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3.
Background and Rationale
Infertility concerns have a significant impact on quality of life in survivors of cancer. 1,2 Emerging
technologies are expanding the pool of cancer patients who may be able to preserve fertility
despite intensive therapy.3-5 Among females ages 15-44 followed by the CCSS, the relative risk
of a survivor ever being pregnant was 0.81 (95%CI, 0.73-0.90; P< .001) compared with female
siblings.6 A follow up study published in 2016 demonstrated a hazard ratio (HR) of 0.87 (95%CI
0.81-0.94; P=0.00015) of having been pregnant, compared to siblings.7 In a self-reported survey
of female CCSS participants 455/3,531 (13%) reported that they were clinically infertile (i.e., >1
year of attempts at conception without success).8 Among males aged 15-44 followed by the CCSS
the HR of siring a pregnancy was 0.63 (95%CI 0.58-0.68; P<0.0001), compared to siblings.7 In
another survey of male CCSS patients self-reported rates of infertility were assessed. The
prevalence of infertility was 46.0% (412/938) in survivors versus 17.5% in siblings (RR=2.64,
95%CI 1.88-3.70; P< 0.001).9
Multiple chemotherapy agents have been associated with decreased fertility. Differences exist in
germ cell tolerance to these agents between males and females.7 In male survivors, reduced
likelihood of siring a pregnancy was associated with cyclophosphamide, ifosfamide, procarbazine,
and cisplatin. However, in female survivors, only busulfan, lomustine, and cyclophosphamide
(doses in the highest quartile) are significantly associated with reduced pregnancy. Notably, pelvic
and cranial radiotherapy is strongly associated with reduced rate of pregnancy in childhood
cancer survivors,6 and previous studies have excluded this population for analysis.7
Cyclophosphamide is used in a wide variety of pediatric cancers and substantial inter-patient
variability exists in germ cell tolerance to this agent.10-13 Males exposed to high doses of
cyclophosphamide have high rates of azoospermia.11 Male participants in the CCSS in the highest
tertile of cumulative cyclophosphamide dose exposure (9,360 to 143,802 mg/m2) had a HR of
0.42 (95%CI, 0.31-0.57; P<0.001) of siring a pregnancy compared to those not receiving
cyclophosphamide.14 Likewise, female participants in the CCSS who were treated with
cyclophosphamide had a lower likelihood of pregnancy (RR, 0.81; 95% CI, 0.68 to 0.93; P = .005)
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in a multivariate model.6 Multiple enzymes in the cytochrome P450 family play a role in
cyclophosphamide metabolism. In previous smaller studies of women with lupus nephritis,
heterozygosity or homozygosity for CYP2C19*2 polymorphism was associated with lower rates
of ovarian toxicity, whereas in women with breast cancer, CYP3A4*1B heterozygosity or
homozygosity was associated with ovarian failure.12,13 Although the role of polymorphisms in
enzymes responsible for cyclophosphamide on ovarian failure has been explored, its effect on
becoming pregnant in females or siring a pregnancy in males is not known, but are logical loci to
investigate.
The CCSS conducted genotyping on 4.1 million loci for 5,739 childhood cancer survivors and has
collected data on patient drug exposure, radiation exposure, age at treatment, and history of
pregnancy and siring a pregnancy. Similarly, the SJLIFE study has collected clinical and GWAS
data on survivors treated over several decades at St. Jude Children’s Research Hospital.15
Genetic polymorphisms and deleterious mutations play a role in infertility in the general
population, although our understanding of these contributions remains incomplete. 16-19 For
example, GWAS approaches have been explored to analyze causes of polycystic ovarian
syndrome (PCOS), a condition leading to infertility in many women.16
Methods such as the cyclophosphamide equivalent dose (CED) are available to compare the risk
of infertility across different treatment regimens, independent of study populations. 20 A CED
≥4,000 mg/m2 has been associated with a decreased HR of pregnancy among partners of male
childhood cancer survivors and increased rate ratio for non-surgical premature menopause in
female childhood cancer survivors.20 However, current methods do not take into account
individual patient variability in drug tolerance, metabolism, and yet undiscovered genetic factors.
4.
Specific aims/objectives/research hypotheses
Long-term survivors of pediatric cancer have multiple concerns regarding reproductive health.21
Female survivors have a decreased likelihood of having been pregnant and male survivors have
a decreased likelihood of having sired a pregnancy compared to sibling controls.7 Genetic
polymorphisms and deleterious mutations play a role in infertility in the general population,
although our understanding of these contributions remains incomplete.16-19 Greater doses of
chemotherapeutic agents have been associated with reduced likelihood of having been pregnant
or siring a pregnancy in pediatric cancer survivors. Presumably, genetic polymorphisms play a
role in germ cell tolerance to chemotherapeutics and may have a modifying effect on rates of
