T) permutation procedure implemented in
PLINK.

CI = 1.04–2.31, P = 7.46 × 10−3 ). None of the SNP showed
signiﬁcant association under a Bonferroni correction (α =
0.05/43 = 1.16 × 10−3 ). However, some SNPs may be
dependent (strong LD) within a gene. We further conducted
a permutation test in PLINK and found that all the 12 SNPs
had empirical pointwise P values, P < 0.05 (table 2). We
identiﬁed two haplotype blocks for 18 SNPs including the
12 cancer-associated SNPs (ﬁgure 1). The LD (D ) structure

shows that the 12 cancer-associated SNPs have strong relationships (most D > 0.8) even among the SNPs from different blocks. Haplotype analyses showed the A–T haplotype
from rs951613 and rs11097432 (D = 0.81), the T–C haplotype from rs11097432 and rs6532496 (D = 1.0), and the
C–A haplotype from rs6532496 and rs1056772 (D = 1.0)
were signiﬁcantly associated with cancer (P = 0.0243,
0.0186 and 0.0186, respectively) (table 3).

Figure 1. LD structure of 18 SNPs. The numbers indicate the D values between the corresponding two SNPs.
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Table 3. Haplotype analysis of cancer.
Haplotype
rs951613
G
A
G
rs11097432
T
C
T
rs6532496
T
C
T

rs11097432
C
T
T
rs6532496
C
T
T
rs1056772
G
A
A

Frequency

OR

P

0.22
0.41
0.37

0.94
1.14
0.9

0.371
0.0243
0.1

0.42
0.23
0.35

1.15
0.96
0.89

0.0186
0.438
0.0746

0.23
0.42
0.35

0.95
1.15
0.89

0.444
0.0186
0.0734

Frequency, haplotype frequency in the sample; OR, odds ratio for
each haplotype using PLINK; P, P value for the haplotype.
Classic and Bayesian logistic regression analyses of gene–steroid
interactions using PROC GENMOD

Classic logistic regression showed that 25 SNPs had signiﬁcant interaction effects with steroid with P < 0.05
(table 4) of which the two strongest cancer associated SNPs
showed strong gene–steroid interaction effects (OR = 2.18,
95% CI = 1.31−3.63 with P = 2.9 × 10−3 for rs6532496 and
OR = 2.07, 95% CI = 1.24−3.45 with P = 5.43 × 10−3 for

rs951613, respectively). Moreover, Bayesian logistic regression models yielded stronger interaction effects for the above
two SNPs (OR = 2.26, 95% CI = 1.2−3.38 for rs6532496
and OR = 2.14, 95% CI = 1.14−3.2 for rs951613, respectively). All the 12 SNPs associated with cancer also
revealed signiﬁcant gene–steroid interaction effects; whereas
13 SNPs revealed gene–steroid interaction effects without
main effects on cancer including SNPs rs2438140 (P =
7.0 × 10−4 ), rs2510785 (P = 9.0 × 10−4 ) and rs2510772
(P = 5.0 × 10−4 ). SNP rs4634230 revealed strongest genesteroid interaction effect (OR = 2.49, 95% CI = 1.5−4.13
with P = 4.0 × 10−4 based on the classic logistic regression
and OR = 2.59, 95% CI = 1.4−3.97 from Bayesian logistic
regression; respectively). After multiple testing adjustment
using the Bonferroni correction, seven SNPs still showed
signiﬁcant interaction effects (P < 1.16 × 10−3 ).
The DIC for the 25 SNPs were generally smaller than
those of AIC; meanwhile the ORs based on the Bayesian
logistic regression results revealed similar but stronger interaction effects compared with the classic logistic regression
results (table 4).
The trace plot, posterior density plot and autocorrelation
function plot based on Bayesian analysis (ﬁgure 2) indicated
that the Markov chain had stabilized with good mixing for
the interaction of rs4634230 C–C with steroid. The posterior

