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Background: Differential DNA methylation as measured in blood is a promising marker of bladder cancer 

susceptibility. In fact, established bladder cancer risk factors such as smoking and various germline 

genetic variants may promote carcinogenesis in bladder tissue through processes that are detectable as 

differential DNA methylation in blood. 

Methods: Genome-wide methylation was measured in pre-diagnostic blood samples, using the Illumina 

Infinium HumanMethylation450 Bead Array, among 440 bladder cancer cases with the transitional cell 

carcinoma (TCC) subtype and 440 matched controls from the Women’s Health Initiative (WHI) cohort. 

After normalization and probe filtering, methylation measurements at 361,184 CpG sites remained for 

each study participant. We used conditional logistic regression models adjusted for potential confounders 

and for cell type composition to test for associations between the methylation level at each remaining 

CpG site and bladder cancer risk (Chapter 1). For each of three smoking-associated CpG sites, we 

conducted a regression-based mediation analysis to assess whether current smoking affects bladder 

cancer risk through differential methylation at the CpG site, while accounting for the smoking-CpG 

interaction using the four-way decomposition approach (Chapter 2). Since there are four single nucleotide 

polymorphisms (SNPs) that are known to be associated with bladder cancer and are also associated with 



 

proximal DNA methylation changes, we performed a regression-based, multiple-mediator mediation 

analysis for each SNP, which allowed us to determine whether the associated methylation changes at 

CpG sites are a path through which the SNP causes bladder cancer (Chapter 3). 

Results: Increased methylation at cg22748573, located in a CpG island within the 5'-UTR/first exon of 

the CITED4 gene, was associated with an 82% decreased risk of bladder cancer (OR = 0.18, q-value = 

0.05) (Chapter 1). The result was robust to sensitivity analyses accounting for time between enrollment 

and diagnosis, race, tumor subtype, and secondhand smoke exposure. Most of the excess relative risk 

(ERR) associated with current smoking for a 30 pack-year smoking history as compared to never smoking 

was mediated through cg05575921 in an enhancer-like regulatory element within AHRR and cg19859270 

in the first exon of GPR15 (Chapter 2). The largest components were the mediated interactions for both 

cg05575921 (ERR component = 2.29, p = 0.05; percent of ERR = 72%, p = 0.02) and cg19859270 (ERR 

component = 1.89, p-value = 0.05; percent of ERR = 72%, p-value = 0.04), where the mediated 

interaction capture the indirect effect of smoking through differential methylation as well as the smoking-

CpG interaction. There was little evidence that the effect of smoking on bladder cancer risk is mediated 

through cg03636183. Though not statistically significant, our results suggest that large proportions of the 

modest effects of rs401681 (NIE = 1.05; NIE percent = 98.5%) and of rs2294008 (NIE = 1.10; NIE 

percent = 77.6%) on bladder cancer risk occur through their associated CpG sites (Chapter 3). Based on 

exploratory analyses, cg27028750, which is located in a long terminal repeat element, may drive the 

indirect effect for rs401681. The effect of rs2294008 may be primarily mediated by cg24023258 near 

LY6K and by cg17252645 in LY6D among non-smokers and primarily mediated by cg03405983 and 

cg17888033 in LYNX1 and by cg06565975 near SLURP1 among smokers. There was little evidence 

supporting mediation through changes in DNA methylation for the associations of rs8102137 and 

rs798766 with bladder cancer risk. 

Conclusions: While results need to be validated in additional prospective studies, differential methylation 

in the promoter region of CITED4, as measured in blood, is a promising marker of bladder cancer 

susceptibility. If confirmed, smoking may have effects on bladder cancer related to changes in AHRR and 

GPR15 expression. Our results also suggest that for some SNPs associated with bladder cancer, nearby 

methylation changes may be part of the underlying mechanisms of effect. 



 

Supplemental File: As supplementary information, “KM Jordahl Supplementary Table 1-1.xlsx” contains 

Supplementary Table 1.1 and provides the full results for all 361,184 CpG sites from the genome-wide 

study of DNA methylation and bladder cancer risk described in Chapter 1. 

 



 i 

 

TABLE OF CONTENTS 

List of Figures ................................................................................................................................................ iii 

List of Tables ................................................................................................................................................ iv 

Chapter 1. Genome-Wide DNA Methylation in Pre-Diagnostic Blood and Bladder Cancer Risk in the 

Women’s Health Initiative .............................................................................................................................. 1 

1.1 Prior Publication ........................................................................................................................... 1 

1.2 Introduction .................................................................................................................................. 1 

1.3 Materials and Methods ................................................................................................................ 3 

1.3.1 WHI Study Setting ................................................................................................................... 3 

1.3.2 Study Subjects......................................................................................................................... 3 

1.3.3 Data and Biospecimen Collection ........................................................................................... 4 

1.3.4 DNA Methylation Array ............................................................................................................ 4 

1.3.5 Methylation Data Processing ................................................................................................... 5 

1.3.6 Imputation of Missing Data ...................................................................................................... 6 

1.3.7 Statistical Analyses ................................................................................................................. 6 

1.3.8 Sensitivity Analyses ................................................................................................................. 7 

1.4 Results ......................................................................................................................................... 8 

1.4.1 Quality Control for Methylation Data ....................................................................................... 8 

1.4.2 Genome-wide Analysis of DNA Methylation ........................................................................... 9 

1.4.3 Sensitivity Analyses ............................................................................................................... 14 

1.5 Discussion.................................................................................................................................. 15 

Chapter 2. Differential DNA Methylation as a Potential Mediator of the Association between Cigarette 

Smoking and Bladder Cancer Risk in the Women’s Health Initiative ......................................................... 19 

2.1 Introduction ................................................................................................................................ 19 

2.2 Materials and Methods .............................................................................................................. 20 



 ii 

2.2.1 Study Participants ................................................................................................................. 20 

2.2.2 Data and Biospecimen Collection ......................................................................................... 21 

2.2.3 DNA Methylation Array .......................................................................................................... 21 

2.2.4 Identifying Smoking-Associated Loci .................................................................................... 22 

2.2.5 Validation and Exploratory Analyses ..................................................................................... 22 

2.2.6 Mediation Analysis Overview ................................................................................................ 23 

2.2.7 Statistical Analyses ............................................................................................................... 24 

2.3 Results ....................................................................................................................................... 26 

2.4 Discussion.................................................................................................................................. 29 

Chapter 3. DNA Methylation Changes as Mediators for Known Associations of Germline Genetic Variants 

and Bladder Cancer Risk in the Women’s Health Initiative ........................................................................ 34 

3.1 Introduction ................................................................................................................................ 34 

3.2 Materials and Methods .............................................................................................................. 35 

3.2.1 Study Participants ................................................................................................................. 35 

3.2.2 Data and Biospecimen Collection ......................................................................................... 35 

3.2.3 DNA Methylation Array .......................................................................................................... 36 

3.2.4 Identifying mQTL SNPs Associated with Bladder Cancer .................................................... 36 

3.2.5 SNP Genotyping .................................................................................................................... 37 

3.2.6 Statistical Analyses ............................................................................................................... 37 

3.3 Results ....................................................................................................................................... 39 

3.4 Discussion.................................................................................................................................. 44 

References .................................................................................................................................................. 49 

 



 iii 

 

LIST OF FIGURES 

 
Figure 1.1 MDS plot based on the 1,000 most variable positions, showing race/ethnicity is the most 

substantial source of variability in our data ............................................................................. 7 

Figure 1.2 Volcano plot of results from the analysis of 361,184 CpG sites in association with risk of 

bladder cancer ....................................................................................................................... 14 

Figure 2.1 Directed acyclic graph (DAG) illustrating potential sources of confounding for our mediation 

analyses, where variables shown as white circles are included in the set of adjustment covariates

 ............................................................................................................................................... 24 

  



 iv 

 

LIST OF TABLES 

 
Table 1.1 Distribution of relevant clinical characteristics among bladder cancer cases and controls nested 

within the Women’s Health Initiative ...................................................................................... 10 

Table 1.2 For each imputed dataset, distribution of relevant clinical characteristics among bladder cancer 

cases and controls nested within the Women’s Health Initiative........................................... 12 

Table 1.3 Top 10 CpG sites in tests of association between methylation levels from pre-diagnostic blood 

and bladder cancer risk based on conditional logistic regression models adjusted for race/ethnicity, 

smoking status, pack-years of smoking, and cell type composition ...................................... 13 

Table 2.1 Description of causal effects for the four-way decomposition approach to mediation analysis

 ............................................................................................................................................... 25 

Table 2.2 Distribution of relevant demographic and clinical characteristics among bladder cancer cases 

and controls nested within the Women’s Health Initiative ..................................................... 27 

Table 2.3 Estimated mediating effects of selected CpG sites for the association between 30 pack-years of 

smoking in current smokers as compared to never smoking and bladder cancer risk, using four-way 

decomposition to account for the interaction between smoking and each CpG site ............. 28 

Table 3.1 Distribution of relevant demographic and clinical characteristics among bladder cancer cases 

and controls nested within the Women’s Health Initiative ..................................................... 39 

Table 3.2 Annotation information for selected mQTL and their associated CpG sites .................. 41 

Table 3.3 For each mQTL SNP identified by genome-wide association studies of bladder cancer, 

estimated mediating effects of mQTL-associated CpG site(s) for the association between the SNP 

and bladder cancer risk using mediation models that allow for multiple mediators .............. 42 

Table 3.4 Within the non-smoker and smoker subgroups, estimated mediating effects of each mQTL-

associated CpG site in an individual mediation model for the association between the SNP and 

bladder cancer risk ................................................................................................................ 43 

   



 v 

 

 

ACKNOWLEDGEMENTS 

 
I am grateful for supervision from many incredible mentors. As my dissertation committee members, 

Parveen Bhatti, Amanda Phipps, Emily White, Timothy Randolph, and Michael Wu provided invaluable 

guidance and insight into the study design, approach to data analysis, and interpretation of results for my 

dissertation chapters. I owe special thanks to my dissertation chair, Parveen Bhatti, who helped me 

expand my skills beyond statistical analysis and who provided an exceptional amount of support for all of 

my endeavors. Other members of our research group also contributed to these dissertation chapters, 

where Xiaoling Song performed the bisulfite conversion and plating of DNA samples, Cassandra Sather 

ran the DNA methylation assays, Sushma Thomas genotyped genetic variants, Lesley Tinker was our 

WHI sponsor, and Karl Kelsey assisted with the interpretation of our results based on his expertise in the 

field of epigenetics. 

I am also indebted to my network of family members, including my parents, step-parents, aunts, 

uncles, siblings, cousins, and grandparents, to my close friends in Seattle, to my dear friend Christyn, and 

to my life partner for encouraging me throughout of the process of completing my PhD. 

This research would not have been possible without the participation of the women in the 

Women’s Health Initiative and the measurement of genome-wide DNA methylation levels in their blood 

samples through an American Cancer Society Grant (125299-RSG-13-100-01-CCE). I am thankful for 

financial support for the first three years of my PhD from a pre-doctoral fellowship on the Cancer 

Prevention Training Grant (R25 CA094880), which also provided research funds for the SNP genotyping 

project that fulfilled my data collection requirement, and for the last year of my PhD from a position as a 

project manager on an American Cancer Society Grant (125299-RSG-13-100-01-CCE). 

 



 

1 

Chapter 1. GENOME-WIDE DNA METHYLATION IN PRE-DIAGNOSTIC 

BLOOD AND BLADDER CANCER RISK IN THE WOMEN’S HEALTH 

INITIATIVE 

1.1 PRIOR PUBLICATION 

Chapter 1 has been published in Cancer Epidemiology, Biomarkers & Prevention (Jordahl et al. 2018) 

and involves collaboration with the following co-authors: Timothy W. Randolph, Xiaoling Song, Cassandra 

L. Sather, Lesley F. Tinker, Amanda I. Phipps, Karl Kelsey, Emily White, and Parveen Bhatti. For the 

purposes of this dissertation, Kristina Jordahl was solely responsible for the analysis of data and for the 

writing of all sections of the manuscript except for parts of section 1.3.4. Contributions were also made to 

the conception and design, development of methodology, and administrative support for this study. The 

published journal article can be found online at http://cebp.aacrjournals.org/content/cebp/27/6/689.full.pdf. 

1.2 INTRODUCTION 

According to 2016 estimates, urinary bladder cancer is the 12th most frequently diagnosed cancer among 

women in the US and is responsible for approximately 4,570 deaths among women each year (American 

Cancer Society 2016a). The incidence of bladder cancer increases with age (“Cancer of the Urinary 

Bladder - SEER Stat Fact Sheets” 2016), and it is most frequently diagnosed among women between the 

ages of 55 and 84 (SEER 18 data; 2009-2013). The most common histology of bladder cancer is 

transitional cell carcinoma (TCC), which originates in the urothelial cells of the inner lining of the bladder 

(American Cancer Society 2016b) and accounts for 94% of bladder cancer cases (Zhang Y et al. 2012). 

Based on prognostic characteristics, TCC is further divided into non-muscle invasive (NMIBC) and 

muscle-invasive (MIBC) subtypes (American Cancer Society 2016a), which represent 75% and 25% of all 

newly diagnosed disease, respectively (Sanli et al. 2017). Perhaps due to the similarity between urinary 

tract infections and early bladder cancer symptoms that cause delays in seeking clinical evaluation, 

women are 21% more likely to be diagnosed with advanced bladder cancer than men (Cárdenas-

Turanzas M et al. 2006; Dobruch et al. 2016). Though men are more likely to develop bladder cancer,  

http://cebp.aacrjournals.org/content/cebp/27/6/689.full.pdf
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once diagnosed, the risk of death from bladder cancer is approximately 1.5 times greater for women, 

even after accounting for race and other prognostic factors (Scosyrev et al. 2009). As such, there is a 

need for screening indicators that would aid in the identification of high-risk subgroups, particularly among 

women. 