pregnancy in pediatric cancer survivors. We hypothesize that single-nucleotide polymorphisms
(SNPs) are associated with decreased rates of pregnancy or siring a pregnancy in long-term
survivors of pediatric malignancies. We will test this hypothesis with the following specific aims:
Primary Aim 1:
Using a GWAS approach from the Childhood Cancer Survivor Study
(CCSS) cohort, identify genetic risk factors associated with reduced likelihood of pregnancy in
long-term female survivors of pediatric cancer. Individual SNPs association with the likelihood of
pregnancy will be tested for both main effects and gene-environment interaction (GxE) with
cyclophosphamide equivalent dose (≥4,000 mg/m2).
Primary Aim 2:
Using a GWAS approach from the CCSS cohort, identify genetic risk
factors associated with reduced likelihood of having sired a pregnancy in long-term male survivors
of pediatric cancer. Individual SNPs association with the likelihood of having sired a pregnancy
will be tested for both main effects and GxE with cyclophosphamide equivalent dose (≥4,000
mg/m2).
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Primary Aim 3:
Using a Boolean analysis of the CCSS GWAS dataset, identify genetic risk
factors associated with reduced likelihood of pregnancy in long-term female survivors of pediatric
cancer focusing on the evaluation of candidate genes identified in Secondary Aims 5 and 6.
Primary Aim 4:
Using a Boolean analysis of the CCSS GWAS dataset, identify genetic risk
factors associated with reduced likelihood of having sired a pregnancy in long-term male survivors
of pediatric cancer focusing on the evaluation of candidate genes identified in Secondary Aims 5
and 6.
Secondary Aim 1: Determine if SNPs reaching genome-wide significance in primary aim 1
may be replicated in an independent cohort from the St. Jude life (SJLIFE) genomics project.
Secondary Aim 2: Determine if SNPs reaching genome-wide significance in primary aim 2
may be replicated in an independent cohort from SJLIFE.
Secondary Aim 3: Using a candidate gene approach from the CCSS cohort, determine if
CYP3A4*1B (rs2740574) and/or CYP2C19*2 (rs12769205, rs4244285) haplotypes are
associated with reduced likelihood of having been pregnant in long-term female survivors of
pediatric cancer.
Secondary Aim 4: Using a candidate gene approach from the CCSS cohort, determine if
CYP3A4*1B (rs2740574) and/or CYP2C19*2 (rs12769205, rs4244285) haplotypes are
associated with reduced likelihood of having sired a pregnancy in long-term male survivors of
pediatric cancer.
Secondary Aim 5: Using publicly available pre-existing large gene expression datasets,
identify sets of genes associated with the normal development and function of ovaries, testes,
ova and sperm. This type of analysis has been performed before to identify developmentally
regulated genes in normal B-Cells22. In this analysis we used publicly available 4,787 human and
2,167 mouse microarrays on diverse tissue types and diseases. The algorithm started with two
known genes KIT and CD19 that were used as endpoints of the developmental pathway and
predicted other genes that are supposed to turn on during normal development of B-Cells by using
Boolean implication relationships from KIT and CD19. Later we used similar algorithms to identify
genes associated with development and differentiation in bladder cancer23, colon cancer24 and
prostate cancer25. Currently, we have a database of publicly available 25,955 human
(GSE119087) and 11,758 mouse (GSE119085) microarrays. We will perform Boolean analysis
on these databases to identify the genes associated with normal development and function of
ovaries, testes, ova and sperm. These sets of genes would be used to identify the candidate
SNP’s from the CCSS GWAS dataset to be used in statistical analyses to discover associations
with pregnancy in female survivors (Primary Aim 3) and siring a pregnancy in male survivors
(Primary Aim 4).
Secondary Aim 6: Using publicly available pre-existing large gene expression datasets,
identify sets of genes associated with the normal development and endocrine function of the
pituitary gland as mentioned above. We will start with genes such as OTX2, PITX1, PITX2,
HESX1, and TBX19 that are known to be involved with the development of the pituitary gland26
and use strong Boolean implication relationships to identify other genes. These sets of genes
would be used to identify the candidate SNP’s from the CCSS GWAS dataset to be used in
statistical analyses to discover associations with pregnancy in female survivors (Primary Aim 3)
and siring a pregnancy in male survivors (Primary Aim 4).
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The expected outcome of this study is the determination that patients with specific SNPs will have
decreased rates of pregnancy and siring pregnancy after correcting for other risk factors (types
and total doses of alkylating agents and similar drugs,7 age at follow-up, and age at treatment).
This information will be immediately clinically applicable as patients receiving chemotherapy may
have genotyping performed soon after diagnosis to assist in risk counseling, and inform treatment
decisions and fertility preservation options.
5.