Table 4. SNPs within the PDLIM5 gene showed interactions with steroid used in inﬂuencing cancer
(P < 0.05).
SNP
rs2433322
rs2438146
rs9990976
rs2438140
rs2452554
rs2433317
rs2510795
rs2510785
rs766520
rs2577056
rs2452010
rs2510772
rs2452597
rs2452600
rs12642449
rs4634230
rs12500426
rs12649976
rs11732687
rs11724023
rs7690296
rs17021918
rs951613
rs6532496
rs3762876

Position

GT

OR

P

AIC

OR

DIC

95598764
95614411
95619495
95626844
95628825
95647823
95649087
95663430
95664814
95666282
95685988
95689838
95712269
95715905
95727778
95729661
95733632
95763308
95774856
95777877
95780482
95781900
95791722
95799427
95808500

C–C
C–C
G–G
C–C
C_C
T_T
A_A
A_C
C_C
G_G
C_C
C_C
A_A
C_C
C_C
C_C
A_A
C_C
A_A
C_C
A_A
C_C
A_A
C–C
C_C

0.46 (0.26−0.80)
2.20 (1.27−3.81)
1.96 (1.17−3.30)
2.50 (1.47−4.24)
5.84 (1.62−21.1)
8.37 (2.4−29.2)
8.42 (2.41−29.4)
0.52 (0.35−0.76)
2.48 (1.37−4.47)
4.82 (1.73−13.4)
0.46 (0.28−0.76)
2.47 (1.49−4.09)
2.88 (1.41−5.89)
2.82 (1.38−5.77)
0.43 (0.25−0.72)
2.49 (1.5−4.13)
0.35 (1.42−3.90)
2.16 (1.30−3.6)
2.12 (1.27−3.52)
2.10 (1.26−3.49)
0.48 (0.29−0.81)
2.13 (1.14−3.97)
2.07 (1.24−3.45)
2.18 (1.31−3.63)
0.45 (0.24−0.82)

5.8E-03
4.7E-03
1.09E-02
7E-04
7.1E-03
9E-04
8E-04
9E-04
2.6E-03
2.6E-03
1.25E-03
5E-04
3.8E-03
4.6E-03
1.4E-03
4E-04
9E-04
3.6E-03
3.9E-03
4.4E-03
5.3E-03
0.0179
5.4E-03
2.9E-03
9.7E-03

3547.4
3548.3
3550.1
3545.6
3538.1
3528.3
3527.6
3531.8
3545.2
3544.1
3545.5
3540.4
3545.3
3544.9
3540.6
3535.5
3541.0
3534.6
3543.2
3543.5
3541.1
3546.5
3540.5
3537.7
3545.5

0.47 (0.24−0.75)
2.31 (1.22−3.68)
2.05 (1.1−3.08)
2.6 (1.38−4.07)
5.84 (1.27−14.7)
8.89 (1.46−22.4)
11.9 (2.86−29.24)
0.53 (0.34−0.74)
2.62 (1.26−4.23)
5.88 (1.65−13.4)
0.47 (0.27−0.68)
2.55 (1.36−3.9)
3.14 (1.41−5.41)
3.08 (1.38−5.32)
0.55 (0.34−0.83)
2.59 (1.40−3.97)
2.43 (1.25−3.66)
2.24 (1.25−3.41)
2.19 (1.22−3.34)
2.17 (1.21−3.31)
0.5 (0.28−0.72)
2.26 (1.03−3.73)
2.14 (1.14−3.20)
2.26 (1.20−3.38)
0.47 (0.22−0.73)

3547.3
3548.2
3550.1
3544.8
3537.6
3527.8
3527.1
3530.9
3545.3
3544.0
3545.4
3540.4
3544.9
3544.5
3540.5
3535.4
3540.9
3534.6
3543.4
3543.5
3541.0
3546.4
3540.4
3537.6
3545.5

Position, physical position (bp); GT, tested genotype compared with the reference; OR, odds ratio for the
interaction based on classis logistic regression using PROC GENMOD; P, P value for the interaction based
on classis logistic regression using PROC GENMOD; AIC, Akaike information criterion value based on
classis logistic regression using PROC GENMOD; DIC, deviance information criteria values based on
Bayesian logistic regression using PROC GENMOD.
Journal of Genetics, Vol. 95, No. 2, June 2016

335

Ke-Sheng Wang et al.