Differential DNA methylation is a particularly promising biomarker of cancer susceptibility 

because of its well-established links to human cancer (Robertson 2005; Kulis and Esteller 2010). Altered 

methylation is known to both silence tumor suppressor genes and to activate oncogenes (Kulis and 

Esteller 2010), and changes in DNA methylation are common and early events in bladder carcinogenesis 

(Besaratinia and Tommasi 2013). For example, Wolff et al. found that 526 loci were differentially 

hypermethylated in invasive urothelial tumors as compared to urothelial tissue from cancer-free 

participants and that non-invasive and invasive urothelial tumors shared 117 differentially 

hypermethylated loci, which indicates that these changes are associated with and present during early 

bladder cancer (Wolff et al. 2010). 

Only one previous study has evaluated the association of genome-wide methylation, as 

measured in blood, with bladder cancer.  While it identified 9 strongly associated loci, the study 

considered only a limited number of total loci (~27k), included only 112 cases and 118 controls and used 

post-diagnostic blood samples collected an average of 1 year after diagnosis, where DNA methylation 

levels may have been influenced by the presence of cancer or by cancer treatment (Zhang Y et al. 2012). 

To our knowledge, ours is the first study of genome-wide DNA methylation, as measured in pre-

diagnostic blood, and bladder cancer risk. In addition to a much larger sample size, we utilized the 

Illumina Infinium HumanMethylation450 Bead Array to capture methylation at a greater number of CpG 

sites across the genome. Our study focuses entirely on women, who are an understudied population 

more likely to experience adverse bladder cancer outcomes that would particularly benefit from 

identification of biomarkers of bladder cancer susceptibility. 
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1.3 MATERIALS AND METHODS 

1.3.1 WHI Study Setting 

The present study was nested in the WHI, a prospective study including 161,808 postmenopausal women 

across the US who were between the ages of 50 and 79 at enrollment (Hays et al. 2003). Women were 

recruited from 1993 to 1998 through 40 clinical centers in 24 states and the District of Columbia. There 

are two arms of the WHI, the clinical trials (CT) study and the observational study (OS), with 68,132 and 

93,676 participants, respectively. The CT involved concurrent randomized controlled trials of hormone 

therapy, dietary modification, and calcium/vitamin D, which ended in 2005. Those not able or willing to 

participate in the clinical trials were asked to participate in the OS. After 2005, WHI participants were 

invited to enroll in the WHI Extension Studies, which tracked health outcomes for another 10 years. 

1.3.2 Study Subjects 

Bladder cancer cases were identified through annual medical update questionnaires, and confirmed by 

blinded and trained physician adjudicators using standard criteria based on pathology, cytology, and 

operative reports and on hospital discharge information. As of September 2012, 618 WHI participants had 

been diagnosed with bladder cancer. We restricted our study to the 584 participants diagnosed with the 

most common TCC subtype of bladder cancer. Cancer-free controls were matched to cases on year of 

enrollment, age at enrollment (+/- 2 years), follow-up time greater than or equal to their matched case, 

trial component, and DNA extraction method (5-prime, phenol, or PureGene). After excluding cases 

lacking an eligible control, we also removed cases who reported diagnosis of any cancer before baseline 

and those who did not have a sufficient amount of baseline DNA. Selected cases had a median of 7.22 

years between enrollment and bladder cancer diagnosis. We also removed the only American 

Indian/Alaskan Native case and her matched control to allow for accurate estimation of the race/ethnicity 

covariate and a genetically identical case-control pair. As a result, our final sample size included 440 

case-control pairs, where 228 cases were OS participants and 212 were CT participants. Of the 440 

cases, 105 were classified as having MIBC. 
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1.3.3 Data and Biospecimen Collection 

During initial screening for the WHI, basic demographic information was collected, and eligible women 

were invited for a clinic visit. Staff collected physical measurements and blood specimens at baseline. 

Blood samples were taken after at least 12 hours of fasting, divided into aliquots, centrifuged, and stored 

at -70°C as buffy coats. Self-administered questionnaires were also collected at baseline to gather 

information related to risk factors for various health outcomes of interest, including detailed data on 

smoking. Participants were asked to report whether they had ever smoked at least 100 cigarettes in their 

lifetime, whether they currently smoked cigarettes, whether they had ever smoked to lose weight, their 

average number of cigarettes currently or previously smoked per day, and their number of years as a 

regular smoker, from which smoking status (current, former, never) and pack-years were computed. For 

OS participants, information on second-hand smoke exposure was captured at baseline by asking the 

participant if she lived with an inside-smoker as a child, lived with an inside-smoker as an adult, and if she 

worked in a place where people smoked. 

1.3.4 DNA Methylation Array 

We used the Illumina 450K Infinium HumanMethylation Bead Array to interrogate methylation status at 

approximately 485,577 CpG sites. The array covers RefSeq genes (99%), CpG islands (96%), CpG 

island shores (92%), and CpG island shelves (86%) with an average of 17.2 CpG sites per gene region 

and an average of 5.63 sites per CpG island (Bibikova et al. 2011). 

DNA was previously extracted from buffy coats using 5-prime, phenol, or PureGene methods and 

stored at -70°C. DNA was quantified by Picogreen (Invitrogen, Carlsbad, CA). A bisulfite conversion kit 

(Zymo Research) was used to treat 500ng of DNA with sodium bisulfate, which converts unmethylated 

cytosine to uracil. Based on standard Illumina protocols, a 4μl aliquot of bisulfite converted, denatured 

and neutralized DNA was enzymatically fragmented for 60 minutes at 37°C, precipitated with isopropanol, 

air dried, and re-suspended in hybridization buffer. Samples were stored at -80°C for no more than one 

month before being assayed with the Illumina array. DNA samples were incubated on the beadchips in a 

hybridization oven at 48°C for 16-24 hours. DNA samples were then run on the Illumina (San Diego, CA) 

Infinium HumanMethylation450 Bead Array. Washed beadchips were extended and stained in capillary 
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flow-through chambers and then scanned using Illumina iScan. Twenty-two blind duplicate sample pairs 

were randomly placed among study samples for quality control assessment. 

We used the M-value to measure methylation at each CpG site to reduce the heteroscedasticity 

as compared to the β-value (Du et al. 2010). The M-value is the base-2 logit of the β-value, where the β-

value is the ratio of the methylated signal over the total signal and can be interpreted as the percent of 

methylation at a specific site (Dedeurwaerder et al. 2014). 

1.3.5 Methylation Data Processing 

After reading in the raw image files and checking for failed samples, we performed normalization in two 

steps. First, we corrected the probe intensity levels for background fluorescence, which avoids potential 

bias resulting from a difference in red/green dye intensity, using the normal-exponential convolution using 

out-of-band probes (noob) method (Wright et al. 2016). Next, we performed functional normalization to 

adjust the marginal distribution of methylation levels using summarized information from the control and 

out of band probes (Fortin et al. 2014). This method effectively isolates unwanted variation, including 

batch effects, and performs well in studies of cancer (Fortin et al. 2014). After normalization, we 

sequentially excluded probes that had detection p-values greater than or equal to 0.01 in at least 10% of 

samples (707 probes), probes with a beadcount less than 3 in at least 10% of samples (215 probes), 

single nucleotide polymorphism (SNP)-related probes (87,706 probes), cross-reactive probes (24,939 

probes), probes located on the sex chromosomes (9,578 probes), and non-CpG sites (1,183 probes). 

SNP-related probes were excluded because they may impact probe binding (Y. Chen et al. 2013). We 

removed probes with any SNP present at the CpG interrogation or single nucleotide extension sites as 

identified by the Illumina annotation, and probes within 10 base pairs of a common SNP (minor allele 

frequency > 1%)  based on 1000 Genomes data from ‘Illumina450ProbeVariants.db’ (Butcher 2013). 

Previously identified cross-reactive probes were excluded based on the Chen et al. and Nordlund et al. 

manuscripts (Y. Chen et al. 2013; Nordlund et al. 2013). We performed these steps using R (version 

3.4.0) and the ‘minfi’ and ‘wateRmelon’ R packages (Aryee et al. 2014; Pidsley et al. 2013). 
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1.3.6 Imputation of Missing Data 

We used multivariate imputation by chained equations (MICE) to impute values for missing covariate data 

(Buuren and Groothuis-Oudshoorn 2011). This approach specifies conditional densities for each variable 

with missing information, draws imputed values by iterating over these conditional densities, and 

accounts for the uncertainty in predicted values by imputing multiple datasets with complete covariate 

information. 

We generated 5 datasets with complete covariate information using this approach. We used 

default imputation model specifications for the imputation process and used 10 iterations per dataset to 

improve convergence. As the first step, we multiply imputed missing values for the pack-years and 

race/ethnicity covariates. Our predictor set for the initial phase of imputation included these variables as 

well as: age at baseline, WHI arm (CT, OS), ever smoking status, cell type composition, case-control 

status, and methylation level at 123 CpG sites. To identify these 123 CpG sites, we started by including 

the top 100 sites associated with current smoking and the top 100 sites correlated with pack-years in 

current smokers based on a large study by Ambatipudi et al. (Ambatipudi et al. 2016). There were 155 

unique sites from these lists, but only 123 were available in our data after applying our processing 

pipeline. As the second step, within each partially imputed dataset, we added smoking status at baseline 

to the predictor set and then singly imputed missing values for current or former smoking status among 

smokers (pack-years > 0) and assumed never smoking status among non-smokers (pack-years = 0). 

1.3.7 Statistical Analyses 

We used conditional logistic regression models to assess the association between bladder cancer case-

control status and each continuous M-value after adjusting for potential confounders, including 

race/ethnicity (Asian/Pacific Islander, black/African American, Hispanic/Latino, non-Hispanic white, other), 

smoking status (never, former, current), pack-years of smoking (continuous), as well as the estimated 

proportion of CD4+ T-cells (continuous), CD8+ T-cells (continuous), natural killer cells (continuous), 

granulocytes (continuous), and B-cells (continuous). The relative contribution of the six major white blood 

cell types were reconstructed using the Houseman et al. method (Houseman et al. 2012). We included 

race/ethnicity as a covariate because a multidimensional scaling plot (MDS) plot, based on the β-values 
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from 1,000 CpG sites with the most variation, clearly showed that race/ethnicity is a substantial source of 

variability in our data (Figure 1.1). To account for multiple testing, we calculated q-values by adjusting p-

values using the false-discovery rate (FDR). Associations with bladder cancer at a q-value less than or 

equal to 0.05 were deemed statistically significant. 

 

 

Figure 1.1 MDS plot based on the 1,000 most variable positions, showing race/ethnicity is the most 

substantial source of variability in our data 

 
 
 

Since we performed multiple imputation, the conditional logistic regression analysis for each site 

was repeated in all of the imputed datasets. To determine the combined parameter estimates and their 

variance, the results from each of the five complete data analyses were pooled using the approach of 

Rubin (Rubin 1987) as implemented in the ‘mice’ R package (Buuren and Groothuis-Oudshoorn 2011). 

1.3.8 Sensitivity Analyses 

To address the potential influence of early, undiagnosed cancer at the time of blood draw on DNA 

methylation, we performed a sensitivity analysis restricted to cases diagnosed at least 3 years after 

enrollment and to their matched controls. To address any possible residual confounding by race/ethnicity, 
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we also completed an analysis restricting to case-control pairs with matching race/ethnicity. We 

performed an analysis restricted to cases with the MIBC subtype and to their matched controls to explore 

the impact of clinically heterogeneous bladder cancer subtypes on our primary results. To address the 

potential impact of secondhand smoke exposure, we restricted to OS participants and additionally 

adjusted for secondhand smoke exposure at home as a child (yes, no), secondhand smoke exposure at 

home as an adult (yes, no), and secondhand smoke exposure at work (yes, no). Given the importance of 

smoking as a potential confounder, we completed analyses restricted to never smokers. In addition, we 

completed an unmatched, genome-wide analyses with the M-value of each CpG site as the outcome to 

check for associations with smoking status (current, never), pack-years of smoking, and second-hand 

smoke exposure. The absence of associations among our top hits with these smoking variables would 

help address concerns that our primary findings were driven by residual confounding from incomplete 

adjustment for tobacco smoke exposure. 

1.4 RESULTS 

1.4.1 Quality Control for Methylation Data 

Based on the 65 SNP probes included on the Illumina array, the genetic distance between the 21 blind 

duplicate pairs in our study ranged from 0.005 to 0.026, verifying that these samples were genetically 

identical. The Pearson correlation coefficients between the methylation measurements (β-values) across 

all 361,184 loci were at least 0.995 for each duplicate pair, indicating suitable precision of the assay. 

There was marginally lower concordance in duplicates located on different plates as compared to 

duplicates located on the same plate, which were likely due to residual batch effects that were not fully 

addressed through function normalization. Also, cg22748573 was a low outlier in four of the five 100%-

methylated samples and may have slightly deflated methylation levels as measured by our assays. 

However, all case-control pairs were measured on the same plate, and these observed differences are 

not expected to materially affect study results. 