Analysis framework

5.1.

Outcome(s) of interest

5.1.1
Primary
Ever having been pregnant or ever having sired a pregnancy (all outcomes combined including
live births, miscarriages, abortions)
• Ability to define infertility is limited in the CCSS questionnaires as it needs to take into account
marital/cohabitation status, interval of time (at least 1 year) with potential for pregnancy (such
data are only available on the baseline but not follow-up surveys), and a desire to become
pregnant. Thus, the primary outcome will be focused on pregnancy.7
• Sensitivity analyses: will also examine results from participant baseline questionnaire: “Was
there ever a period in your life when you and a partner tried for one year or more to become
pregnant, without success?”
5.2.
Subject Population
• Female and Male CCSS GWAS subjects will be included.
• Patients will be stratified for analysis by sex for analysis
• Patients will be excluded if they received cranial or pelvic/gonadal radiotherapy of any dose
(Table 1).
• Only subjects exposed to Cyclophosphamide will be included for secondary aims 3 and 4
(Table 2).
• Note: After completing primary aims 1 and 2, we will determine if SNPs which meet genomewide significance in the CCSS cohort (discovery cohort) remain significant in the replication
cohort (SJLIFE). Data will be made available (generously agreed to by Drs. Hudson and
Robison) and replication analyses will be conducted by the St. Jude analytic team with
oversight by Yutaka Yasui, PhD. Note: CCSS participants will be excluded from the SJLIFE
cohort analysis.15 Primary outcomes and eligibility otherwise per primary aims.
5.3.
Exploratory Variables
• Patient age at survey
• Patient age at treatment
• Race/ethnicity
• Patient Malignancy
• Patient marital status
• Patient exposure to cyclophosphamide (total dose)
• Cyclophosphamide Equivalent Dose (absolute score, and increments of 4,000mg/m2)
• Patient exposure to radiation (location and dose)
• Patients history of surgical sterility (orchiectomy, oophorectomy, or hysterectomy) and age of
surgical sterility
5.4.

Analytic Approach
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We will work with the CCSS statistical team to finalize the appropriate analysis for the proposed
study. Descriptive statistics will be generated and compared between survivors with and without
pregnancy/ having sired a pregnancy. Cohort risk factors will be described using medians and
quartiles or means and standard deviations for continuous variables, and counts and percentages
for categorical variables. SAS version 9.4 and R version 3.2 will be used for analysis.
5.4.1.