Figure 2. Trace plot, autocorrelation function plot and posterior density plot for the interaction of rs4634230 C_C with steroid.

density plots, which estimate the posterior marginal distributions for the seven regression coefﬁcients showed that each
plot had a smooth, unimodal shape for the posterior marginal
distribution (ﬁgure 3). The OR estimate 2.59 for the interaction effect (table 5) indicates that odds of C_C genotype
with steroid is higher than those for T_T genotype without
steroid.

Discussion
In this study, we identiﬁed 12 SNPs associated with cancer using PLINK software and 25 SNPs interacted with
steroid in inﬂuencing cancer using PROC GENMOD in
SAS. All the 12 SNPs associated with cancer revealed signiﬁcant gene–steroid interaction effects; whereas 13 SNPs
showed gene–steroid interaction effects without main effects
on cancer. Bayesian logistic regressions revealed stronger
gene–steroid interaction effects on cancer compared to classic logistic regression. To our knowledge, this is the ﬁrst
study to provide evidence of common genetic variants within
the PDLIM5 gene interacting with steroid use in inﬂuencing
cancer development.
Previous studies have shown that the PDLIM5 protein was
expressed in various regions of the brain (Maeno-Hikichi
et al. 2003; Wu et al. 2004), skeletal muscle, prostate,
colon and leukocyte (Wu et al. 2004). Other studies reported
that expression level of PDLIM5 was signiﬁcantly and commonly increased in the brains of patients with bipolar disorder, schizophrenia and major depression (Kato et al. 2005);
while PDLIM5 might play a role in genetic susceptibility to bipolar disorder at rs2433320 (Kato et al. 2005) and
rs2433322 (Zhao et al. 2009), schizophrenia at rs2433322
(Horiuchi et al. 2006; Li et al. 2008), major depressive disorder at rs2433320 (Liu et al. 2008), rs12649976, rs13135257
336

and rs17021917 (Wong et al. 2012) and alcohol dependence
at rs11724023 (Gelernter et al. 2014). A recent study suggested that the nonsynonymous rs7690296 polymorphism
could play an important role in the pathophysiology of both
bipolar disorder and schizophrenia (Zain et al. 2013).
Few studies have focussed on PDLIM5 with cancer.
Previous study showed that increased expression level of
PDLIM5 was associated with a high proliferation rate of
tumour of nonsmall cell lung cancer (high fraction of Ki67positive tumour cells) (Edlund et al. 2012). One Chinese
study investigated the association of prostate cancer with
PDLIM5 (rs17021918) and NK3 homeobox 1 (NKX3-1,
rs1512268) in Chinese men. Although no signiﬁcant association between rs17021918 and prostate cancer was found,
PDLIM5 and NKX3-1 might have a synergistic action on
the risk of prostate cancer (Hui et al. 2012). Another study
in the National Cancer Institute Breast and Prostate Cancer
Cohort Consortium, a collaboration of eight cohort studies
from Europe, US and Australia suggested that rs17021918
was associated with time to prostate cancer-speciﬁc mortality
(Shui et al. 2014). Recently, it was reported that the PDLIM5
gene was highly expressed in all cultured gastric cancer cell
lines using Western blot and qRT-PCR; while knockdown
of PDLIM5 may signiﬁcantly inhibit cell proliferation and
colony formation and the absence of PDLIM5 in MGC803 cells led to S phase cell cycle arrest and apoptosis which
suggests that si-RNA-mediated silencing of PDLIM5 might
serve as a potential therapeutic approach for the treatment of
gastric cancer (Li et al. 2015). In the present study, we identiﬁed 12 SNPs associated with cancer including rs12649976,
previously associated with major depression (Wong et al.
2012), rs7690296 associated with both bipolar disorder and
schizophrenia (Zain et al. 2013), and rs11724023 associated
with alcohol dependence (Gelernter et al. 2014).
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Figure 3. The posterior density plots of seven regression coefﬁcients.