When assessing genetic distance among study samples, we discovered a case-control pair that 

appeared to be genetically identical. These samples had the same methylation levels across the 65 array 

probes that measure SNP genotype. Since these samples had the same genotype for a relatively large 
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number of SNPs, this suggested that these samples came from the same person. We evaluated the 

possibility that a plating error occurred and affected the measurement of subsequent samples, particularly 

those occurring on the same plate. However, we found no issue with four QC samples on the same plate 

that had duplicates on other plates. The genetic distance for these QC pairs, based on the 65 SNP 

probes, ranged from 0.01 to 0.03. In addition, there were 0%- and 100%-methylated samples included on 

the plate and DNA methylation array measurements of these samples were consistent with 

measurements of 0%- and 100%-methylated samples on other plates. As such, we are confident that the 

issue was confined to the single case-control pair and, as mentioned previously, we dropped those 

samples from the study. 

1.4.2 Genome-wide Analysis of DNA Methylation 

The distribution of selected variables is presented by case-control status in Table 1.1. A greater 

proportion of cases were white, and cases were more likely to be past and current smokers and had 

greater pack years of smoking than controls. While OS cases were equally likely to be exposed to 

secondhand smoke at home as children and at work, they were slightly more likely to be exposed to 

secondhand smoke at home as adults. Inferred cell type composition was similar across cases and 

controls. 
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Table 1.1 Distribution of relevant clinical characteristics among bladder cancer cases and controls 

nested within the Women’s Health Initiative 

 Cases Controls 

Age (mean, SD) 65.12 (7.04) 65.12 (7.03) 

Race (N, %)   

     Asian/Pacific Islander 4 (1%) 12 (3%) 

     Black/African American 25 (6%) 45 (10%) 

     Hispanic/Latino 8 (2%) 16 (4%) 

     Non-Hispanic White 400 (91%) 360 (82%) 

     Other 2 (<1%) 7 (1%) 

     Missing 1 (<1%) 0 (0%) 

Smoking (N, %)   

     Never Smoked 156 (35%) 236 (54%) 

     Past Smoker 218 (50%) 178 (40%) 

     Current Smoker 56 (13%) 19 (4%) 

     Missing 10 (2%) 7 (2%) 

Pack-Years (N, %)   

     Never Smoker 156 (36%) 236 (54%) 

     < 5 36 (8%) 68 (15%) 

     5 - < 20 63 (14%) 46 (10%) 

     >= 20 162 (37%) 78 (18%) 

     Missing 23 (5%) 12 (3%) 
 

Child Secondhand Smoke Exposure at Home (N, %)a   

     No 80 (18%) 78 (18%) 

     Yes 141 (32%) 145 (33%) 

     Don't Know 4 (1%) 4 (1%) 

     Missing 215 (49%) 213 (48%) 

Adult Secondhand Smoke Exposure at Home (N, %)a   

     No 48 (11%) 70 (16%) 

     Yes 178 (40%) 155 (35%) 

     Missing 214 (49%) 215 (49%) 

Secondhand Smoke Exposure at Work (N, %)a   

     No 46 (10%) 54 (12%) 

     Yes 180 (41%) 173 (39%) 

     Missing 214 (49%) 213 (49%) 
 

Continued on page 11 
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Table 1.1 Distribution of relevant clinical characteristics among bladder cancer cases and controls 

nested within the Women’s Health Initiative (continued) 

 Cases Controls 

Cell Type Composition (mean, SD)   

     B-Cells 0.06 (0.03) 0.06 (0.03) 

     CD8 T-Cells 0.09 (0.05) 0.09 (0.04) 

     CD4 T-Cells 0.19 (0.08) 0.17 (0.07) 

     Natural Killer Cells 0.09 (0.05) 0.09 (0.04) 

     Granulocytes 0.50 (0.13) 0.51 (0.13) 

     Monocytes 0.11 (0.03) 0.11 (0.03) 
 

aInformation about exposure to secondhand smoke was only available for participants in the 
Observational Study arm, so the 212 case-control pairs from the Clinical Trials arm were missing this data 
bCell type composition was calculated using the Houseman method (Houseman et al. 2012) 

 
 
 

As shown in Table 1.1, 35 participants were missing pack-years of smoking data and 17 of those 

missing pack-years information were also missing smoking status data. A single participant was missing 

race/ethnicity data. 

The imputed datasets are summarized in Table 1.2. Results for the 10 CpG sites with the lowest 

q-values in association with bladder cancer are summarized in Table 1.3, while results for all 361,184 

CpG sites are provided in Supplementary Table 1.1. These results are also summarized as a volcano plot 

in Figure 1.2, with the top association highlighted. 

After adjusting for multiple comparisons, increased methylation at cg22748573 was statistically 

significantly associated with a reduced risk of bladder cancer (OR = 0.18 per unit increase in M-value, q-

value = 0.05). cg22748573 is located within the chr1:41326949-41328285 CpG island in the 5-’UTR of the 

CBP/p300-interacting transactivator with Glu/Asp-rich carboxy-terminal domain 4 (CITED4) gene, and it 

had an average methylation level of 6% in controls. Although not statistically significant, increased 

methylation at cg20010635 was strongly associated with increased risk of bladder cancer (OR = 8.42 per 

unit increase in M-value, q-value = 0.40). The cg20010635 CpG site is located in the body of the 

calmodulin binding transcription activator 1 (CAMTA1) gene and had a high average methylation of 95% 

among controls. 
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Table 1.2 For each imputed dataset, distribution of relevant clinical characteristics among bladder cancer cases and controls nested within the 

Women’s Health Initiative 

 Imputed Dataset 1 Imputed Dataset 2 Imputed Dataset 3 Imputed Dataset 4 Imputed Dataset 5 

 Cases Controls Cases Controls Cases Controls Cases Controls Cases Controls 

Race (N, %)           

     Asian/Pacific Islander 4 (1%) 12 (3%) 4 (1%) 12 (3%) 4 (1%) 12 (3%) 4 (1%) 12 (3%) 4 (1%) 12 (3%) 

     Black/African American 25 (6%) 45 (10%) 25 (6%) 45 (10%) 25 (6%) 45 (10%) 25 (6%) 45 (10%) 25 (6%) 45 (10%) 

     Hispanic/Latino 9 (2%) 16 (4%) 8 (2%) 16 (4%) 8 (2%) 16 (4%) 8 (2%) 16 (4%) 8 (2%) 16 (4%) 

     Non-Hispanic White 400 (91%) 360 (82%) 401 (91%) 360 (82%) 401 (91%) 360 (82%) 401 (91%) 360 (82%) 401 (91%) 360 (82%) 

     Other 2 (<1%) 7 (1%) 2 (<1%) 7 (1%) 2 (<1%) 7 (1%) 2 (<1%) 7 (1%) 2 (<1%) 7 (1%) 

Smoking (N, %)           

     Never Smoked 159 (36%) 237 (54%) 160 (36%) 239 (54%) 162 (37%) 239 (54%) 159 (36%) 238 (54%) 160 (36%) 238 (54%) 

     Past Smoker 222 (51%) 180 (41%) 221 (50%) 178 (41%) 220 (50%) 180 (41%) 221 (50%) 178 (41%) 220 (50%) 178 (41%) 

     Current Smoker 59 (13%) 23 (5%) 59 (14%) 23 (5%) 58 (13%) 21 (5%) 60 (14%) 24 (5%) 60 (14%) 24 (5%) 

Pack-Years (N, %)           

     Never Smoker 159 (36%) 237 (54%) 160 (36%) 239 (54%) 162 (37%) 239 (54%) 159 (36%) 238 (54%) 160 (36%) 238 (54%) 

     < 5 37 (9%) 70 (16%) 37 (8%) 69 (16%) 38 (9%) 68 (15%) 38 (9%) 69 (16%) 40 (9%) 68 (15%) 

     5 - < 20 67 (15%) 51 (11%) 65 (15%) 50 (11%) 66 (15%) 51 (12%) 67 (15%) 49 (11%) 66 (15%) 51 (12%) 

     >= 20 177 (40%) 82 (19%) 178 (41%) 82 (19%) 174 (39%) 82 (19%) 176 (40%) 84 (19%) 174 (40%) 83 (19%) 
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Table 1.3 Top 10 CpG sites in tests of association between methylation levels from pre-diagnostic blood and bladder cancer risk based on 

conditional logistic regression models adjusted for race/ethnicity, smoking status, pack-years of smoking, and cell type composition 

CpG Site Locationa Gene Gene Groupb 
Relation to  
CpG Islandc 

OR 95% CId P-value Q-valuee 

cg22748573 chr1:41327924 CITED4 5'UTR;1stExon Island 0.18 (0.09, 0.34) 1.5e-07 0.05 

cg20010635 chr1:7811409 CAMTA1 Body OpenSea 8.42 (3.48, 20.33) 2.2e-06 0.40 

cg25955565 chr14:71863756 SNORD56B TSS1500 OpenSea 9.29 (3.59, 24.08) 4.5e-06 0.41 

cg26492847 chr11:96063104 MAML2 Body OpenSea 7.24 (3.01, 17.38) 9.5e-06 0.41 

cg06414161 chr16:53534040 AKTIP Body N_Shelf 8.93 (3.36, 23.72) 1.1e-05 0.41 

cg27627854 chr11:108158382 ATM Body;1stExon OpenSea 4.19 (2.21, 7.98) 1.2e-05 0.41 

cg02393449 chr10:70743010 DDX21 3'UTR OpenSea 6.91 (2.89, 16.53) 1.4e-05 0.41 

cg26695157 chr12:109985283   OpenSea 3.71 (2.05, 6.72) 1.5e-05 0.41 

cg17803089 chr6:35419793 FANCE TSS1500 N_Shore 0.18 (0.08, 0.39) 1.8e-05 0.41 

cg26729242 chr10:96980135 C10orf129 Body OpenSea 3.00 (1.81, 4.96) 1.9e-05 0.41 
 

aChromosome and chromosomal coordinates of CpG (Build 37) 
bFunctional region of gene as indicated in v1.2 Illumina annotation: TSS1500 = 200-1500 bases upstream of the transcription start site; 5'UTR = 
Within the 5 prime untranslated region; 1stExon = First segment of gene coding for peptide sequence; Body = Between the ATG and stop codon; 
3'UTR = Between the stop codon and poly A signal; Multiple listings indicate a locus in a region with multiple splice variants 
cPosition relative to CpG island as indicated in v1.2 Illumina annotation: Island = Within CpG island (CG content > 50%, Obs/ 
Exp CpG ratio > 0.60, and length > 200 bps); OpeanSea = Non-island region; Shore = 0-2 kb flanking CpG Island; Shelf = 2-4 kb flanking CpG 
Island 
d95% confidence interval for odds ratio estimate 
eQ-values represent p-values adjusted for multiple testing using the FDR method 
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Figure 1.2 Volcano plot of results from the analysis of 361,184 CpG sites in association with risk of 

bladder cancer 

 
 
 

1.4.3 Sensitivity Analyses 

Most of the sensitivity analyses yielded odds ratios for cg22748573 that were similar to or slightly stronger 

than the results from the main analysis (OR = 0.18), suggesting little bias in the odds ratio estimate. 

However, as expected, statistical significance was reduced due to the decreased sample size in each of 

these analyses. When examining the potential impact of undiagnosed disease, we excluded 74 case-
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control pairs where the case was diagnosed with bladder cancer within 3 years of study entry, and 

cg22748573 remained the most significant finding (OR = 0.15, q-value = 0.06). In the race/ethnicity 

sensitivity analysis, we included only the 337 case-control pairs with matching race/ethnicity, and 

cg22748573 was no longer significantly associated with bladder cancer; however, despite the more than 

20% reduction in sample size, cg22748573 still had the 3rd lowest p-value (OR = 0.19, q-value = 0.47). 

With very small numbers in various non-white race/ethnicity groups, the MIBC analysis had to be 

restricted to 96 case-control pairs with white or black race/ethnicity for our statistical models to converge. 

While the analysis produced null results, the cg22748573 locus in CITED4 was the 2nd most significant 

locus and the magnitude of the association was much stronger than in the overall TCC analysis (OR = 

0.03, q-value = 0.71). After restricting to OS participants and additionally imputing the secondhand smoke 

exposure variables for 8 subjects, the sensitivity analysis for secondhand smoke exposure was also null, 

but had cg22748573 as the 11th most significant locus (OR = 0.13, q-value = 0.87). With only 85 case-

control pairs in the analysis restricted to never smokers, cg22748573 was the 530th most significant locus 

(OR = 0.08, q-value = 0.93), but the magnitude of the association with bladder cancer was stronger than 

the result from our primary analysis. In our analyses of associations between genome-wide DNA 

methylation and the various tobacco smoke exposure variables, no statistically significant associations 

were observed with any of the differentially methylated CpG sites highlighted in Table 1.3. 

1.5 DISCUSSION 

We identified a differentially methylated locus in pre-diagnostic blood that was statistically significantly 

associated with an 82% reduction in bladder cancer risk. The cg22748573 locus resides in a CpG island 

within the putative promoter region of CITED4. Though methylation is often tissue-specific, methylation 

levels are more likely to be conserved across various tissues in CpG islands. Price et al. observed that 

probes differentially methylated between tissues were depleted in Illumina-annotated islands (Price et al. 