Primary Aims 1 and 2

5.4.1.1.
Overall Approach
1. Determine the frequency of exposure to other fertility risk factors in the CCSS GWAS study:
CED, age at treatment, age at survey completion, marital status, malignancy, and sex (Table
3).
2. Subsequent steps will be stratified by patient sex.
3. Determine the frequency of having ever been pregnant in females and siring a pregnancy
among males.
4. Determine the relative frequency of SNP polymorphisms in the cohort, after performing quality
control of SNPs. (Quality Control section below).
5. Using a multivariate model, determine if SNP polymorphisms are associated with rates of
pregnancy or siring a pregnancy are when accounting for other risk factors (see statistical
overview).(Figure 1, Table 4)
6. Suggestive SNPs (P<5x10-4) from Primary Aims, will be tested for the interaction of GxE (CED
< OR ≥ 4,000 mg/m2). (Table 5, Figure 2)
5.4.1.2.
Statistical Overview
In order to assess the association between each genotype and occurrence of pregnancy or siring
a pregnancy, we will use multivariable left truncated Cox proportional hazards models,27 for the
age at first pregnancy/siring of pregnancy, with the subjects’ risk time starting at the later of 1)
age of entrance into the CCSS cohort, or 2) age 15, censored at the age of last CCSS follow-up.
Death prior to pregnancy/siring of pregnancy will be treated as a competing risk. For multivariable
analysis, we will assume an additive genetic effect, and adjust for covariates including year of
diagnosis, age at diagnosis, and treatments known to affect fertility, and for the interaction
between the allele (for these meeting genome wide significance) and cyclophosphamide
equivalent dose (as a nominal variable). P<5x10-8 will be considered statistically significant at the
genome-wide level, and hazard ratios and confidence intervals for significant SNPs will be
reported.28 Suggestive SNPs (P<5x10-4 as the main effect) will be tested for the interaction of GxE
(CED < OR ≥ 4,000 mg/m2). Note: Significant SNPs will be then validated using the replication
(SJLIFE) cohort. The same statistical models will be used.
Any SNPs that meet genome-wide significance in both discovery and validation cohorts, as well
as any SNPs with at least suggestive significance (P<1e-6) in both cohorts and in high LD (r2>0.7)
with these lead SNPs, will undergo functional assessment, including: 1) evaluation as possible
expression QTLs in testicular and ovarian tissues found in GxE (Figure 2); 2) assessment of
Human Omni 5 annotations including exonic, splice site, and promoter markers; 3) evaluation of
overlap with DNA regulatory regions found in the ENCODE database as well as microRNA and
lncRNA coding regions; 4?) gene-set enrichment analysis if multiple exonic SNPs are significant
5.4.1.3.
Sample size and power considerations
We will compare groups defined by presence/absence of a SNP on pregnancy-free rate using a
left-truncated survival model. We assume time 0 is age 15 with no accrual time and maximum
follow-up time of 30 years (analyzed ages 15-45), with pregnancy rates by age 45 obtained from
subject counts in the study proposal. Pregnancy-free rates are assumed to have piecewise linear
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survival curve with proportional hazards: 90% of first pregnancies/ siring of first pregnancy occur
evenly between ages 15 and 35 (year 20), 10% of first pregnancies/ sired occur evenly between
ages 35 and 45 (year 30). Minimum detectable hazard ratios depend on prevalence of SNP of
interest (Table 6). Sample size calculations were performed using SAS 9.4 PROC POWER. Note,
once subject data is obtained, if a large number of pregnancies occur in females or males >45
years of age we will include participants up to 55 years of age.
5.4.2.
Secondary Aims 3 and 4
Using a candidate gene approach will significantly reduce the risk of false positive results, and
allow the testing of a specific hypothesis.
5.4.2.1.
Overall Approach
1. Genotype data will undergo quality control as in the Primary Aims. However, to increase
genotype density for the candidate genes, an additional analysis with data imputed with the
Human Reference Consortium mixed haplotype panel will be included. Phasing of genotypes
will be performed with Eagle, to allow for analysis of the CYP2C19*2 (rs12769205, rs4244285)
haplotype.
2. Subsequent steps will be stratified by patient sex.
3. Determine the frequencies of the haplotypes of interest in the CCSS GWAS cohort for:
CYP3A4*1B (rs2740574); CYP2C19*2 (rs12769205, rs4244285)
4. Perform analysis using multivariable Cox proportional hazards models with diagnosis, age at
diagnosis, year of diagnosis and CED to determine if the above SNPs are significant when
accounting for other risk factors (see statistical considerations).(note for secondary aims 3
and 4 tables will be created similar to tables 3-5 and figure 2 for the group who was
exposed to cyclophosphamide and for the polymorphisms listed above)
5.4.2.2.
Variant/ Haplotype Frequency in Candidate Genes
In previous smaller studies of women exposed to cyclophosphamide, heterozygosity or
homozygosity for CYP2C19*2 and CYP3A4*1B effect the risk of ovarian failure.12,13 The Variant/
Haplotype Frequency of these polymorphisms in the 1000 Genomes Phase 3 version 5 release
are noted in (Table 7).
5.4.2.3.
Statistical Overview
For the candidate gene analysis univariable and multivariable Cox proportional hazards models
for age at pregnancy or siring of pregnancy (as defined for the primary aims) will be constructed.
First, we will assess each treatment and risk factor (including year of diagnosis, age at diagnosis,
treatments known to affect fertility, and cyclophosphamide dose) in a univariable model to assess
which factors are associated with fertility. Then, each allele will be assessed in an individual
multivariable model adjusting for the risk factors which were assessed to be important in the
univariable models. Model fit and assumptions will be assessed by analyzing Martingale and
Schoenfeld residuals. As each of two candidate SNP alleles will be analyzed separately,
significance criteria for each analysis will be 0.025 (Bonferroni adjustment).
5.4.3.