Table 5. Posterior odds ratio estimate for interaction between rs4634230 and steroid use.
SNP

GT

β-Int

SE

Lower HPD Upper HPD

OR

OR-lower HPD OR-upper HPD

rs4634230 T_T
C_C 0.917 0.258

0.422

1.428

2.59

1.40

3.97

GT, genotype comparing with the reference; β-Int, regression coefﬁcient for interaction; SE, standard
error for the regression coefﬁcient for interaction; lower HPD, lower 95% HPD for the regression coefﬁcient for interaction; upper HPD, upper 95% HPD for the regression coefﬁcient for interaction; OR,
odds ratio for the interaction between C_C and steroid use; OR-lower HPD, lower 95% of odds ratio
for the interaction between C_C and steroid use; OR-upper HPD, upper 95% of odds ratio for the
interaction between C_C and steroid use.

Steroid use or hormone ingestion may be associated with
some cancers such as prostate cancer (Platz and Giovannucci
2004), and cervical carcinogenesis (Lacey et al. 1999; Matos
et al. 2005; Bicho et al. 2009). Further, steroid hormone therapy may interact with haptoglobin genetic phenotype in the

development of cervical cancer (Bicho et al. 2009). In the
present study, we identiﬁed 25 SNPs in the PDLIM5 gene
that interacted with steroid use in inﬂuencing cancer. Some
of these targeted signals were previously reported to be associated with other disorders, including rs2433322 involved
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in bipolar disorder (Zhao et al. 2009) and schizophrenia
(Horiuchi et al. 2006; Li et al. 2008), rs12649976 associated with major depression (Wong et al. 2012), rs7690296
associated both bipolar disorder and schizophrenia (Zain et
al. 2013), and rs11724023 associated with alcohol dependence (Gelernter et al. 2014). Therefore, both previous ﬁndings and our present results suggest that PDLIM5 may be one
of the mechanisms which link cancer and psychiatric disorders such as bipolar disorder, schizophrenia, major depression and alcohol dependence. Further, 13 SNPs, although
without signiﬁcant main effects, have strong gene–steroid
interaction effects on cancer which suggests that gene–
environment interaction is also an important mechanism in
the development of cancer. It has been shown that consideration of gene–environment interactions can improve the
power for discovering genes/regions that are involved in the
aetiology of disease primarily through an interaction effect
without a marginal effect (Chapman and Clayton 2007);
whereas interactions might explain the missing heritability in genomewide association studies (Kraft et al. 2007;
Thomas 2010). To fulﬁll promises of genetic susceptibility
studies, especially in terms of prevention and public health,
we need to successfully identify the genetic variants that
modify the effect of lifestyle and the environment on cancer
risk. Gene–environment interactions can shed light on fundamental biological mechanisms (Le Marchand and Wilkens
2008).
There are several strengths in this study. First, we identiﬁed main effects and permutation P values for single SNPs.
Second, we examined the gene–steroid interactions using
Bayesian logistic regression model. Bayesian methods may
have some advantages in ﬂexibility and for incorporating
information from previous studies. For example, Bayesian
method may provide an alternative approach to assessing
associations that alleviates the limitations of P values at the
cost of some additional modelling. It has recently made great
inroads into many areas of science, including the assessment of association between genetic variants and disease or
related phenotypes (Stephens and Balding 2009). It has been
proposed that Bayesian methods may have clear utility in epidemiologic analyses involving sparse-data bias or considerable background information (Sullivan and Greenland 2013).
We also realized some limitations in this study. First, the definition of cancer status in the Marshﬁeld sample was broad
(including any diagnosed cancer omitting minor skin cancer).
It would be more informative to investigate the association
of PDLIM5 with particular type of cancer. Second, this is a
case–control study which has weak evidence of causal relationship of steroid with cancer. Therefore, longitudinal study
would be more appropriate. Third, our current ﬁndings might
be subject to type I error and ﬁndings need to be replicated
in additional samples.
In conclusion, this study provides evidence of several
genetic variants within the PDLIM5 gene and interactions between PLDIM5 and steroid use inﬂuencing cancer.
Further, cancer may share genetic variants with psychiatric
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disorders such as bipolar disorder, schizophrenia, major
depression and alcohol dependence. Future functional study
of this gene may help to better characterize the genetic
architecture of cancer and several psychiatric disorders.