2013), and Eckhardt et al. reported that only 13% of tissue-specific differentially methylated regions in the 

5’-UTR were located within CpG islands (Eckhardt et al. 2006). Though speculative, this suggests that the 

methylation status of cg22748573 in blood may reflect that of normal bladder tissue. 
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There is evidence that CITED4 promoter hypermethylation is associated with better cancer 

outcomes (Tews et al. 2007), which is unexpected, since CITED genes have been identified as tumor 

suppressors (Fox et al. 2004; Huang et al. 2011; Rogers et al. 2016), and methylation of CpG loci in 

promoter regions is typically associated with transcriptional silencing (Peter A. Jones 2012; Rakyan et al. 

2011; Laird 2010). However, based on data from subjects in The Cancer Genome Atlas (TCGA) with both 

Illumina array methylation and Illumina HiSeq RNA-Seq gene expression data (Díez-Villanueva, Mallona, 

and Peinado 2015), we found that methylation at cg22748573 was not significantly associated with 

CITED4 expression in normal bladder tissue (Spearman correlation = -0.22, p-value = 0.31). Therefore, 

the importance of the methylation change at cg22748573 may not be its impact on CITED4 expression. 

Instead, this methylation change may be a marker of decreased susceptibility to the development of 

bladder cancer through other mechanisms. As an example, hypermethylation of cg22748573 has been 

closely associated with deletion of 1p and 19q in oligodendrogliomas (Tews et al. 2007), where tumors 

with 1p/19q tumor deletions often lack TP53 mutations (Reifenberger and Louis 2003) and have better 

patient prognoses (Boots-Sprenger et al. 2013; Tews et al. 2007). 

Tews et al. observed CITED4 hypermethylation in glioma patients to be associated with longer 

recurrence-free and overall survival, but hypermethylation was not observed in matched leukocyte DNA 

(Tews et al. 2007). However, no comparisons between normal brain tissue and blood were made. Given 

the genomic instability of tumors, one would expect the correlation with DNA methylation levels to be 

lower for tumor than for normal tissue. Even if blood does not reflect the methylation state of CITED4 in 

bladder tissue, differential methylation of CITED4, a gene which has been shown to play a central role in 

blood cell differentiation in mice (Yahata et al. 2002), may reflect systemic changes due to factors like 

inflammation or environmental exposures that are associated with bladder cancer. In this context, 

differential methylation of CITED4 could still be a valuable marker of susceptibility to bladder cancer. 

While not statistically significant at the genome-wide level, the second-most significant 

association was between increased methylation at the cg20010635 locus in the gene body of CAMTA1 

and increased bladder cancer risk. CAMTA1 was initially identified as a putative tumor suppressor gene 

because it is located in a region of the genome that is frequently deleted in cancers (Katoh and Katoh 

2003; Barbashina et al. 2005). However, recent research suggests that CHD5 may be the relevant tumor 
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suppressor gene in the region and that the C-terminus of CAMTA1 acts as an oncogene when fused with 

WWTR1 in epithelioid hemangioendothelioma (Tanas et al. 2011). Since CAMTA1 is usually only 

expressed in the brain (Tanas et al. 2011), its role in bladder carcinogenesis is uncertain. 

Marsit et al. conducted the first study of loci-specific genome-wide DNA methylation of bladder 

cancer in blood. This study identified the top 9 loci associated with bladder cancer among 112 cases and 

118 controls, of which the most notable were in BRD7, TBCA, and COX7C (Marsit et al. 2011). While 

CITED4 was not among these top sites, this study was comparatively underpowered and utilized post-

diagnostic blood samples. 

Ours is the first study we are aware of that investigates the promising potential link between site-

specific genome-wide DNA methylation in blood and future risk of bladder cancer. Being nested in the 

WHI, we are also the only study of this kind to use pre-diagnostic samples, and we benefited from a 

relatively large sample of cases and controls with detailed baseline information on potential confounders.  

Even with pre-diagnostic blood samples, it is possible that methylation measurements in blood reflected 

early tumor development (Xu et al. 2013). However, our sensitivity analysis restricted to cases diagnosed 

at least 3 years after enrollment suggests that the association observed with cg22748573 is not driven by 

the presence of early cancer. Sensitivity analyses also suggested that residual confounding due to 

inadequate control of exposure to tobacco smoke did not drive our primary result. 

Our results suggest that subtypes of TCC may share some methylation susceptibility markers; 

however, we were underpowered to specifically examine genome-wide associations between DNA 

methylation and MIBC. We will explore efforts to pool data with future studies of DNA methylation and 

bladder cancer in an effort to increase power to evaluate subtype-specific effects. 

Ideally, pre-diagnostic measurements of DNA methylation would be measured in the tissue of 

interest. Accessing bladder tissue, however, involves invasive procedures. While urine samples can 

provide epithelial cells from the bladder, they also include epithelial cells from the rest of the urinary tract. 

The contribution of cells from the various tissues in the urinary tract can be highly variable (Cheng et al. 

2017), and urine samples were only collected from three of the clinical sites in the WHI. 

Overall, we discovered differential methylation of cg22748573 in pre-diagnostic blood to be 

strongly and significantly associated with bladder cancer risk among post-menopausal women. If 
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confirmed in additional prospective studies, molecular studies should be conducted to determine the 

exact role of this locus in bladder carcinogenesis. Future prospective studies should involve both men 

and women and should evaluate the contribution of methylation measurements at this locus to risk 

prediction models that account for smoking history and germline genetic polymorphisms previously 

associated with bladder cancer risk. 
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Chapter 2. DIFFERENTIAL DNA METHYLATION AS A POTENTIAL 

MEDIATOR OF THE ASSOCIATION BETWEEN CIGARETTE SMOKING 

AND BLADDER CANCER RISK IN THE WOMEN’S HEALTH INITIATIVE 

2.1 INTRODUCTION 

Cigarette smoking has a well-established causal association with bladder cancer (Centers for Disease 

Control and Prevention (US) 2010). Based on results from the NIH-AARP cohort of 186,134 women, 

smoking accounts for an estimated 52% of bladder cancer incidence in US women between the ages of 

50 and 71 (Freedman et al. 2011a). 

Known pathways linking smoking to cancer involve exposure to more than 60 carcinogens, 

formation of DNA adducts, and accumulation of somatic mutations (Centers for Disease Control and 

Prevention (US) 2010). For bladder cancer, smoking primarily affects disease risk through exposure to 

aromatic amines (Besaratinia A, Cockburn M, and Tommasi S 2013), which are genotoxic chemical 

carcinogens that induce DNA adducts and increase the frequency of mutations (Besaratinia and Tommasi 

2013). This exposure likely occurs when smoking-related compounds are excreted in urine (Florescu et 

al. 2009), but this established mechanism does not explain why bladder tissue is particularly susceptible 

to the tumorigenic effects of aromatic amines (Besaratinia A, Cockburn M, and Tommasi S 2013). This 

unexplained aspect of tumorigenesis in bladder tissue suggests that as yet unknown mechanisms may 

influence bladder cancer risk; elucidation of these additional mechanisms would improve our 

understanding of bladder carcinogenesis and may reveal new avenues for bladder cancer prevention, 

screening, and treatment. 

DNA methylation at specific loci have been reliably associated with past and current smoking 

(Shenker, Ueland, et al. 2013; Gao et al. 2015; Philibert et al. 2013).  Thus, a promising hypothesis is that 

smoking has indirect effects on bladder cancer through changes in DNA methylation at smoking-

associated CpG sites, as was observed in a previous study of lung cancer. Fasanelli et al. observed that 

hypomethylation of cg05575921 and of cg03636183 in blood explained approximately 37% of the 

increased risk of lung cancer induced by smoking (Fasanelli et al. 2015). Changes in DNA methylation 

can alter or reflect alteration of the expression of nearby genes. Shifts in expression may directly affect 
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oncogenes or tumor suppressor genes or, as observed in adenocarcinomas, may promote smoking-

specific transversion mutations (Stueve et al. 2017). Our study investigates the hypothesis that 

methylation changes at smoking-associated CpG sites, as measured in DNA from pre-diagnostic blood 

samples, mediate the association between smoking and bladder cancer risk. 

2.2 MATERIALS AND METHODS 

2.2.1 Study Participants 

Data for the current analyses were drawn from our case-control study of pre-diagnostic DNA methylation 

and bladder cancer nested in the Women’s Health Initiative (WHI) (Jordahl et al. 2018). Briefly, the WHI 

includes 161,808 postmenopausal women recruited from 1993 to 1998 across the US (Hays et al. 2003). 

There are two arms of the WHI, the clinical trials (CT) and the observational study (OS). The CT involved 

concurrent randomized controlled trials of hormone therapy (HRT) and dietary modification (DM), and 

subsequently calcium/vitamin D (CaD). Those not eligible or willing to participate in the CT were asked to 

participate in the OS. After 2005, WHI participants were invited to enroll in the WHI Extension Studies, 

which tracked health outcomes for another 10 years. The time from enrollment to end of follow-up was 

based on the number of days between enrollment and death or last contact. A total of 440 cases with 

transitional cell carcinoma of the bladder and 440 cancer-free controls matched on year of enrollment, 

age at enrollment (+/- 2 years), follow-up time greater than or equal to their matched case, trial 

component, and DNA extraction method were included in our study (Jordahl et al. 2018). 

Since smoking-associated methylation changes are reversible (Ambatipudi et al. 2016; Fasanelli 

et al. 2015), we expect the associations under investigation to be attenuated in former smokers. 

Therefore, in order to most effectively examine the relevant causal relationships, we further restricted our 

analyses to the 210 cases and 256 controls that were current or never smokers with pack-years data. To 

allow for the covariate adjustment of our models, we additionally dropped the few participants whose DNA 

was extracted using the BioServe or salt methods (N = 4 subjects) and who were missing data on 

race/ethnicity or education level (N = 5 subjects), which left 206 cases (53 current smokers, 153 never 

smokers) and 251 controls (18 current smokers, 233 never smokers) for the mediation analyses. 
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2.2.2 Data and Biospecimen Collection 

Basic demographic information, including age and race/ethnicity, was requested during the screening 

process (Hays et al. 2003). Through baseline questionnaires, participants reported if they had smoked at 

least 100 cigarettes ever (yes, no), currently smoked cigarettes (yes, no), or had ever smoked to lose 

weight (yes, no), and this information was used to determine smoking status. Participants also disclosed 

the average number of cigarettes currently or previously smoked per day (<1, 1-4, 5-14, 15-24, 25-34, 35-

44, 45+) and their number of years as a regular smoker (<5, 5-9, 10-19, 20-29, 30-39, 40-49, 50+). Pack-

years were calculated from these questions by dividing the approximate midpoint of the cigarettes per day 

category (0.5, 2.5, 10, 20, 30, 40, 50) by 20 and then multiplying by the approximate midpoint of the years 

of regular smoking category (2.5, 7, 15, 25, 35, 45). For current smokers with years as a regular smoker 

that was over 50 or missing, years of regular smoking was estimated based on the categorical age at 

which they started smoking regularly, if available. Also at baseline, blood samples were collected after at 

least 12 hours of fasting and stored at -70°C as buffy coats. 

2.2.3 DNA Methylation Array 

As described previously, we used the Illumina 450K Infinium HumanMethylation Bead Array to interrogate 

methylation status at approximately 485,577 CpG sites among bladder cancer cases and controls 

(Jordahl et al. 2018). We used the M-value to measure methylation at each CpG site to improve the 

heteroscedasticity of methylation levels (Du et al. 2010). The M-value is the base-2 logit of the β-value, 

where the β-value is the ratio of the methylated signal over the total signal and can be interpreted as the 

percent of methylation at a specific site (Dedeurwaerder et al. 2014). After reading in the raw image files 

and checking for failed samples, we performed background correction and functional normalization of the 

methylation data (Jordahl et al. 2018). The CpG sites included in the current analysis passed our quality 

control steps, which excluded any CpG sites that were undetected in at least 10% of samples, had a 

beadcount less than 3 in at least 10% of samples, were in or near common SNPs (minor allele frequency 

greater than 1%), were classified as cross-reactive probes, or were located on the sex chromosomes 

(Jordahl et al. 2018). 
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2.2.4 Identifying Smoking-Associated Loci 

A systematic review, published in 2015, summarized information from the substantial body of research 

that has evaluated associations between smoking and methylation in blood (Gao et al. 2015). The review 

included 14 methylome-wide studies and reported a total of 1,460 CpG sites associated with smoking. 

Three CpG loci stood out as the most robustly associated loci, since they were reported in at least 10 of 

the 14 included methylome-wide studies. These sites were cg05575921 (located in the aryl-hydrocarbon 

receptor repressor gene; AHRR), cg03636183 (located in the F2R like thrombin receptor 3 gene; F2RL3), 

and cg19859270 (located in the G-protein receptor 15 gene; GPR15). The associations of these loci with 

smoking have been verified in two subsequent large-scale studies (Ambatipudi et al. 2016; Joehanes et 

al. 2016). 

2.2.5 Validation and Exploratory Analyses 

To validate the previously reported associations between the selected CpG sites and current smoking in 

our study population, we tested the association between current smoking and genome-wide DNA 

methylation using adjusted linear regression models based on methylation β-values and then examined 

the results for the three CpG sites of interest. The β-value, rather than the M-value, was used to allow 

direct comparisons with results from previous studies. We used the empirical Bayes approach to test the 

significance of these associations and adjusted for multiple testing using the FDR method (Li et al. 2015). 