Primary Aims 3 and 4, Secondary Aims 5 and 6

5.4.3.1.
Boolean analysis
Boolean analysis is a simple mathematics of two values, i.e., high/low, 1/0, or positive/negative.
The gene expression levels are converted to Boolean values (high and low) using StepMiner
algorithm.29 First the expression values are sorted from low to high and a rising step function is
fitted to the series to identify the threshold. Boolean analysis is performed to determine
relationship between the expression levels of pairs of genes. For example, there are six possible
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types of relationships between the expression levels of two genes: two symmetric ones
(equivalent and opposite) and four asymmetric ones (low => low, high => low, low => high, high
=> high).30 These relationships are called Boolean implication relationships because they are
represented by logical implication (=>) formula. BooleanNet statistics is used to assess the
significance of the Boolean implication relationships.30
Boolean analysis utilizes an “if…then” statement based on gene expression profiles. A Boolean
relationship is essentially a logical statement that is either always true or false. An example of a
Boolean relationship is: if gene X is high, then gene Y is high. Boolean analysis differs from
correlations and associations between genes by offering a platform where asymmetric
relationships
can
be
discovered
in
addition
to
symmetric
ones.
https://www.frontiersin.org/files/Articles/25283/fphys-03-00276-HTML/image_m/fphys-03-00276g001.jpg
A specific Boolean relationship is called an invariant if all samples in a particular universe follow
them. We hope to establish Boolean invariants in a specific universe in the context of fertility. The
invariant is a stated relationship or variable that is constant. The invariants in a particular category
of samples provides a set of logical relationships in that universe.
One way we can use this relationship in biology is by looking at a path of gene differentiation in
an organism.22 In an example pathway, only gene X is present during the more immature stages
and only gene Y is present after maturation. In this case, if gene X is high, then gene Y is low and
vice versa along the pathway. Hypothetically, we could identify a gene that is high when gene X
is low but also high when gene Y is high. Based on this gene’s Boolean relationship, we can
characterize it as a gene that appears during the middle of the differentiation pathway. Using this
principle, we hope to filter gene candidates to test SNPs. Predictive SNPs in different pathways
would allow for more accurate estimations of the risk of gonadal damage and infertility in survivors
of pediatric cancer.
We have developed a method termed Mining Developmentally Regulated Genes (MiDReG) to
predict genes whose expression is either activated or repressed as precursor cells differentiate22.
MiDReG bases its predictions on Boolean implications mined from large-scale microarray
databases and requires two or more “end point” markers for a given developmental pathway. For
example, in studies of B cell development, we used two known genes KIT and CD19 that are
expressed early and late respectively during B cell development. MiDReG searched for genes X
that are expressed during development and satisfy the implications “KIT high => X low” and “CD19
high => X high”. There is a robust Boolean implication KIT high => CD19 low is observed in the
diverse collection of microarray dataset both in humans and mice. Genes that are expressed at
an intermediate step and remain high till the end are discovered by identifying genes with KIT
high => X low and CD19 high => X high Boolean implications. After comprehensive review of the
literature it was observed that 41 of these 62 predicted genes have been knocked out in mice and
26 of these (63%) exhibit defects in B cell function and differentiation. In addition, MiDReG
enabled the discovery of a new a branchpoint in B cell and T cell development31. MiDReG is a
general method that can be applied to any genes of interest. This proposal is based on application
of this tool to increase statistical power of GAWS study by focusing on relevant genes.
By applying the above computational technique of Boolean analysis to large, pre-existing,
publically available gene expression datasets (25,955 human; GSE119087 and 11,758 mouse;
GSE119085), we will identify genes associated with important molecular pathways within healthy
and cancerous tissues that could potentially affect fertility. We would apply these techniques to
identify three different sets of genes that would be important in the analysis:
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1.
Sets of genes associated with the normal development and function of ovaries, testes,
ova and sperm. Example seed genes for MiDReG analysis are SOX17 and WT1 for ovary, DDX4,
TPTE for testis and sperm.
2.
Sets of genes associated with the normal development and endocrine function of the
pituitary gland. Example seed genes for MiDReG analysis are OTX2, PITX1, PITX2, HESX1, and
TBX19.
3.
Sets of genes associated with the pharmacogenomics and pharmacodynamics of
chemotherapy.
We will search only the regions around the above identified genes to check if associations exist
between candidate SNPs/genes in the CCSS GWAS database and the clinical outcome variables
of interest:
1.
2.