Appendix
The following program showed one SNP rs4634230, sex and steroid
with cancer. The rs4634230 has three genotypes: C_C, C_T and
T_T, respectively; while the T_T genotype was considered as reference. For the interaction analysis, the T_T genotype and without
steroids was reference.
proc genmod data= f2rat1 descending;
class cancer(ref=‘1’) sex(ref=‘2’) steroid(ref=‘1’)
rs4634230(ref=‘T_T’) / param=ref;
model cancer = sex steroid rs4634230 rs4634230*
steroid / dist=bin link=logit type3;
bayes nbi=10000 nmc=100000 thin=10 seed
=1000 cprior=normal(var=1e6)
outpost=neuout plots=trace algorithm=im;
store logit_bayes;
run;
ods graphics off;
As for ORs of the interactions, the following programme was
used based on above Bayesian logistic regression analysis results
saved in logit_bayes ﬁle.
proc plm restore = logit_bayes;
estimate“C_C Vs T_T” rs4634230*steroid 10 / exp cl;
estimate“C_T Vs T_T” rs4634230*steroid 01 / exp cl;
run;

Acknowledgements
Funding support for the Personalized Medicine Research
Project (PMRP) was provided through a cooperative agreement
(U01HG004608) with the National Human Genome Research
Institute (NHGRI), with additional funding from the National
Institute for General Medical Sciences (NIGMS). The samples
used for PMRP analyses were obtained with funding from Marshﬁeld Clinic, Health Resources Service Administration Ofﬁce of
Rural Health Policy grant number D1A RH00025, and Wisconsin
Department of Commerce Technology Development Fund contract
number TDF FYO10718. Funding support for genotyping, which
was performed at Johns Hopkins University, was provided by the
NIH (U01HG004438). Assistance with phenotype harmonization
and genotype cleaning was provided by the eMERGE Administrative Coordinating Center (U01HG004603) and the National Center
for Biotechnology Information (NCBI). The datasets used for the
analyses described in this manuscript were obtained from dbGaP at
http://www.ncbi.nlm.nih.gov/gap through dbGaP accession number
phs000170.v1.p1. This study was approved by the Internal Review
Board (IRB), East Tennessee State University.

References
Akaike H. 1979 A Bayesian extension of the minimum AIC procedure of autoregressive model ﬁtting. Biometrika 66, 237–
242.