To evaluate the potential impact of differences in blood cell type composition on our results, we 

used the reference-free method to adjust the genome-wide associations with current smoking for latent 

variables related to cell mixture (Houseman, Molitor, and Marsit 2014), which also required adjusted linear 

regression models with β-values as the outcomes. The approach uses methods developed for surrogate 

variable analysis to estimate and adjust for latent variables by creating a methylation profile for each cell 

type or subtype based on the common variation between the coefficients and residuals from the linear 

model (Houseman, Molitor, and Marsit 2014). As described by Houseman et al. (Houseman, Molitor, and 

Marsit 2014), we used the random matrix theory method to estimate the latent variable dimension. 

Standard errors were estimated based on 100 bootstrap samples and p-values were additionally adjusted 

for multiple testing using the FDR method. 
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2.2.6 Mediation Analysis Overview 

Separate mediation analyses were conducted for each of the three CpG sites (cg05575921, cg03636183, 

cg19859270) as a mediator, with baseline current smoking as the exposure, and incident bladder cancer 

as the outcome. Smoking was included as a continuous pack-years variable, and involved only current 

smokers (pack-years > 0) and never smokers (pack-years = 0). 

We estimated causal effects using a regression-based approach for dichotomous outcomes (T. J. 

VanderWeele and Vansteelandt 2010; T. VanderWeele 2015), which is based on a counterfactual 

framework for causal inference. This method uses a logistic regression model for the outcome (2.1) and a 

linear regression model for the mediator (2.2), where A is the exposure, M is the mediator, and Y is the 

outcome of interest. Since this is a case-control study, the linear regression model was fit only among 

controls. 
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0 1 2[ | , ]E M a c a c                 (2.2) 

 
The models were adjusted for a set of covariates (c) that included our matching covariates and 

potential confounders. The matching variables were WHI arm (HRT/DM, HRT, DM, OS), age at baseline 

(continuous), year of enrollment (continuous: 1994-1995 = 1, 1996 = 2, 1997 = 3, 1998 = 4), follow-up 

time (continuous), and DNA extraction method (5-prime, phenol). We then considered the web of edges 

between possible confounders in the directed acyclic graph (DAG) shown in Figure 2.1. The DAG 

illustrates that, in addition to the matching variables, it is necessary to adjust for race/ethnicity 

(Asian/Pacific Islander, black/African American, Hispanic/Latino, non-Hispanic white, other) and 

education (<high school, high school, post-high school training, college degree, post-college training). 
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Figure 2.1 Directed acyclic graph (DAG) illustrating potential sources of confounding for our mediation 

analyses, where variables shown as white circles are included in the set of adjustment covariates 

  

 

2.2.7 Statistical Analyses 

To account for an interaction between the exposure and the mediator, we used the four-way 

decomposition method, which addresses interaction and mediation simultaneously and provides the most 

easily interpretable mediation results in the presence of an important additive exposure-mediator 

interaction (T. VanderWeele 2015). In this study, an interaction occurs when the effect of the methylation 

change at the CpG-site mediator depends the participant’s smoking status. This regression-based 

method deconstructs the total effect (TE) of smoking into four components, which are the relative risks for 

the controlled direct effect (CDE), the reference interaction (INTref), the mediated interaction (INTmed), and 

the pure indirect effect (PIE) (T. VanderWeele 2015). As shown in Table 2.1, these causal effects of 

smoking on bladder cancer risk capture all possible combinations of mediation and interaction, where 
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mediation occurs when the exposure causes the mediator and interaction occurs when the change in the 

mediator is necessary for the exposure to have an effect (T. VanderWeele 2015). 

 

Table 2.1 Description of causal effects for the four-way decomposition approach to mediation analysis 

Effect Mediation Interaction 

CDE No No 
INTref No Yes 
INTmed Yes Yes 
PIE Yes No 

 
 
 

Using the coefficients from the regression models in equations (2.1) and (2.2), VanderWeele 

derived equations (2.3), (2.4), (2.5), and (2.6) for estimating the relevant causal effects as components of 

the excess relative risk (ERR) of bladder cancer associated with smoking, where the ERRTE is defined on 

the ratio scale as the relative risk for the total effect of smoking on bladder cancer minus one. In these 

equations, we set smoking to an exposed level of 30 pack-years of smoking as compared to an 

unexposed level of zero pack-years of smoking, and m* represents setting the mediator to the level 

observed in non-smoking controls. We chose the exposure level based on evidence from clinical trials 

related to lung cancer screening, which indicate that 30 pack-years of smoking is clinically relevant for 

cancer outcomes (Moyer 2014). To calculate the proportion of ERR, each component of the ERR is 

divided by the total ERR (ERRTE). Confidence intervals and p-values were calculated for the component 

and proportion estimates based on the delta method (T. VanderWeele 2015). 
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The four causal effects are calculated based on specific levels of the mediator and covariates. 

We set the indicator variables for each category of race/ethnicity, education level, WHI study arm, and 

DNA extraction method equal to the proportions reported among controls in Table 2.2. Similarly, we set 

age (65.46), follow-up time in days (5131.51), and year of enrollment (2.38) to their averages in controls. 

We restricted to non-smoking controls to calculate average M-values in the absence of smoking-related 

hypomethylation, and used an m* of 3.98 for cg05575921, 1.55 for cg03636183, and 3.84 for 

cg19859270. 

Within this framework, the ERRCDE captures the excess risk of bladder cancer attributable to the 

direct effect of smoking if there was no smoking-CpG interaction and the mediator was fixed to m*, while 

controlling for covariates. The ERRINTref captures the excess risk of bladder cancer attributable to the 

change in the effect of smoking that would be observed only if smoking and mediator hypomethylation 

occurred together when the mediator is fixed to m*, while controlling for covariates. The ERRINTmed 

captures the excess risk of bladder cancer attributable both to the change in the effect of smoking that 

would be observed only if smoking and mediator hypomethylation occurred together and to the changes 

in mediator methylation caused by smoking, while controlling for covariates. The ERRPIE captures the 

excess risk of bladder cancer that would be observed if the changes in mediator methylation caused by 

smoking occurred in never smokers, while controlling for covariates. 

These analyses were conducted using SAS® software (version 9.3, SAS Institute Inc., Cary, NC, 

USA) using four-way decomposition code published by VanderWeele (T. VanderWeele 2015). 

2.3 RESULTS 

Table 2.2 shows the distribution of relevant variables by case-control status. A much higher proportion of 

cases were current smokers and the methylation levels of the mediators were lower among cases. In 

addition, compared to controls, a greater proportion of cases were white. 
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Table 2.2 Distribution of relevant demographic and clinical characteristics among bladder cancer 

cases and controls nested within the Women’s Health Initiative 

 Cases Controls 

Smoking Status (N, %)   

     Never Smoker 153 (74%) 233 (93%) 

     Current Smoker 53 (26%) 18 (7%) 

Mediators, M-values (mean, SD)   

     cg03636183 1.38 (0.54) 1.49 (0.36) 

     cg05575921 3.20 (1.36) 3.83 (0.84) 

     cg19859270 3.62 (0.49) 3.79 (0.28) 

WHI Arm (N, %)   

     OS 108 (52%) 131 (52%) 

     CT: HRT and DM 14 (7%) 16 (6%) 

     CT: HRT only 26 (13%) 29 (12%) 

     CT: DM only 58 (28%) 75 (30%) 

Age, years (N, %)   

     < 50-59 58 (28%) 57 (23%) 

     60 - 69 85 (41%) 116 (46%) 

     70 - 79+ 63 (31%) 78 (31%) 

Year of Enrollment (N, %)   

     1994 - 1995 50 (24%) 61 (24%) 

     1996 74 (36%) 79 (32%) 

     1997 50 (24%) 65 (26%) 

     1998 32 (16%) 46 (18%) 

Follow-up Time, years (mean, SD) 13.29 (3.89) 14.05 (3.29) 

DNA Extraction Method (N, %)   

     5-prime 197 (96%) 240 (96%) 

     Phenol 9 (4%) 11 (4%) 

Race (N, %)   

     Asian/Pacific Islander 3 (2%) 10 (4%) 

     Black/African American 12 (6%) 25 (10%) 

     Hispanic/Latino 4 (2%) 13 (5%) 

     Non-Hispanic White 186 (90%) 196 (78%) 

     Other 1 (<1%) 7 (3%) 

Education (N, %)   

     < High School 9 (4%) 12 (5%) 

     High School 39 (19%) 60 (24%) 

     Post-High School Training 76 (37%) 89 (35%) 

     College Degree 23 (11%) 28 (11%) 

     Post-College Training 59 (29%) 62 (25%) 
 

Abbreviations: OS = observational study; CT = clinical trials; HRT = hormone therapy clinical trial;  
DM = dietary modification clinical trial 
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We also verified previously reported associations between smoking and methylation β-values at 

cg05575921 (regression coefficient = -0.23; q-value = 1.3e-114), cg03636183 (regression coefficient = -

0.13; q-value = 9.2e-66), and cg19859270 (regression coefficient = -0.05; q-value = 1.1e-64). After 

reference-free adjustment for cell mixture, we observed similar associations between smoking and β-

values at cg05575921, cg03636183, and cg19859270. The estimate for the association between current 

smoking and bladder cancer for 30 pack-years of smoking in current smokers as compared to never 

smoking was a total relative risk of 4.65. 

The results from the mediation analysis for each of cg05575921, cg03636183, and cg19859270 

are presented in Table 2.3. 

 

Table 2.3 Estimated mediating effects of selected CpG sites for the association between 30 pack-

years of smoking in current smokers as compared to never smoking and bladder cancer risk, using 

four-way decomposition to account for the interaction between smoking and each CpG site 

  Component of ERR1 Percent of ERR1 

CpG Site 
Causal Effect of 
Smoking 

Estimate 95% CI Estimate P-value 

cg05575921 

CDE 0.18 (-1.94, 2.29) 5% 0.86 

INTref 0.09 (0, 0.17) 3% 0.05 

INTmed 2.29 (0.02, 4.55) 72% 0.02 

PIE 0.64 (-0.38, 1.66) 20% 0.21 

TE 3.19 (0.43, 5.95) 100% - 

cg03636183 

CDE 2.06 (-1.47, 5.58) 77% 0.09 

INTref 0.03 (-0.15, 0.21) 1% 0.74 

INTmed 0.90 (-1.16, 2.95) 34% 0.45 

PIE -0.32 (-0.60, -0.03) -12% 0.15 

TE 2.67 (0.21, 5.13) 100% - 

cg19859270 

CDE 0.46 (-1.66, 2.58) 17% 0.64 

INTref 0.10 (-0.03, 0.23) 4% 0.13 

INTmed 1.89 (0.04, 3.75) 72% 0.04 

PIE 0.18 (-0.38, 0.74) 7% 0.52 

TE 2.63 (0.24, 5.03) 100% - 
 

1Mediation models were adjusted for race/ethnicity, education, WHI arm, age at baseline, year of 
enrollment, follow-up time, and DNA extraction method 
Abbreviations: ERR = excess relative risk; CDE = controlled direct effect; INTref = reference interaction; 
INTmed = mediated interaction; PIE = pure indirect effect; TE = total effect 
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As derived from Table 2.3, the relative risk estimates for the total effect on bladder cancer for 30 

pack-years of smoking in current smokers as compared to never smoking varied somewhat between the 

models from 3.63 to 4.19 (all p ≤ 0.004). Most of the ERR associated with 30 pack-years of smoking in 

current smokers as compared to never smoking was mediated through cg05575921 [92% (INTmed + PIE)] 

and cg19859270 [79% (INTmed + PIE)]. There was little evidence that smoking is mediated through 

cg03636183. 

For cg03636183, the largest component of the ERR associated with current smoking was the 

controlled direct effect (CDE = 2.06, p = 0.25; 77%, p = 0.09), which captures the effect of smoking on 

bladder cancer risk that does not interact with cg03636183 and is not mediated by cg03636183. 

Interestingly, the pure indirect effect of cg03636183 appeared to be protective in the absence of smoking 

(PIE component = -0.32, p = 0.03; -12%, p = 0.15). 

The largest component of the ERR of bladder cancer due to current smoking was the mediated 

interaction for both cg05575921 (INTmed = 2.29, p = 0.05; 72%, p = 0.02) and cg19859270 (INTmed = 1.89, 

p-value = 0.05; 72%, p-value = 0.04). This captures the effect of smoking through differential methylation 

of the mediator that is both caused by smoking and has effects on bladder cancer that depend on the 

presence of smoking. 

2.4 DISCUSSION 

The estimate for the total relative risk of bladder cancer associated with 30 pack-years of smoking in 

current smokers as compared to never smoking was exactly the same as the adjusted hazard ratio for 

current smoking and bladder cancer reported for women in the demographically similar NIH-AARP Diet 

and Health study (Freedman et al. 2011b). These estimates are comparable because our calculations are 

based on 30 pack-years of smoking, which is close to our population average of 38 pack-years among 

current smokers. The total relative risk estimates in the mediation analyses were different from 4.65 and 

from each other because they are based on specific levels of the covariates and of m*, which is the M-

value where the mediator is considered absent. The effect sizes for the association between smoking and 

methylation levels at our selected loci were consistent with those reported by previous methylome-wide 
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studies (Joehanes et al. 2016; Zeilinger et al. 2013; Tsaprouni et al. 2014; Shenker, Polidoro, et al. 2013; 

Sun et al. 2013; Wan et al. 2012; Harlid et al. 2014). 

Overall, our study indicates that the effects of smoking are substantially mediated through 

cg05575921 and cg19859270 and that mediation through cg03636183 is negligible. To our knowledge, 

there are no prior studies of smoking and bladder cancer that quantify mediation through CpG sites. 