Achieving pregnancy in long-term female survivors of pediatric cancer
Having sired a pregnancy in long-term male survivors of pediatric cancer
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6.
Examples of Specific Tables and Figures
Investigators are asked to provide examples of specific tables and figures that will illustrate
important relationships and that may or may not be part of the final manuscript.
Row Table 1. Exposures for Primary Aims
1
Total CCSS GWAS study participants
2
Total Row 1 participants not receiving Pelvic/Gonadal or Cranial
Radiation
3
Total Row 2 participants who have been pregnant ( have sired a
pregnancy)
4
Total Row 2 participants that didn’t have a pregnancy (or sired a
pregnancy)
5
Total Row 4 participants that died, or lost to follow-up, or
surgical sterility prior to age 45

Female
2,958
999

Male
2,781
1,325

659

717

340

608

14

70

Row
1
2
3
4

Table 2. Exposures of Secondary Aims
Female Male
Total GWAS study participants
2,958 2,781
Total Row 1 exposed to cyclophosphamide
1,119 1,139
Total Row 2 and not receiving Pelvic/Gonadal or Cranial Radiation
398
601
Total Row 3 participants who have been pregnant ( have sired a
265
308
pregnancy)
5
Total Row 3 participants that didn’t have a pregnancy (or sired a
133
293
pregnancy)
6
Total Row 5 participants that died, or lost to follow-up, or surgical
14
70
sterility prior to age 45
Table 1 and 2 will presumably be adapted into a figure 1 (Flow Chart) demonstrate the inclusion
process for this study. Similar table/figures will be created from the replication cohort
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Table 3.
Characteristic

Pregnant
(n=X)

No
Pregnant
(n=X)

Sired
Pregnancy
(n=x)

No
Pregnancy
Sired (n=X)

