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Cardiovascular disease related mortality is a leading cause of death and costs $444 billion dollars annually. Since it
is a multifactorial disorder, the disease stems from a complex web of causes and it is difficult to pinpoint the
perpetrators. To add an additional layer of complexity, the causes seem to manifest themselves in men and women
differently since there is a 30% mortality rate in men, versus only 21% in women. One such cause is the underlying
gender-specific genetic risk factors; however, the regulatory mechanisms of these genetic factors are unknown.
Determining the underlying regulatory mechanisms of the gender-specific genetic factors could help diagnose and
treat, and even potentially prevent cardiovascular disease in the future. We thus utilize the Genotype-Tissue
Expression (GTEx) database and the Ensembl Genome database to obtain genomic data in order to be able to
produce cohorts for significantly differentially expressed genes and their respectively regulatory regions for males
and females. Then, we identified significant SNPs within the male and female gene and regulatory regions to be able
to compare the allele frequencies between the male and female cohorts. The discovery of these differentially
expressed SNPs in males and females can offer new targets for drug therapy, and can be used to generate a
framework for predicting new treatments, making more accurate diagnoses, and initiating preventive care based on
gender-specific expression.



1. Introduction

Cardiovascular disease related mortality is the leading cause of death and costs $444 billion dollars annually [9].
Since it is a multifactorial disorder, the disease stems from a complex web of causes and it is difficult to pinpoint the
perpetrators. To add an additional layer of complexity, the causes seem to manifest themselves in men and women
differently since there is a 30% mortality rate in men, versus only 21% in women even after taking lifestyle choices
into account [19].

According to a review by Regitz-Zagrosek in 2006, there is an abundance of research that shows that the treatment
and research of cardiovascular diseases are significantly influenced by a subject's sex and that sex differences should
be considered by clinical and research professionals when developing treatments and evaluating their efficacy [13].
Hypertrophic cardiomyopathy, an ailment that results in thickened myocardium of the heart, has been found to
manifest differently in men and women. In a paper by Olivotto et al., researchers found that "[women] with
HCMJhypertrophic cardiomyopathy] were under-represented, older, and more symptomatic than men, and showed
higher risk of progression to advanced heart failure or death," all of which are indicators and conditions that should
be taken into consideration during HCM diagnosis and treatment [12].

Even basic heart functions like cardiac rhythm are sex differentiated [13]. Ventricular repolarization in females,
specifically the rate-corrected QT (QTc) interval, is prolonged relative to males, a phenomenon that predisposes
women to a life-threatening condition known as “torsade des pontes” or TdP [1]. TdP, a form of ventricular
tachycardia initiated by a prolonged QT interval, is often drug-induced in women and has resulted in the removal of
several cardiac drugs from the market [1]. Additionally, different mutations in cardiac potassium ion channels
indicate lifetime cardiac events for individuals of different sexes. In a genetic study by Zareba et. al. in 2003,
researchers found that male children with a KCNQI potassium channel gene mutation (LQT1) exhibited a
significantly higher risk of cardiac events, whereas female adults with LQT1 and HERG potassium channel gene
mutations (LQT2) exhibited a significantly higher risk of cardiac events [10].

Considering the abundance of evidence that shows that sex is a significant factor in multiple heart disease risk
factors, we believe that an eQTL study of male and female SNPs can help elucidate genetic factors that contribute to
sex-specific cardiac diseases. We hope to utilize our findings to help guide potential drug development for future
research.

2. Methods

2.1 Identify Significantly Differentially Expressed Genes for Men and Women

First, we identified genes connected to heart tissue that were differentially expressed in men and women. The
expression data was procured from the Genotype-Tissue Expression (GTEx) database, and was already fully
processed, normalized, and filtered. The GTEx project is a project started by the Broad Institute of MIT and
Harvard, and aims to provide to the scientific community a resource with which to study human gene expression and
regulation and its relationship to genetic variation. This portal has a total of approximately 8000 samples taken from
450 donors.

The genes analyzed are eQTL genes, meaning that they have a significant cis-eQTL acting upon the gene. The gene
set analyzed in this section corresponded to the atrial appendage of the heart with 159 samples. We downloaded the
Heart Atrial Expression Data file and the Heart Atrial Covariate Data file from the GTEx website. Both of these
are readily available on the GTex Portal [8]. This is also provided in the files we have uploaded.