Based on the current literature, there is particularly strong support for a smoking-related biological 

mechanism involving mediation through cg19859270. Compared to non-smokers, smokers had 

decreased methylation at cg19859270, as observed in our study and reported by previous methylome-

wide studies of smoking (Joehanes et al. 2016; Zeilinger et al. 2013; Tsaprouni et al. 2014; Sun et al. 

2013; Wan et al. 2012; Harlid et al. 2014). cg19859270 is located in the first exon of GPR15, a gene 

coding for a chemoattractant receptor that regulates migration of T-cells and that may promote chronic 

inflammation (Kõks et al. 2015). According to recent research, methylation of the first exon is closely 

associated with transcriptional silencing and may be even more strongly associated with low gene 

expression than promoter methylation (Brenet et al. 2011). As a result, hypomethylation of GPR15 may 

increase GPR15 expression in blood from smokers. 

Rather than an active causal change in methylation at cg19859270, there is evidence suggesting 

that the methylation change passively reflects a shift in the immune system. Specifically, smoking may 

trigger an inflammation response that substantially increases the proportion of T-cells expressing GPR15 

(GPR15+ T-cells). In a study by Bauer et al., these GPR15+ T-cells were detected as an overall decrease 

in GPR15 methylation and increase in GPR15 expression in the blood of smokers (Bauer et al. 2015). In 

fact, the Bauer et al. study demonstrated that smoking was no longer significantly associated with 

decreased methylation of cg19859270 after adjustment for GPR15+ T-cell subtype (Bauer et al. 2015). 

This highly significant differential expression of GPR15  in the blood of current as compared to never 

smokers was later replicated (fold-change = 5.8, q-value = 0.004) (Kõks et al. 2015). This inflammation 

response may contribute to tumor initiation and progression through a variety of mechanisms, including 

the promotion of mutations and neoplastic growth (Hanahan and Weinberg 2011; Qian and Pollard 2010). 

Further, since the causal effect of smoking through cg19859270 was observed as a mediated interaction, 
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our results suggest that a pro-inflammatory change involving GPR15+ T-cells is particularly carcinogenic 

in the context of other effects related to current smoking. 

The cg05575921 locus occurs in the AHRR gene and was found to be hypomethylated among 

smokers as compared to nonsmokers in our study and in prior methylome-wide studies of smoking 

(Joehanes et al. 2016; Zeilinger et al. 2013; Tsaprouni et al. 2014; Shenker, Polidoro, et al. 2013). Since 

AHRR is expressed across all tissues (Fasanelli et al. 2015) and smoking appears to have a similar effect 

on AHRR methylation across a variety of tissue types (Shenker, Polidoro, et al. 2013), the 

hypomethylation of cg05575921 observed in the blood of smokers may also occur in bladder tissue. The 

cg05575921 locus is located in an enhancer-like regulatory element within AHRR, where we would 

expect hypomethylation to be associated with enhancer activation and increased AHRR expression (Qu 

et al. 2017). This relationship is consistent with The Cancer Genome Atlas (TCGA) data, which shows a 

positive correlation between cg05575921 hypomethylation and AHRR expression in normal bladder 

tissue (Spearman correlation = 0.36) (Díez-Villanueva, Mallona, and Peinado 2015). 

Though AHRR is a putative tumor suppressor gene (Zudaire et al. 2008), its expression down-

regulates the aryl hydrocarbon receptor (AHR) and may have harmful effects on bladder tissue in the 

presence of persistent AHR activation caused by smoking. Through AHR suppression, AHRR may 

increase inflammation by reducing the expression of anti-inflammatory proteins like COX2 (Awji et al. 

2015) or by enhancing T-cell production of IFN-γ (Brandstätter et al. 2016) in chronically inflamed tissue. 

This proposed mechanism is consistent with the strong mediated interaction of approximately 72% that 

we observed in our analyses, since the effects of the methylation change at cg05575921 would depend 

on the continued presence of smoking. 

Even though smoking was highly associated with hypomethylation of cg03636183, we found no 

evidence that the association between smoking and bladder cancer risk is mediated through cg03636183. 

We do note, however, that this locus is in the north shore of an intrageneic CpG island in F2RL3, which 

encodes the thrombin protease-activated receptor-4 protein (PAR-4) (Gao et al. 2015). PAR-4 is a G-

protein coupled receptor that, after activation by thrombin, increases leukocyte recruitment, extravasion, 

and migration to inflammatory sites (Vergnolle et al. 2002). 
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A wide variety of well-powered studies have described the association between smoking and 

genome-wide DNA methylation, but none have evaluated whether changes in DNA methylation underlie 

the increased risk of bladder cancer associated with smoking. Our study is the first to use mediation 

analyses to investigate smoking-associated CpG sites as potential mediators of the association between 

smoking and risk of bladder cancer. We are uniquely positioned to conduct mediation analyses, since our 

study is nested in a prospective cohort that includes pre-diagnostic blood samples and comprehensive 

baseline information on potential confounders. However, the sample size for these mediation analyses 

was relatively limited because there were not many current smokers in the WHI and former smokers were 

not able to be included. 

Conditional on baseline covariates, mediation analysis requires four key assumptions of no-

confounding of the exposure-outcome, mediator-outcome, and exposure-mediator relationships, and also 

requires that there are no mediator-outcome confounders caused by the exposure. To identify possible 

confounders of the exposure-outcome, mediator-outcome, and exposure-mediator relationships, we 

carefully reviewed the literature, constructed a detailed DAG for these analyses (Figure 2.1), and adjusted 

our models for all relevant covariates. Though BMI and cell type composition had the potential to violate 

the last assumption, they were not considered mediator-outcome confounders because neither has been 

consistently associated with bladder cancer risk (Larsson et al. 2008; Bhaskaran et al. 2014; Reeves et 

al. 2007; Holick et al. 2007; Song et al. 2014; Koestler et al. 2016). 

We acknowledge error in our measurement of smoking and of methylation as another possible 

source of bias. This error was introduced since pack-years were calculated based on categories of 

average cigarettes per day and of years as a regular smoker. Also, we only have a single measure of 

DNA methylation at baseline that may imprecisely capture the methylation levels for the period that is 

etiologically relevant for our cases. The errors in our measures of smoking and methylation are likely to 

be non-differential and are expected to attenuate the reported direct and indirect effect estimates. 

However, it is possible that methylation changes more accurately capture the smoking exposure than 

self-report information from category-based questions, which would mean that our indirect effects may 

include some of the direct effects of smoking and may be somewhat overstated. 
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We also note that the methylation changes at each of cg05575921, cg03636183, and 

cg19859270 are closely associated with smoking and, as a result, are highly correlated with each other. 

As a result, the mediated causal effects estimated from the individual models for these CpG sites likely 

capture many of the same causal paths. Since we modelled the CpG sites individually, we have a limited 

ability to combine these markers. While a mediation analysis including all three CpG sites in the same 

model would be useful, methodology for extending the four-way decomposition approach to allow for 

multiple mediators has not yet been described. When interpreting our results, it is also important to keep 

in mind that m* is fixed to a specific level that is not the maximum observed M-value, so the CDE picks up 

some of the effect of the INTref. 

Despite the likely importance of the GPR15+ T-cell subtype for the smoking-associated 

differential methylation of cg19859270, the association between current smoking and cg19859270 

methylation was only slightly attenuated after adjustment for cell mixture. However, this result should be 

interpreted with caution, since available cell type adjustment methods are limited and currently lack 

reference data for white blood cell subtypes. 

We observed that a large proportion of the effect of current smoking on bladder cancer is 

mediated through methylation changes at cg05575921 and cg19859270, which are particularly harmful in 

the context of continued smoking. These results may indicate the promotion of chronic inflammation 

through a higher proportion of GPR15+ T-cells in blood or through increased expression of AHRR in 

bladder tissue. Further investigation of these possible mechanisms has the potential to expand our 

understanding of the relationship between bladder cancer and smoking, which is its strongest known risk 

factor. 
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Chapter 3. DNA METHYLATION CHANGES AS MEDIATORS FOR 

KNOWN ASSOCIATIONS OF GERMLINE GENETIC VARIANTS AND 

BLADDER CANCER RISK IN THE WOMEN’S HEALTH INITIATIVE 

3.1 INTRODUCTION 

Bladder cancer has been the subject of multiple well-powered genome-wide association studies (GWAS), 

which have identified a robust set of single nucleotide polymorphisms (SNPs) associated with risk of 

bladder cancer (Figueroa et al. 2014). As is the case for most complex diseases, the mechanisms 

underlying the associations between these SNPs and bladder cancer risk remain largely unknown. We 

propose that mediation through proximal changes in DNA methylation may provide information about the 

downstream effects of these SNPs. 

Our study focuses on rs798766, rs401681, rs2294008, and rs8102137. These SNPs have been 

associated with bladder cancer in GWAS and are also methylation quantitative loci (mQTL), since they 

affect patterns of DNA methylation at nearby CpG sites (Smith et al. 2014). Based on queries of the 

Accessible Resource for Integrated Epigenomic Studies (ARIES) mQTL database (Gaunt et al. 2016), 

50% of the eight SNPs associated with bladder cancer were mQTL in blood, as compared to only 34% of 

total SNPs across the entire genome. This is consistent with GWAS results for other complex traits, which 

are often enriched for cis mQTL (Gaunt et al. 2016), suggesting that mQTL SNPs associated with 

complex diseases like bladder cancer may have effects caused or reflected by differential DNA 

methylation. Our study is the first to formally investigate the potential mediation of the association 

between mQTL SNPs and bladder cancer risk through methylation changes in blood at mQTL-associated 

CpG sites. This study represents an important step toward integrating genetic and epigenetic data in the 

context of bladder cancer and toward improving our understanding of the mechanisms related to genetic 

variants involved in susceptibility to bladder cancer. 
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3.2 MATERIALS AND METHODS 

3.2.1 Study Participants 

Data for the current analyses were drawn from our case-control study of pre-diagnostic DNA methylation 

and bladder cancer that was nested in the Women’s Health Initiative (WHI) (Jordahl et al. 2018). Briefly, 

the WHI includes 161,808 postmenopausal women recruited from 1993 to 1998 across the US (Hays et 

al. 2003). There are two arms of the WHI, which include the clinical trials (CT) arm and the observational 

study (OS) arm. The CT arm involved concurrent randomized controlled trials of hormone therapy (HRT), 

dietary modification (DM), and, subsequently, calcium/vitamin D supplementation (CaD). Those not 

eligible or willing to participate in these clinical trials were asked to participate in the OS. After 2005, WHI 

participants were invited to enroll in the WHI Extension Studies, which tracked health outcomes for 

another 10 years. Follow-up time was calculated as the time between enrollment and death or last 

contact. 

Within the WHI, we identified 440 women who were diagnosed with transitional cell carcinoma of 

the bladder during study follow-up and selected 440 cancer-free controls matched on year of enrollment, 

age at enrollment (+/- 2 years), follow-up time greater than or equal to their matched case, trial 

component, and DNA extraction method (Jordahl et al. 2018). 

3.2.2 Data and Biospecimen Collection 

Basic demographic information, including age and race/ethnicity, was requested during the screening 

process (Hays et al. 2003). Through baseline questionnaires, participants reported if they had smoked at 

least 100 cigarettes ever (yes, no), currently smoked cigarettes (yes, no), or had ever smoked to lose 

weight (yes, no); this information was used to determine smoking status. Questionnaires also included 

items about the average number of cigarettes currently or previously smoked per day and the number of 

years as a regular smoker, which were used to calculate pack-years of smoking. Blood samples were 

collected at baseline after at least 12 hours of fasting and stored at -70°C as buffy coats. 
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3.2.3 DNA Methylation Array 

As previously described, we used the Illumina 450K Infinium HumanMethylation Bead Array to interrogate 

methylation status at approximately 485,577 CpG sites among bladder cancer cases and controls 

(Jordahl et al. 2018). We used the M-value to measure methylation at each CpG site to improve the 

heteroscedasticity of methylation levels (Du et al. 2010). The M-value is the base-2 logit of the β-value, 

where the β-value is the ratio of the methylated signal over the total signal and can be interpreted as the 

percent of methylation at a specific site (Dedeurwaerder et al. 2014). After reading in the raw image files 

and checking for failed samples, we performed background correction and functional normalization of the 

methylation data (Jordahl et al. 2018). The CpG sites included in the current analyses passed our quality 

control (QC) steps, which excluded any CpG sites that were undetected in at least 10% of samples, had a 

beadcount less than 3 in at least 10% of samples, were in or near common SNPs (minor allele frequency 

greater than 1%), were classified as cross-reactive probes, or were located on the sex chromosomes 

(Jordahl et al. 2018). 

3.2.4 Identifying mQTL SNPs Associated with Bladder Cancer 

A meta-analysis of bladder cancer GWAS conducted in 2014 combined all previous studies to verify 

known loci and reported genome-wide significant associations (p < 5e-8) for eight SNPs: rs710521, 

rs798766, rs401681, rs1495741, rs2294008, rs9642880, rs8102137, and rs1014971 (Figueroa et al. 