Journal of Genetics, Vol. 95, No. 2, June 2016

Bayesian analysis of gene–steroid interaction for cancer
Akaike H. 1981 Likelihood of a model and information criteria.
J Econometrics 16, 3–14.
Barrett J. C., Fry B., Maller J. and Daly M. J. 2005 Haploview:
analysis and visualization of LD and haplotype maps. Bioinformatics 21, 263–265.
Bicho M. C., Pereira da Silva A., Matos A., Silva R. M. and
Bicho M. D. 2009 Sex steroid hormones inﬂuence the risk for
cervical cancer: modulation by haptoglobin genetic polymorphism. Cancer Genet. Cytogenet. 191, 85–89.
Chapman J. and Clayton D. 2007 Detecting association using
epistatic information. Genet. Epidemiol. 31, 894–909.
Czene K., Lichtenstein P. and Hemminki K. 2002 Environmental
and heritable causes of cancer among 9.6 million individuals in
the Swedish family–cancer database. Int. J. Cancer 99, 260–266.
Edlund K., Lindskog C., Saito A., Berglund A., Pontén F.,
Göransson-Kultima H. et al. 2012 CD99 is a novel prognostic
stromal marker in non-small cell lung cancer. Int. J. Cancer 131,
2264–2273.
Gao S., Zhang X., Wang P., Dai L., Zhang J. and Wang K. 2011
Genetic epidemiological analysis reveals a multi-gene additive
model for gastric cancer. Fam. Cancer 10, 119–125.
Gelernter J., Kranzler H. R., Sherva R., Almasy L., Koesterer R.,
Smith A. H. et al. 2014 Genome-wide association study of alcohol dependence: signiﬁcant ﬁndings in African- and EuropeanAmericans including novel risk loci. Mol. Psychiatry 19, 41–
49.
Gulland A. 2014 Global cancer prevalence is growing at “alarming
pace,” says WHO. BMJ 348, g1338.
Hjelmborg J. B., Scheike T., Holst K., Skytthe A., Penney K. L.,
Graff R. E. et al. 2014 The heritability of prostate cancer in the
nordic twin study of cancer. Cancer Epidemiol. Biomarkers Prev.
23, 2303–2310.
Horiuchi Y., Arai M., Niizato K., Iritani S., Noguchi E., Ohtsuki T.
et al. 2006 A polymorphism in the PDLIM5 gene associated with
gene expression and schizophrenia. Biol. Psychiatry 59, 434–439.
Hui J., Wang J. Y., Shi X. H., Zhang Y. G., Liu M., Wang X.
et al. 2012 Association of prostate cancer with PDLIM5,
SLC22A3 and NKX3-1 in Chinese men. Zhonghua Nan Ke Xue
18, 404–411.
Kato T., Iwayama Y., Kakiuchi C., Iwamoto K., Yamada K., Minabe
Y. et al. 2005 Gene expression and association analyses of LIM
(PDLIM5) in bipolar disorder and schizophrenia. Mol. Psychiatry
10, 1045–1055.
Kraft P., Yen Y. C., Stram D. O., Morrison J. and Gauderman W. J.
2007 Exploiting gene-environment interaction to detect genetic
associations. Hum. Hered. 63, 111–119.
Lacey Jr J. V., Brinton L. A., Abbas F. M., Barnes W. A., Gravitt
P. E. and Greenberg M. D. 1999 Oral contraceptives as risk factors for cervical adenocarcinomas and squamous cell carcinomas.
Cancer Epidemiol. Biomarkers Prev. 8, 1079–1085.
Le Marchand L. and Wilkens L. R. 2008 Design considerations for
genomic association studies: importance of gene–environment
interactions. Cancer Epidemiol. Biomarkers Prev. 17, 263–267.
Li C., Tao R., Qin W., Zheng Y., He G., Shi Y. et al. 2008 Positive
association between PDLIM5 and schizophrenia in the Chinese
Han population. Int. J. Neuropsychopharmacol. 11, 27–34.
Li Y., Gao Y., Xu Y., Sun X., Song X., Ma H. et al. 2015 si-RNAmediated knockdown of PDLIM5 suppresses gastric cancer cell
proliferation in vitro. Chem. Biol. Drug. Des. 85, 447–453.
Lichtenstein P., Holm N. V., Verkasalo P. K., Iliadou A., Kaprio J.,
Koskenvuo M. et al. 2000 Environmental and heritable factors
in the causation of cancer—analyses of cohorts of twins from
Sweden, Denmark, and Finland. N. Engl. J. Med. 343, 78–85.
Liu Z., Liu W., Xiao Z., Wang G., Yin S., Zhu F. et al. 2008 A major
single nucleotide polymorphism of the PDLIM5 gene associated
with recurrent major depressive disorder. J. Psychiatry Neurosci.
33, 43–46.