The gender of each de-identified patient was known from a separate covariates file. Several methods were used to
determine the significance of the differences in gene expression between males and females. First, a student’s t-test
was used to assess the significance for each gene. To control for false discovery rate, corresponding p-values for
each set of genes were converted into g-values. A g-value with a significance below 0.05 was considered statistically
significant. In addition, non-parametric tests such as the Mann-Whitney test were used to assess the significance for
each gene, avoiding the assumption made in the student’s t-test that expression levels for a gene follow a normal
distribution. Again, corresponding p-values were corrected to g-values before determination of statistical
significance. The intersection of the sets of genes determined as significantly differentially expressed by these
separate techniques was deemed as truly differentially expressed.



The data used within this section differed from that used in the subsequent analysis because the gene expression of
some tissue samples was quantified but not the specific genotypes of their eQTLs.

2.2 Map Significantly Differentially Expressed Genes to Regulatory Regions
We mapped the differentially expressed eQTL genes attained in the previous section for each gene set to specific
regulatory regions upstream of these genes.

We looked to the Ensembl genome browser for information on which regulatory regions mapped to each of our
differentially expressed genes. Ensembl contains a page with a table of regulatory region information for each gene
in the human genome. We made a Python script to iteratively download the HTML document of this table for each
of of our differentially expressed genes. We then found a Python library called Beautiful Soup that pulls data out of
HTML files using an HTML parser, and we used this tool to find all elements in the table necessary for producing
an effective mapping of differentially expressed gene to its upstream regulatory regions, namely: Ensembl stable
id’s for all regulatory regions associated with the queried gene, the chromosome on which each regulatory region
resides, and each regulatory region’s start and end location on that chromosome.

In this way, we procured every regulatory region for all differentially expressed eQTL genes from the previous
section that had this specific regulatory region table element in Ensembl. We arranged the data into the bed file
format that could easily be used in conjunction with SNP location information in the next section to map SNPs in
the regulatory regions to each differentially expressed eQTL.

2.3 Use eQTL Data to Find Significant SNPs correlated with Heart Tissue Genes

With information about the regulatory regions of the differentially expressed genes, we needed to find SNPs within
these regulatory regions that are correlated with heart tissue genes. Specifically, we wanted to find SNP-eQTL gene
relationships which significantly showed that a change in genotype of the SNP would cause a change in eQTL gene
expression.

First, we used the same gene expression data as section 2.1 from the GTEx website. Again, the samples we used in
this project are atrial heart samples (78 samples). In addition, we required the chromosome locations of the eQTL
genes. Gene location data was taken from GENCODE, [7]. We downloaded the “Comprehensive Annotation” in
GTF format. The gene location data was in a bed file format, with gene (ENSGXXXXXXXXXXXX) and start and
end positions.

The last file we needed was not publicly available on the GTex Portal due to sensitive information. It is the variant
calling file (VCF), which gives the phased haplotype information for all 450 donors. We gained access to this file,
through a lab (that Warren and Maheetha work in). Overall, the VCF file for GTex data had approximately
11,000,000 heterozygous variants across all donors.

We used the R package, “MatrixeQTL,” to compare the VCFs of SNPs to our gene expression data, accounting for
confounding variables listed in the covariates file [17]. For each SNP and gene, MatrixeQTL creates a linear
regression model with gene expression as the response variable and multiple covariates and the genotype as the
explanatory variables. The genotype is defined quantitatively as the number of recessive alleles (as further
explicated in step 1 of the code flow portion.).

expression = o + Y, B, covariate, + - genotype_additive [16]

Expression = level of gene expression o = intercept-term K = number of covariate variables
B,= linear coefficient of kth covariate covariate,= value of kth covariate variable
v = linear coefficient of genotype additive Genotype_additive = number of recessive alleles

After fitting each SNP to the linear model, a t-test with a significance threshold of 0.01 for the g-value was used to
determine whether the genotype of a SNP is significantly correlated to a difference in gene expression. We kept
SNPs that had at least one significant relationship with a eQTL gene, and removed the other SNPs from downstream



analysis. In addition, we separated the analyses for males and females based on the assumption that the genotype of
these SNPS may regulate gene expression in different ways.

The code flow of this portion of the methods has been uploaded. It comes in four parts:

1. Separating the VCF file into parsable portions that can then be modified to represent haplotype information.
At first, the giant VCF file was separated into smaller 50000 lined VCF files. Then a directory was made
for each of the smaller VCF files, which were then copied into their respective directories and separated
into 1000 line VCF files. For each VCF file, “0|0” which indicated the homozygous reference was
converted to 0, “0|1” or “1|0” which indicated heterozygous was converted to 1, and “1|1” which indicated
homozygous recessive was converted to 2. Any SNP that was marked “.|.” suggested that you couldn’t
confirm the genotype. These were converted to “NA”. SNPs that didn’t code “PASS” were not included in
the analysis.