2014). The meta-analysis included an average of 22 studies involving an average of 11,131 cases and 

50,634 controls for each reported SNP association. We used the ARIES mQTL database to assess 

whether each of these eight SNPs was also an mQTL (Gaunt et al. 2016). This publicly available dataset 

includes approximately 1,000 mother-offspring pairs from the Avon Longitudinal Study of Parents and 

Children (ALSPAC). Associations between each of 8,282,911 directly genotyped or imputed common 

SNPs and each of 395,625 CpG sites on the Illumina Infinium HumanMethylation450 Bead Array that 

passed their QC are provided in the mQTL database. To most closely match the population of older 

women included in the WHI, we only used the methylation data measured in peripheral blood samples 

collected from mothers at the middle age time point (mean age = 47.45; n = 742). For each SNP, we 

searched for associated CpG sites in the MatrixEQTL database and then restricted to SNP-CpG results 
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with a p-value below 1e-14 to control the false positive rate at 0.2% (Gaunt et al. 2016). We also 

restricted to CpG sites that passed our QC steps, leaving four mQTL that were associated with 

methylation changes at a total of ten CpG sites. Notably, the risk allele is the minor allele for all selected 

SNPs except for rs401681. 

3.2.5 SNP Genotyping 

Taqman® SNP Genotyping Assays were used to determine the genotypes for each mQTL SNP. For the 

assay, 5 ng of genomic DNA was aliquoted into 384-well plates and dried down. Each assay was 

combined with Taqman® Genotyper master mix, run under universal PCR conditions, and analyzed with 

the ABI 7900 HT Taqman® Real-Time instrument. 

Prior to running the study samples, 90 samples representing 30 parent-parent-child trios from a 

population of Utah residents with European ancestry (CEPH) were genotyped to assess performance of 

the genotyping assays. Assay accuracy was verified by comparing genotypes to publicly available 

genotype data for these samples from SNP500 Cancer (Packer et al. 2004) and dbSNP (Sherry et al. 

2001) and by assessing inheritance errors. As another quality control step, two external control samples 

from the HapMap project were included on each plate to confirm reliability and reproducibility of the 

genotyping across the study plates. Inter-plate duplicates were also included. Samples with weak signals 

and outliers were repeated once. There was 100% concordance with all duplicates. All SNPs had a 

greater than 99% call rate and were in Hardy-Weinberg equilibrium. 

3.2.6 Statistical Analyses 

Mediation analyses were conducted with each of the four mQTL (rs798766, rs401681, rs2294008, and 

rs8102137) as the exposure, all corresponding CpG sites as the mediators, and incident bladder cancer 

as the outcome. We estimated causal effects using a regression-based approach for dichotomous 

outcomes (T. VanderWeele and Vansteelandt 2014; T. J. VanderWeele and Vansteelandt 2010), which is 

based on a counterfactual framework for causal inference. This method uses a logistic regression model 

for the outcome (3.1) and a linear regression model for the mediator           

(3.2), where A represents the exposure, M represents the mediator(s), and Y represents the outcome of 
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interest. Based on our study design, the logistic regression model was fit among cases and controls (n = 

836) and the linear regression model was fit only among controls (n = 424). 
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The models were adjusted for a set of covariates (c) that included our matching variables and 

potential confounders. Specifically, we adjusted our analyses for WHI arm (HRT/DM, HRT, DM, OS), age 

at baseline (continuous), year of enrollment (continuous: 1994-1995 = 1, 1996 = 2, 1997 = 3, 1998 = 4), 

follow-up time (continuous), DNA extraction method (5-prime, phenol), race/ethnicity (Asian/Pacific 

Islander, black/African American, Hispanic/Latino, non-Hispanic white, other), smoking status (never, 

former, current), and pack-years of smoking (continuous). 

With the coefficients from regression models (3.1) and           

(3.2), equations (3.3) and (3.4) were used to estimate the odds ratio (OR) per risk allele for the natural 

direct effect (NDE) and the natural indirect effect (NIE) (T. VanderWeele and Vansteelandt 2014). 
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Effect estimates and confidence intervals were estimated using the bootstrapping approach 

based on 1000 bootstrap samples. The NDE captures the effect of the exposure on the outcome that 

does not act through the CpG site mediators, while the NIE captures the effect of the exposure on the 

outcome that acts through the CpG site mediators. The total effect (TE) is the sum of the NDE and NIE, 

although this relationship is not exact when using the bootstrapping approach. The method allows the 

effects of individual mediators to cancel one another, since each SNP affects its associated CpG sites 

simultaneously that may mediate an increase in bladder cancer risk if the direction of effect is consistent. 

To improve understanding of the mechanisms underlying any observed NIE, we also conducted 

exploratory mediation analyses for individual SNP-CpG pairs, stratified by smoking status (never, ever). 

The models are based on the same equations described above (T. J. VanderWeele and Vansteelandt 
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2010). For these models, however, effect estimates and confidence intervals were calculated using the 

delta method (T. J. VanderWeele and Vansteelandt 2010). 

The mediation analyses were conducted based on a macro provided by Valeri and VanderWeele 

(Valeri and VanderWeele 2013) using SAS® software (versions 9.3 and 9.4, SAS® Institute Inc., Cary, NC, 

USA). For multiple mediators, the macro was modified to produce multiple-mediator effect estimates 

based on existing equations (T. VanderWeele and Vansteelandt 2014) and to provide bootstrap-based 

confidence intervals. 

3.3 RESULTS 

Table 3.1 provides the distribution of demographic and clinical characteristics by case-control status for 

our study population. Compared to controls, cases had a greater proportion of women with white 

race/ethnicity, were more likely to be past and current smokers, and were more likely to have a heavier 

smoking history of at least 30 pack-years. The average follow-up time was slightly shorter for cases than 

for controls. 

 

Table 3.1 Distribution of relevant demographic and clinical characteristics among bladder cancer 

cases and controls nested within the Women’s Health Initiative 

 Cases Controls 

WHI Arm (N, %)   

     OS 213 (52%) 218 (52%) 

     CT: HRT and DM 24 (6%) 26 (6%) 

     CT: HRT only 55 (13%) 56 (13%) 

     CT: DM only 120 (29%) 124 (29%) 

Age (N, %)   

     < 50 - 59 97 (24%) 100 (24%) 

     60-69 194 (47%) 203 (48%) 

     70 - 79+ 121 (29%) 121 (28%) 

Year of Enrollment (N, %)   

     1994 - 1995 105 (25%) 109 (26%) 

     1996 125 (30%) 127 (30%) 

     1997 114 (28%) 116 (27%) 

     1998 68 (17%) 72 (17%) 
 

Continued on page 40 
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Table 3.1 Distribution of relevant demographic and clinical characteristics among bladder cancer 

cases and controls nested within the Women’s Health Initiative (continued) 

 Cases Controls 

Follow-up Time (mean, SD) 13.37 (3.77) 13.95 (3.36) 

DNA Extraction Method (N, %)   

     5-prime 397 (96%) 408 (96%) 

     Phenol 15 (4%) 16 (4%) 

Race (N, %)   

     Asian/Pacific Islander 4 (1%) 12 (3%) 

     Black/African American 24 (6%) 40 (9%) 

     Hispanic/Latino 7 (2%) 16 (4%) 

     Non-Hispanic White 375 (91%) 349 (82%) 

     Other 2 (<1%) 7 (2%) 

Smoking (N, %)   

     Never Smoked 155 (38%) 234 (55%) 

     Past Smoker 204 (49%) 172 (41%) 

     Current Smoker 53 (13%) 18 (4%) 

Pack-Years (N, %)   

     Never Smoker 155 (38%) 234 (55%) 

     > 0 - < 30 145 (35%) 137 (32%) 

     ≥ 30 112 (27%) 53 (13%) 
 

Abbreviations: OS = observational study; CT = clinical trials; HRT = hormone therapy clinical trial;  
DM = dietary modification clinical trial 
 
 
 

For each mQTL, there was a range of one to five mQTL-associated CpG sites (Table 3.2). All of 

our selected mQTL were cis-acting, since they were within 1 Mb of their associated CpG sites. According 

to ARIES, these mQTL are common SNPs with risk allele frequencies ranging from 0.20 to 0.56 and are 

mostly located in or near CpG islands. These SNPs have effect sizes ranging from a 0.4% to 3% 

difference in median proportion methylated between homozygote groups. These SNPs are associated 

with an increase in methylation for three CpG sites and a decrease in methylation for seven CpG sites. 
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Table 3.2 Annotation information for selected mQTL and their associated CpG sites 

SNP SNP Location RA (RAF) CpG CpG Location 
CpG 
Gene 

CpG 
Gene 
Groupa 

Relation 
to CpG 
Islandb 

ARIES 
Directionc 

ARIES 
Effect Sized 

rs798766 chr4:1734239 T (0.20) cg00006948 chr4:1768889 
  

Island + 0.004 

rs401681 chr5:1322087 C (0.56) 
cg27028750 chr5:1349422 

  
S_Shelf + 0.059 

cg26209169 chr5:1316264 
   

- 0.038 

rs2294008 chr8:143761931 T (0.45) 

cg06565975 chr8:143823917 SLURP1 TSS200 S_Shelf - 0.041 

cg03405983 chr8:143858548 LYNX1 
5'UTR 
TSS200 
1stExon 

Island - 0.009 

cg24023258 chr8:143781297 LY6K TSS1500 N_Shore + 0.004 

cg17888033 chr8:143858414 LYNX1 
5'UTR 
1stExon 

Island - 0.020 

cg17252645 chr8:143867129 LY6D Body 
 

- 0.042 

rs8102137 chr19:30296853 C (0.33) 

cg16836589 chr19:30303674 CCNE1 
1stExon 
Body 

Island - 0.011 

cg27475126 chr19:30303651 CCNE1 
1stExon 
Body 

Island - 0.049 
 

aFunctional region of gene as indicated in v1.2 Illumina annotation: TSS1500 = 200-1500 bases upstream of the transcription start site; TSS200 = 
0-200 bases upstream of the transcription start site; 5'UTR = Within the 5 prime untranslated region; 1stExon = First segment of gene coding for 
peptide sequence; Body = Between the ATG and stop codon; 3'UTR = Between the stop codon and poly A signal; Multiple listings indicate a locus 
in a region with multiple splice variants 
bPosition relative to CpG island as indicated in v1.2 Illumina annotation: Island = Within CpG island (CG content > 50%, Obs/Exp CpG ratio > 0.60, 
and length > 200 bps); OpeanSea = Non-island region; Shore = 0-2 kb flanking CpG Island; Shelf = 2-4 kb flanking CpG Island 
cDirection of association between mQTL and CpG site reported in the ARIES mQTL database 
dEffect size between mQTL and CpG site reported in the ARIES mQTL database, where effect size is defined as the difference in median 
proportion methylated between homozygote groups 
Abbreviations: RA = risk allele; RAF = risk allele frequency 
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The results from the mediation analyses for rs798766, rs401681, rs2294008, and rs8102137 are 

presented in Table 3.3. Only rs8102137 had a statistically significant total effect, and none of the indirect 

effects were statistically significant. However, our results suggest that a large proportions of the modest 

effects of rs401681 (NIE = 1.05; NIE percent = 98.5%) and of rs2294008 (NIE = 1.10; NIE percent = 

77.6%) on bladder cancer risk occur through mQTL-associated CpG sites. For the rs401681 NIE, women 

with C risk allele at rs401681 and C-allele-associated methylation levels at cg27028750 and cg26209169 

have a 5% increased risk of bladder cancer as compared to women with the C allele and T-allele-

associated methylation levels at cg27028750 and cg26209169, while adjusting for covariates. The NIE 

interpretation is similar for rs2294008 based on a T risk allele, 10% increased risk of bladder cancer, and 

cg06565975, cg03405983, cg24023258, cg17888033, and cg17252645 as mediators. There was little 

evidence supporting mediation through changes in DNA methylation for the associations of rs8102137 

and rs798766 with bladder cancer risk. 

 

Table 3.3 For each mQTL SNP identified by genome-wide association studies of bladder cancer, 

estimated mediating effects of mQTL-associated CpG site(s) for the association between the SNP 

and bladder cancer risk using mediation models that allow for multiple mediators 

SNP Region Gene RA Mediator(s) 
Effect 
of SNP1 

OR 95% CI 

rs798766 4p16.3 
TMEM129-
TACC3-
FGFR3 

T cg00006948 

NDE 1.16 (0.86, 1.50) 

NIE 0.95 (0.81, 1.08) 

TE 1.10 (0.85, 1.38) 

rs401681 5p15.33 
TERT-
CLPTML 

C 
cg27028750 
cg26209169 

NDE 1.01 (0.76, 1.33) 

NIE 1.05 (0.89, 1.25) 

TE 1.05 (0.85, 1.30) 

rs2294008 8q24.3 PSCA T 

cg06565975 
cg03405983 
cg24023258 
cg17888033 
cg17252645 

NDE 1.04 (0.78, 1.35) 
NIE 1.10 (0.90, 1.33) 

TE 1.13 (0.91, 1.38) 
    

rs8102137 19q12 CCNE1 C 
cg16836589 
cg27475126 

NDE 1.36 (1.05, 1.74) 
NIE 1.02 (0.93, 1.11) 

TE 1.38 (1.09, 1.74) 
 

1Mediation models were adjusted for race/ethnicity, smoking status, pack-years of smoking, WHI arm, 
age at baseline, year of enrollment, follow-up time, and DNA extraction method 
Abbreviations: RA = risk allele; CI = confidence interval; NDE = natural direct effect; NIE = natural indirect 
effect; TE = total effect 
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Our exploratory analyses in Table 3.4 suggest that the total effects of rs401681 and rs2294008 

on bladder cancer risk were stronger among smokers. Based on these analyses, mediation through 

cg27028750 may contribute more than cg26209169 to the possible indirect effect of rs401681 on bladder 

cancer risk. For rs2294008, the NIE may be responsible for a larger proportion of the total effect in non-

smokers than in smokers. The results also suggest that the effect of rs2294008 is primarily mediated by 

cg24023258 and cg17252645 among non-smokers and by cg06565975, cg03405983, and cg17888033 

among smokers. 