Median age at diagnosis of primary cancer,
years (range)
Age at original diagnosis, years, n (%)
<5
5-9
10-14
15-20
Median age at last follow-up, years (range)
Current age, years, n (%)
<20
20-29
30-39
>40
Race/ethnicity, n (%)
White, non-Hispanic
Black, non-Hispanic
Hispanic
Other
Primary Cancer Diagnosis, n (%)
Leukemia
CNS Tumor
Hodgkin Disease
Non-Hodgkin Lymphoma
Renal Tumors
Neuroblastoma
Soft Tissue Sarcoma
Bone Tumors
Cyclophosphamide exposure, n (%)
Median Cyclophosphamide Dose (range)
Cyclophosphamide Equivalent dose, n (%)
<1 mg/m2
1-3,999 mg/m2
4,000-7,999 mg/m2
8,000-11,999 mg/m2
≥12,000 mg/m2
Radiotherapy
None
Neck
Chest
Arms
Sterilizing Procedure
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Table 4. Multivariate Model
Women
Pregnant

No
Pregnant

Hazard
Ratio
(95%
CI)

P

Men
Sired
Pregnancy

No
Pregnancy
Sired

Hazard
Ratio
(95%
CI)

P

Cyclophosphamide
Equivalent dose, n
(%)
<1 mg/m2
1-3,999 mg/m2
4,000-7,999 mg/m2
8,000-11,999
mg/m2
≥12,000 mg/m2
Age at original
diagnosis, years, n
(%)
<5
5-9
10-14
15-20
GENE1 rs1234567
AA
GA
GG
GENE2 rs7654321
AA
GA
GG

Table 4 illustrates the presentation of a Multivariate Hazard Model taking into account variables
found to be significant in the Univariate analysis (in this case presuming Cyclophosphamide
Equivalent Dose and age at diagnosis)
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Table 5
Pregnant

Women
No
Pregnant

Hazard
Ratio
(95% CI)

P

Sired
Pregnancy

Men
No
Pregnancy
Sired

Hazard
Ratio
(95% CI)

P

Gene Environment Interaction (GXE)
GENE1 GXE
CED
<4,000
mg/m2 and
AA/GA
CED
<4,000
mg/m2 and
GG
CED
<4,000
mg/m2 and
AA/GA
CED
<4,000
mg/m2 and
GG
GENE2 GXE
CED
<4,000
mg/m2 and
AA/GA
CED
<4,000
mg/m2 and
GG
CED
<4,000
mg/m2 and
AA/GA
CED
<4,000
mg/m2 and
GG

Table 5 is an example of 2 genes with GXE that are statistically significant.
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Table 6. Minimum detectable hazard ratios for non-pregnancy at age 45,* subjects with vs
subjects without polymorphism, with power = 80% at specified Type I error rate and sample
size, and cumulative pregnancy outcome rates of 54% for males and 67% for females in the
GWAS cohort, and 51% for males and 67% for females in the candidate gene cohort.
Allele or SNP
GWAS analyses: significance
Candidate gene analyses:
prevalence (%)
criteria
significance criteria α = 0.025
α = 5x10-8
Males, N=1,325
Females,
Males, N=601
Females,
N=999
N=398
5%
3.5
4.3
2.5
3.4
10%
2.5
3.0
2.0
2.5
15%
2.2
2.5
1.8
2.1
22%#
2.0
2.2
1.6
1.9
25%
1.9
2.1
1.6
1.9
50%
1.7
1.9
1.5
1.7
77%&
1.8
2.0
1.6
1.8
Minimum detectable hazard ratio for two-sided log-rank test comparing subjects with and
without SNP or allele of interest at 80% power. Significance criteria for GWAS analyses will be
5x10-8. Significance criteria for candidate gene study will be controlled at a false discovery rate
of 0.025, here estimated with a Bonferroni correction for 2 tests. *No reported pregnancy or
siring of pregnancy, regardless of pregnancy outcome. Censoring rates were calculated
assuming 52% of the cohort is currently aged 31-45 years and has the same overall
pregnancy/siring rate as the analysis cohort; censored patients consist of subjects aged 31-45
with non-pregnancy plus the specified number of subjects who died, were lost to follow-up, or
underwent surgical sterility; #frequency of CYP2C9*2; &frequency of CYP3A4*1B
Table 6 for illustration of power calculation, unlikely to be included in a final manuscript
Table 7. Gene Frequency
Gene
Polymorphism
Variant/ Haplotype Frequency32
CYP2C19 *2 (rs12769205, rs4244285)
0.2212
CYP3A4
*1B (rs2740574)
0.7692
Table 7 for illustration of analytic approach, unlikely to be included in a final manuscript
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Example Figure of OR of Pregnancy or Siring a pregnancy based on genotype and CED in a
GXE. CED would be on the X-axis, Hazard Ratio on the T-axis. Separate plots would be
generated for male and female. As OR will be calculated for pregnancy (as opposed to not
pregnancy) the shape of the curve would be different than the one pictured above. Credit (Wang
X…Bhatia S., JCO. 2016)
7.