2. The VCF files were also copied and manipulated to show the frequency of the major allele for each
individual. Individuals for “.|.” had negative numbers, so they could be easily filtered out. Each line from
the VCF was taken, modified, and output with the SNP ID name. This was later used for the chisq test.
Thus each directory ended up having the same number of individual SNP_vcf files as in the smaller VCF
file.

3.  Running MatrixeQTL on each of the individual smaller 1000-line VCF files. The data was first separated
into male and female samples and MatrixeQTL was run separately for each gender. The output was a
significant SNP-Gene correlation file for females and males separately. Due to the large number of SNPs,
correction of the p-value by conversion to g-value was used to control for false discovery rate.

This portion of the program involved incredible parallelization of parts due to the large size of the VCF files and the
computational complexity of the data cleaning.

2.4 Mapping SNPs to Regulatory Regions from Ensembl

We then mapped each of our significant SNPs from section 2.3 to their corresponding regulatory regions. Any
significant SNP that was not in one of the regulatory regions from section 2.2 was removed from downstream
analysis. This was done by intersecting the gene regulatory bed file from section 2.2 with the eQTL-SNP files from
section 2.3 using the bedtools intersectBed method.

2.5 Constructing the ChiSq Analysis for SNPs to Detect Difference Between Genders

We took the intersection of significant SNPs found in Section 2.4 and queried for their corresponding VCF files
within our file system. The VCF files, created by splitting up the larger VCF as detailed in part 2.3, provides the
copy number information for each sample for each SNP. These SNP VCF files are separated by gender, meaning
that we had to query independent files for men and women.

We used the copy numbers from each SNP VCF query to calculate the genotypic and allelic frequencies for both
males and females. We calculated genotypic frequency by pulling out copy number counts for one of three different
ranges: 0 to 0.5 (aa), 0.5 to 1.5 (aA or Aa) and 1.5 to 2.0 (AA). We calculated the allelic frequency based on copy
number counts that were either over (dominant) or under (recessive). Given the different frequency values, we
conducted a chi-squared test for each significant SNP using both genotype and allele as the first categorical variable
and gender as the second.

3. Results

3.1 Specific Aim 1: Build Gene Cohorts for Significantly Expressed Male and Female Genes

After conducting the student’s t test and the non-parametric Mann-Whitney test on the eQTL genes for patient atrial
appendage samples, correcting for false discovery rate and filtering for significant p- and g-values, and taking the
intersection of the parametric and non-parametric test, we ended up with 214 significantly differentially expressed
genes for males and females for this tissue type.



3.2 Specific Aim 2: Map Significant Genes to their Respective Regulatory Region
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Figure 2. Gene-to-Regulatory Region Mapping

3.3 Specific Aim 3: Determine Significant Gene-SNPs Relationships in Gender Cohorts

We fit a linear model for each eQTL gene- regulatory region SNP to test whether the SNP genotype significantly
affects gene expression. Because of the relatively small sample sizes (78 samples), only 10 of the 36 covariate
variables, in addition to genotype, were included in the model. If we were to use all 36 covariate variables, the risk
of overfitting to the experimental data would have been higher, given the small sample size.

The Variant Calling File had a total of 11,000,000 SNPs across all sample-types. After running Matrix eQTL to fit
each gene- SNP relationship, and finding those relationships that were significant at a p-value of 0.01, there were 3
million SNPs that had at least one significant relationship with a cardiac atrial appendage gene in females. On the
other hand, there were approximately 6 millions SNPs that had at least one significant relationship with a cardiac
atrial appendage gene in females.

After finding only the SNPs that were within the regulatory regions of part 2.2, and adding information about which
regulatory region each SNP resides in, we had approximately 3000 SNPs each for males and females each that were
significant at a p-value of 0.01. Stated previously, we had separate files for males and females in order to compare
how many SNPs significantly affected gene expression and thus a cardiac event between genders. This was based on
the assumption that the genotype of these SNPS may regulate gene expression in different ways between genders.

3.2 Specific Aim 4: Identify Significant SNPs in Regulatory Regions for Gender Cohorts
After conducting the chi-square test, we came up with 30 significant SNPs in males and 18 significant SNPs in
females. We had fewer cardiac related SNPs in the female cohort than we did in the male cohort.