 

Table 3.4 Within the non-smoker and smoker subgroups, estimated mediating effects of each mQTL-

associated CpG site in an individual mediation model for the association between the SNP and 

bladder cancer risk 

    Non-Smokers Smokers 

SNP Mediator 
CpG 
Gene 

Effect 
of SNP1 

OR 95% CI OR 95% CI 

rs401681 

cg27028750 

 NDE 0.91 (0.65, 1.28) 1.10 (0.78, 1.55) 
NIE 1.05 (0.88, 1.26) 1.03 (0.85, 1.23) 

TE 0.96 (0.72, 1.29) 1.13 (0.84, 1.51) 

cg26209169 

 NDE 0.94 (0.69, 1.30) 1.14 (0.83, 1.56) 
NIE 1.02 (0.89, 1.17) 0.99 (0.87, 1.12) 

TE 0.96 (0.72, 1.29) 1.13 (0.84, 1.51) 

rs2294008 

cg06565975 SLURP1 

NDE 1.07 (0.76, 1.50) 1.15 (0.84, 1.59) 

NIE 0.98 (0.82, 1.18) 1.04 (0.88, 1.23) 

TE 1.05 (0.79, 1.40) 1.20 (0.91, 1.58) 

cg03405983 LYNX1 

NDE 1.12 (0.81, 1.56) 1.15 (0.86, 1.54) 

NIE 0.94 (0.81, 1.08) 1.04 (0.95, 1.14) 

TE 1.05 (0.79, 1.41) 1.19 (0.90, 1.57) 

cg24023258 LY6K 

NDE 0.91 (0.66, 1.26) 1.20 (0.88, 1.63) 

NIE 1.14 (0.98, 1.32) 1.00 (0.87, 1.14) 

TE 1.04 (0.78, 1.39) 1.19 (0.90, 1.58) 

cg17888033 LYNX1 

NDE 1.05 (0.76, 1.46) 1.14 (0.84, 1.54) 

NIE 1.00 (0.85, 1.17) 1.05 (0.92, 1.19) 

TE 1.05 (0.79, 1.40) 1.19 (0.90, 1.58) 

cg17252645 LY6D 

NDE 0.97 (0.69, 1.35) 1.15 (0.83, 1.59) 

NIE 1.08 (0.91, 1.29) 1.04 (0.86, 1.26) 

TE 1.05 (0.79, 1.40) 1.20 (0.91, 1.59) 
 

1Mediation models were adjusted for race/ethnicity, smoking status, pack-years of smoking, WHI arm, 
age at baseline, year of enrollment, follow-up time, and DNA extraction method 
Abbreviations: CI = confidence interval; NDE = natural direct effect; NIE = natural indirect effect;  
TE = total effect 
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3.4 DISCUSSION 

Our results suggest that the effects of germline genetic variation in rs798766 and rs8102137 on bladder 

cancer risk are unlikely to be mediated by changes in methylation, which is consistent with the putative 

mechanisms underlying the carcinogenicity of these SNPs. rs798766 is in an intron of encoding 

transforming, acidic coiled-coil containing protein 3 (TACC3) and has been previously linked to activating 

somatic mutations in nearby fibroblast growth factor receptor 3 (FGGR3), which occur in 74% of Ta-stage 

bladder tumors (Kiemeney et al. 2010). rs8102137 is located 6kb upstream of cyclin E1 gene (CCNE1) 

(Kohaar et al. 2011), which controls cell cycle progression to the S-phase (Siu, Rosner, and Minella 2012) 

and is elevated in bladder tumors as compared to adjacent normal bladder tissue (Kohaar et al. 2011). 

Kohaar et al. previously reported a lack of association between the rs8102137 genotype and overall 

CCNE1 mRNA levels (Kohaar et al. 2011). Instead of mediation through changes in overall CCNE1 

expression, there is convincing evidence that rs8102137 influences CCNE1 splicing, since it is associated 

with increased expression of a CCNE1 transcript lacking exon 7 in bladder tissue (Y. P. Fu et al. 2013). 

Our main analysis suggests that most of the effect of rs401681 on bladder cancer risk occurs 

indirectly through methylation changes at mQTL-associated CpG sites. The rs401681 SNP is in an intron 

of the cisplatin resistance related protein CRR9p (CLPTM1L) gene. Based on our exploratory analyses, 

the effect of rs401681 may primarily occur through an increase in methylation at cg27028750, which is 

not located within a known gene or CpG island. However, cg27028750 is located in a long terminal repeat 

element (MER-50), and genomic repeats are often targets for Polycomb repression (Leeb et al. 2010). 

Although data for normal bladder tissue is unavailable, the rs401681 C allele has also been associated 

with an increased risk of lung cancer (Pintarelli et al. 2017), and publically-available information from the 

Roadmap Epigenomics project (Zhou and Wang 2012; Zhou et al. 2011) indicates that the region 

surrounding cg27028750 is weakly repressed by Polycomb-group proteins in lung tissue. 

Previous research supports a lack of association between rs401681 and differential gene 

expression. A study by Rafnar et al. found no association between rs401681 and RNA expression of 

TERT or CLPTM1L in blood or adipose tissue (Rafnar et al. 2009). In addition, an expression quantitative 

trait loci (eQTL) analysis in tumor-adjacent lung tissue failed to identify any associations between 

rs401681 and expression levels of 10,821 genes (Pintarelli et al. 2017). 
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Based on these observations, it is possible that rs401681 promotes or reflects cancer-related 

epigenetic switching, where the repression of genes related to early development and cellular 

determination shifts from reversible silencing by Polycomb repressive complexes to more permanent 

silencing by DNA methylation (Gal-Yam et al. 2008; P A Jones et al. 1990; Schlesinger et al. 2007; 

Widschwendter et al. 2007). This switch is not expected to cause changes in gene expression, but 

instead affects epigenetic plasticity (Gal-Yam et al. 2008). Recent research suggests these changes 

predispose cells to cancer, possibly by maintaining a stem-cell-like phenotype that initiates abnormal 

growth and malignant transformation (Widschwendter et al. 2007). 

We also observed that a substantial portion of the effect of the rs2294008 T allele in PSCA may 

act on bladder cancer risk through methylation changes at mQTL-associated CpG sites located in or near 

four of the other nine genes in the Ly6 cluster on chromosome 8 (LY6K, LY6D, LYNX1, SLURP1) (X. W. 

Fu, Song, and Spindel 2015). PSCA is a GPI-anchored cell surface antigen in the Ly6 family (Reiter et al. 

1998). Interestingly, the rs2294008 variant has been shown to create an alternative translation start site 

for PSCA that extends the signal peptide from 11 to 20 amino acids (Kohaar et al. 2013). 

Like PSCA, LY6K and LY6D are Ly-6 family members that are GPI-anchored proteins expressed 

on the cell surface (Kong and Park 2012) and show increased expression in bladder cancer (Luo et al. 

2016). However, these genes are more clearly oncogenic, since they are consistently upregulated across 

many cancers (Luo et al. 2016). LY6K has been implicated in cell growth, migration, and invasion in 

bladder cancer cell lines (de Nooij-van Dalen et al. 2003). Its increased expression has been identified as 

a promising diagnostic biomarker in blood for lung and esophageal carcinomas (Ishikawa et al. 2007; 

Zhang et al. 2012) and has been associated with reduced five-year overall survival in bladder cancer 

patients (Luo et al. 2016; Lee et al. 2010). In contrast, LY6D is expressed almost exclusively in human 

squamous and transitional epithelium normal tissues and cancers (Quak et al. 1990), which means it may 

be important for the transitional cells primarily involved in bladder cancer. Although methylation changes 

at CpG sites outside of promoter-related CpG islands are extremely difficult to interpret without 

expression data, we expect that the differential methylation at cg24023258 and cg17252645 is related to 

increased expression of LY6K in blood and bladder tissue and LY6D in bladder tissue. 
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According to our exploratory analyses, rs2294008 also appears to have an effect on bladder 

cancer through a separate pathway in smokers that involves GPI-anchored Ly6/Neurotoxin 1 (LYNX1) 

and secreted Ly6/uPAR related protein 1 (SLURP1). Recent research suggests that PSCA, LYNX1, and 

SLURP1 bind to (Ibañez-Tallon et al. 2002; Moriwaki et al. 2007) and modulate (X. W. Fu, Song, and 

Spindel 2015) the α7 subunit of nicotinic acetylcholine receptors (α7-nAChRs), which are expressed in 

normal bladder tissue from rats (Kim et al. 2015; Beckel et al. 2006). There is a well-established 

connection between nicotine and tumorigenesis through cascades triggered by nAChRs that promote cell 

proliferation and survival (X. W. Fu, Song, and Spindel 2015; Singh, Pillai, and Chellappan 2011), where 

in vivo experiments primarily implicate α7-nAChR in nicotine-related cancer development and progression 

(Singh, Pillai, and Chellappan 2011). Specifically, research by Chen at al. suggests that stimulation of 

nAChRs promotes bladder tumorigenesis through a mechanism involving activation of ERK1/2 and Stat3 

signaling, increased Cyclin D1 expression, and enhanced cell proliferation (R.-J. Chen et al. 2008). 

Since LYNX1 negatively regulates α7-nAChRs (X. W. Fu, Song, and Spindel 2015), methylation 

changes associated with increased risk of bladder cancer are likely associated with downregulation of 

LYNX1. In fact, LYNX1 has already been established as a tumor suppressor gene in the context of lung 

cancer, where it reduces the downstream effects of nAChR signaling by constraining the ability of chronic 

nicotine exposure to increase nAChR levels in normal lung tissue (X. W. Fu, Song, and Spindel 2015). 

The methylation changes at cg03405983 and cg17888033 also have a particularly convincing connection 

to transcriptional silencing (Peter A. Jones 2012; Rakyan et al. 2011; Laird 2010), since hypermethylation 

occurs at these sites in the chr8:143858279-143859411 CpG island within the putative promoter region of 

LYNX1. The direction of change for SLURP1 expression is more difficult to predict because SLURP1 has 

pro-apoptotic properties, but also positively regulates and is regulated by α7-nAChRs (X. W. Fu, Song, 

and Spindel 2015; Pettersson et al. 2009; Arredondo, Chernyavsky, and Grando 2007). However, 

decreased methylation at cg06565975 may cause or reflect changes in SLURP1 expression. 

Our study is the first to examine possible mediation through methylation for top bladder cancer 

GWAS hits that are also mQTL. We leveraged information from previous GWAS and an existing mQTL 

database and used a prospective study design to explore the mechanisms underlying known associations 

between genetic variants and bladder cancer risk. Our sample size was not ideal for examining genetic 
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effects, since SNPs have relatively small effect sizes. As a result, only rs8102137 had a statistically 

significant direct and total effect, and we lacked power for many of the other associations in our main and 

exploratory analyses. We were also limited by the ARIES sample size, which may not have been large 

enough to detect all relevant mQTL-associated mediators. Despite these limitations, the associations 

between our selected genetic variants and bladder cancer (ORTE estimates) were similar to those 

reported previously, and our results provide suggestive evidence of indirect effects through changes in 

DNA methylation that warrant further exploration in larger-scale studies of bladder cancer. 

Conditional on the baseline covariates, the assumptions of mediation analyses require no-

confounding of the exposure-outcome, mediator-outcome, and exposure-mediator relationships, and also 

require that there are no mediator-outcome confounders caused by the exposure. Analyses involving 

genetic variants are slightly less prone to confounding because, aside from race/ethnicity, genotype is 

likely unaffected by most factors relevant for methylation or bladder cancer. We also adjusted for a 

comprehensive set of covariates to address mediator-outcome confounding. We intentionally excluded 

cell type composition from the adjustment covariates, since it is another possible mediator that 

contributes to the indirect effects in our analyses. 

We also assumed that there was no interaction between the mQTL SNP and its mQTL-

associated mediators. We note that there are potential, though non-significant, interactions between 

rs798766 and cg00006948 and between rs2294008 and cg03405983 that might improve these models in 

more flexible approaches. However, the inclusion of an interaction term in single-mediator mediation 

models produced the same conclusions for rs798766 and rs2294008 in the main and relevant exploratory 

analyses. 

As another possible source of bias, we acknowledge error in our measurement of methylation 

because we only have a single measure of DNA methylation at baseline, which may imprecisely capture 

the methylation levels for the period that is etiologically relevant for our cases. However, the error in our 

measures of methylation is likely to be non-differential and is expected to attenuate the reported indirect 

effect estimates. 

Since DNA methylation can be tissue specific, ideally, we would have conducted these analyses 

based on methylation data from normal bladder tissue rather than from blood. However, in a previous 
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study of blood and brain tissue, substantial overlap was observed for mQTL from the two sites (Smith et 

al. 2014), indicating that at least some SNP-CpG relationships may be consistent across tissue type. 

Our study suggests that a substantial proportion of the effects of rs401681 and of rs2294008 on 

bladder cancer risk may be mediated through methylation changes at nearby CpG sites. If confirmed by 

larger-scale studies, our results point to a connection between rs401681 in CLPTM1L and a possible 

nearby repression shift marked by cg27028750. A robust link between rs2294008 and risk of bladder 

cancer through cg24023258 may identify LY6K expression as a serum biomarker of bladder cancer 

susceptibility in non-smokers. Among smokers, further investigation of the role of rs2294008 in α7-nAChR 

signaling is warranted.
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