Special consideration

7.1.

Additional Information

7.1.1.
Quality Control for GWAS Data
We will perform seven quality control (QC) steps for the CCSS GWAS data. (1) Missingness. We
will exclude SNPs missing in at least 20% of the population. We will also exclude individuals with
>80% genotype missingness; (2) Sex discordance. We will check for sex discordance based on
the recorded data and the X chromosome homozygosity; (3) Minor allele frequency. We will only
include SNPs with MAF>0.05; (4) Hardy Weinberg Equilibrium (HWE). We will exclude markers
that deviate from HWE (P<1e-6); (5) Heterozygosity. We will remove individuals who deviate ±3
SD from the mean heterozygosity rate; (6) Relatedness. We will calculate identity by descent
(IBD) of all sample pairs and exclude highly possible duplicates or relatives (if PLINK pi-hat >0.20
between a pair, the sample with the highest sample missingness rate will be removed); (7)
Population structure. To maximize sample size, all individuals will be included in the analysis. If
there is evidence of population structure, assessed by QQ plots of SNP main effect p-values or a
genomic inflation factor>1.2, a second analysis will be tailored to European-ancestry individuals.
Namely, after excluding high-LD regions (e.g. HLA region on chromosome 6) and LD pruning, we
will perform principal components analysis to identify European and non-European ancestry
groups (compared to the 1000 genomes ancestry groups). To account for any residual population
structure, principal component analysis will be performed again without these individuals and the
top 10 principal components will be tested for association with time to pregnancy/ siring a
pregnancy and included as covariates if significant (p<0.05).
After conducting QC, we will perform imputation with the University of Michigan Imputation server
using the 1000 Genomes Phase 3 version 5 mixed haplotype panel.15 Post-imputation quality
control will exclude monomorphic, extremely rare (MAF < 5%) and low confidence (minimac
AvgCall <95%, Rsq <0.5) SNPs.
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7.1.2.
Limitations
This proposal is not without limitations. First, having been pregnant or siring a pregnancy does
not necessarily capture the true burden of infertility. CCSS data relies on patient self-reports of
pregnancy and pregnancies may go unnoticed in females, and siring a pregnancy as well as nonpaternity may occur in males. Additionally, CCSS data does not capture patient’s intent or desire
to become pregnant, use of contraceptives, or use of fertility techniques such as in vitro
fertilization. Additionally, we have chosen as an endpoint in this study pregnancy, and not livebirth and certain factors in survivors could conceivable play a role in miscarriage. However, we
have chosen to exclude patients with pelvic radiation, so such effects as uterine restriction from
radiation should be controlled for. Despite these limitations, we feel this proposal will add valuable
knowledge to our understanding of the ability of pediatric cancer survivors to become pregnant
and sire a pregnancy. We believe the study is sufficiently powered to detect clinically significant
genetic polymorphisms affecting pregnancy in long-term cancer survivors (Table 4). However, in
the event that polymorphisms do not reach the level of statistical significance for our primary aims
(α=5x10-8) we would discuss amending the protocol (with the CCSS Genetics Working Group)
considering a candidate gene approach for cyclophosphamide exposed patients at additional
enzymes known to be involved in cyclophosphamide metabolism (CYP2B6, CYP2C9, CYP2C19,
CYP3A4, CYP3A5, CYP2A6, CYP2C8, GSTA1, GSTAM1, GSTP1, GSH1, GSTT1).
7.2.
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