Gene Name SNP(s) Genotypic p-value Allelic p-value Associated Phenotype(s)
KCTDI18 2 201353083 0.002588617 0.002161047 | Blood Pressure
GDF15 19 17968392 0.008377695 0.00518551 Coronary Artery Disease

KDM6B 17_7882428 0.029116715 0.013003546 | Height




ASB7 15101459177 0.021311258 0.016031315 | Coronary Heart Disease

ANO6 12 45235884 0.019381276 0.020107537 | Blood Coagulation, Carotid,
Artery Diseases

**BCAN 1 156752857 0.03032453 0.029325072 | Arteries, Stroke

*ADCYAPI1 18 492998 0.03075287 0.01237411 | Cholesterol

COBLLI1 2 164535875 0.048683799 0.034192055 | Stroke

Figure 3. Significant SNPs in Males and Females

Figure 3 shows the major SNPs that came up in males versus females. Only 1 SNP appeared in both. No star
indicates that the SNP was only found to be significant in the male cohort. One star indicates that the SNP was
found to be significant only in the female cohort. Two stars indicate that it was found significantly associated in both
female and males.

We plotted the distribution of chisq p-values with respect to location on the genome for the genotypic and allelic
differences in male and female SNPs based on the SNP VCF files. These two plots represent the distribution of
different significant SNPs. Overall, for males, more SNPs come up as significant in the 5-11 chromosome region,
compared to a dip in the same location for females. Here we see a clear difference in gene regulation between males
and females. The male and female chi-square tests for alleles are shown in Figures 4A and 5A, and chisq tests for
genotypes are shown in Figures 4B and 5B.

4. Discussion/Future Directions/Conclusion

The results above indicate that there are certain SNPs that have significant differences in genotype between genders
and can significantly affect eQTL gene expression levels. In Specific Aim 1, we acknowledge that there are ecQTL
heart genes that are differentially expressed between men and women. In Specific Aim 2 and 3, we pinpoint those
SNPs located in regulatory regions that significantly change the gene expression levels of the differentially
expressed eQTL heart genes. In Specific Aim 4, we pinpoint from the resulting set of SNPs, the SNPs that had
significantly different allelic frequencies or genotypic frequencies between males and females.

At the end of the analysis, there were more significant SNPs associated with eQTL heart genes in males than in
females. This may be important in discovering why males may still be more susceptible to heart disease, even after
accounting for lifestyle differences [19]. ¢QTL heart gene underexpression or overexpression due to these varying
genotypes in these SNPs may lead to an increased risk of cardiac events. That males inherently have more of these
significant SNPs may signify that heart eQTL gene expression levels are more likely to be imbalanced, leading to
this increased risk.

However, we had some causes of concerns in our results derived from our methods. In specific aim 3, we found an
extreme number of SNPs that had at least one significant relationship with a eQTL heart gene (3 million SNPs for
females, 6 million for males). Given that the number of total SNPs in the human genome is 11 million, these
numbers seem highly unlikely. We may not have properly accounted for multiple hypothesis testing, and many of
SNP-gene relationships may have been falsely discovered, allowing these SNPs to be considered as significant.
However, the reduction from 3 million to 3000 SNPs after intersection with the true regulatory regions of the eQTL
genes have helped remove these false positives.

In addition, the chi-square analysis on the different genotype and allelic frequencies between males and females may
not hold up. There does not seem to be a known biological mechanism that accounts for genotype frequencies of
SNPs on autosomal chromosomes to significantly differ between males and females. The allelic and genotypic
gender imbalances as shown in the results of Specific Aim 4 may be a result of false discovery from multiple



hypothesis testing. Further analyses on the obtained p-values and scrutinization of our p-value correction methods
may be necessary. However, it may still be possible that even with no actual significant difference in the genotypic
frequencies of SNPs between genders, different epigenetic patterns such as methylation between genders coupled
with differences in SNP genotypes within a population as a whole may account for differential gene expression
between genders.

In the end, we have provided a preliminary pipeline for the analysis of differential gene expression between genders
and its relationship with SNPs on regulatory regions. The pipeline we have used for eQTL heart genes may be used
for genes of other tissue types. It may also be interesting to see whether this differential gene expression may
necessitate different medication protocols between men and women. It would be very exciting to see to what new
conclusions we can find with this new form of analysis.
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