Locatelli I., Lichtenstein P. and Yashin A. I. 2004 The heritability
of breastcancer: a Bayesian correlated frailty model applied to
Swedish twins data. Twin Res. 7, 182–191.
Maeno-Hikichi Y., Chang S., Matsumura K., Lai M., Lin H.,
Nakagawa N. et al. 2003 A PKC-epsilon-ENH-channel complex
speciﬁcally modulates N-type Ca2+ channels. Nat. Neurosci. 6,
468–475.
Matos A., Moutinho J., Pinto D. and Medeiros R. 2005 The inﬂuence of smoking and other cofactors on the time to onset to cervical cancer in a southern European population. Euro. J. Cancer
Prevent. 14, 485–491.
McCarty C. A., Wilke R. A., Giampietro P. F., Wesbrook S. D. and
Caldwell M. D. 2005 Marshﬁeld clinic personalized medicine
research project (PMRP): design, methods and recruitment
for a large population-based biobank. Personalized Medicine 2,
49–79.
McCarty C. A., Peissig P., Caldwell M. D. and Wilke R. A. 2008
The Marshﬁeld Clinic Personalized Medicine Research Project:
2008 scientiﬁc update and lessons learned in the ﬁrst 6 years.
Personalized Medicine 5, 529–542.
Nelder J. A. and Wedderburn R. W. M. 1972 Generalized linear
models. J. R. Stat. Soc. Ser. A 135, 370–384.
Platz E. A. and Giovannucci E. 2004 The epidemiology of sex
steroid hormones and their signaling and metabolic pathways in
the etiology of prostate cancer. J. Steroid Biochem. Mol. Biol. 92,
237–253.
Purcell S., Neale B., Todd-Brown K., Thomas L., Ferreira M. A.,
Bender D. et al. 2007 PLINK: a tool set for whole-genome
association and population-based linkage analyses. Am. J. Hum.
Genet. 81, 559–575.
Shui I. M., Lindström S., Kibel A. S., Berndt S. I., Campa
D., Gerke T. et al. 2014 Prostate cancer (PCa) risk variants
and risk of fatal PCa in the National Cancer Institute Breast
and Prostate Cancer Cohort Consortium. Eur. Urol. 65, 1069–
1075.
Spiegelhalter D. J., Best N. G., Carlin B. P. and Van der Linde
A. 2002 Bayesian measures of model complexity and ﬁt (with
discussion). J. R. Stat. Soc. Ser. B 64, 583–616.
Stephens M. and Balding D. J. 2009 Bayesian statistical methods
for genetic association studies. Nat. Rev. Genet. 10, 681–690.
Stokes M., Chen F. and Gunes F. 2014. An introduction to
R
software. Proceedings
Bayesian analysis with SAS/STAT
of the SAS Global Forum 2014 Conference, SAS Institute
Inc, Cary, USA (available at https://support.sas.com/resources/
papers/proceedings14/SAS400-2014.pdf).
Sullivan S. G. and Greenland S. 2013 Bayesian regression in SAS
software. Int. J. Epidemiol. 42, 308–317.
Thomas D. 2010 Methods for investigating gene–environment
interactions in candidate pathway and genome-wide association
studies. Annu. Rev. Public Health 31, 21–36.
Ueki N., Seki N., Yano K., Masuho Y., Saito T. and
Muramatsu M. 1999 Isolation, tissue expression, and chromosomal assignment of a human LIM protein gene, showing
homology to rat Enigma homologue (ENH). J. Hum. Genet. 44,
256–260.
Wang K. S., Liu X., Wang L. and He Y. 2014 Associations of
anxiety and psychological distress with cancer in the US adults:
results from the 2012 National Health Interview Survey. Am. J.
Cancer Epidemiol. Prevention 2, 20–31.
Wong M. L., Dong C., Andreev V., Arcos-Burgos M. and Licinio
J. 2012 Prediction of susceptibility to major depression by a
model of interactions of multiple functional genetic variants and
environmental factors. Mol. Psychiatry 17, 624–633.
Wu M., Li Y., Ji C., Xu J., Zheng H., Zou X. et al. 2004 Cloning
and identiﬁcation of a novel human gene PDLIM5, a homolog of
AD-associated neuronal thread protein (AD7c-NTP). DNA Seq.
15, 144–147.

Journal of Genetics, Vol. 95, No. 2, June 2016

339

Ke-Sheng Wang et al.
Zain M. A., Roffeei S. N., Zainal N. Z., Kanagasundram S.
and Mohamed Z. 2013 Nonsynonymous polymorphisms of the
PDLIM5 gene association with the occurrence of both bipolar
disorder and schizophrenia. Psychiatric Genet. 23, 258–261.

Zhao T., Liu Y., Wang P., Li S., Zhou D., Zhang D. et al. 2009 Positive association between the PDLIM5 gene and bipolar disorder
in the Chinese Han population. J. Psychiatry Neurosci. 34, 199–
204.

Received 17 July 2015, in revised form 17 September 2015; accepted 20 October 2015
Unedited version published online: 19 November 2015
Final version published online: 20 May 2016

340

Journal of Genetics, Vol. 95, No. 2, June 2016

