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Abstract

Cancer research is essential in improving cancer prevention, detection, and
treatment. The analysis of cancer genomes helps uncover gene abnormalities
that cause the emergence and spread of many types of cancer. While many
studies have investigated various landscapes of cancer, the role of inherited
genetic mutations is primarily unexplored. In this work, we studied the genetic
variations affecting metabolic pathways in cancer from the SNP-level, gene-
level, and pathway-level aspects. First, we identified the significant SNPs
and genes associated with metabolic traits. Then we introduced A-LAVA to
perform gene set analysis and detect the most significant gene sets associated
with the target traits. A-LAVA is a competitive gene set analysis approach
that resolves the bias resulting from overlapping gene sets, as a potential
confounding effect, in addition to other standard corrections performed in
current methods. We also showed that accounting for the shared genes present
in the gene sets is essential for any gene set analysis approach when there is
an overlap between gene sets, as it remarkably affects the results.
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1 Introduction

Cancer is one of the main causes of death in the world [5], and the prevention,
detection, and treatment of cancer can all be improved via cancer research [51].
Through cancer research, we understand the basic mechanisms underlying the
start, growth, and spread of cancer in the body, and can produce more precise,
effective therapies and preventative measures [41].

The analysis of cancer genomes has uncovered gene abnormalities that
cause the emergence and spread of many types of cancer [47]. As a result of
this knowledge, we now have a better understanding of how cancer develops
biologically and how it may be treated [33, 51]. Identifying cancer-causing
genetic mutations can be essential to diagnosis, as particular mutations sig-
nal that cancer is more likely to become resistant to treatment. In addition,
some genetic mutations can significantly alter treatment choices, even if those
treatments do not directly target the mutation. For example, a mutation in
the TP53 gene means that cancer probably will not respond to chemoim-
munotherapy in chronic lymphocytic leukemia [35]. As a result, research on
cancer genomes also advances precision medicine and can offer patients a more
accurate diagnosis and, consequently, a more personalized treatment plan.

One of the first fields of study in cancer biology is cancer metabolism.
This field is based on the idea that, compared to healthy cells, cancer cells
exhibit altered metabolic processes that contribute to developing and main-
taining malignant characteristics [11]. Many other studies focused on how
changes in cell metabolism promote cancer cell survival and growth in various
cancer types [50, 31, 4, 23] or found metabolic genes and processes consistently
changed in cancer cells across tumor types [42]. From a therapeutic stand-
point, focusing on the metabolic variations between tumor and normal cells
shows promise as a novel anticancer therapy [50, 30]. For example, some re-
searchers studied the metabolic aspects of response to the immune checkpoint
blockade therapy (ICB) [13].

While several studies, as described, have examined the metabolic land-
scape of cancer and found mutations in cancer cells, the underlying germline
(inherited) determinants affecting metabolic pathways are still mainly unex-
plored [17]. Although some studies targeted the effect of germline variants
in cancer [16, 27], they mainly investigated these effects on other phenotypes
such as immune-related traits [43, 44]. As a result, germline variants and their
impact on the interaction of metabolic genes as networks remain primarily un-
known.

Genome-wide association study (GWAS) has become an important means
to find disease or trait-related mutation sites [55]. Such studies are bene-
ficial in finding genetic variations that contribute to common, complex dis-
eases, such as cancer, and also lay the groundwork for the era of personalized
medicine. In order to study the inherited genetic mutations associated with
metabolic-related traits, we adopted a GWAS approach to find the relevant
germline variations for the metabolic traits. We used The Cancer Genome
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Atlas (TCGA) [53] data sets to perform the GWAS study. TCGA RNA se-
quencing (RNA-Seq) data shows the gene expressions for each sample. In
order to study the metabolic pathways, we organized the individual gene ex-
pressions into biologically meaningful networks and looked at overall gene set
enrichment scores as the metabolic targets.

Gene set analysis (GSA) methods combine association signals from differ-
ent genes within the same gene set and select association signals from GWAS,
providing us with a deeper understanding of the molecular mechanisms [52].
For the pathway-level analysis, we looked at MAGMA (Multi-marker Analysis
of GenoMic Annotation) [8], a commonly used gene set analysis tool to de-
termine which gene sets have the most significant associations with metabolic
traits. Gene length, gene density, and overlapping gene sets are among the
sources of bias often present in approaches to gene set analysis. Although
MAGMA corrects for some of these effects, such as gene length and density,
it does not consider the potential confounding effect of overlapping gene sets
which leaves a source of bias in the analysis. Gene sets with no relevance to
the phenotype of interest, which overlap with a relevant gene set, can result
in a confounded association [10].

Therefore, we developed a method, A-LAVA, which improved the model
used in MAGMA by correcting for the shared genes between the pre-defined
gene sets and sorting out this potential bias in addition to other sources of
bias, such as gene length and density. A-LAVA creates a more reliable pipeline
that ranks the gene sets while modifying the p-values and β values compared
to MAGMA. While MAGMA provides the option of performing a post hoc
interaction test between pairs of gene sets [10], A-LAVA initially corrects for
the present interactions of all gene sets simultaneously with no condition on
the number of shared genes between various gene sets. Because the revised p-
values after correcting for these shared genes show a significant shift compared
to initial p-values in MAGMA, this results in fewer or more gene sets passing
the significance threshold and notably changing the ranking order of identified
associated gene sets. As there is a substantial difference in the list of significant
gene sets and their corresponding p-values and β when using A-LAVA, it is
crucial to consider correcting for overlapping gene sets when the gene sets have
some genes in common.

We calculated the enrichment scores of KEGG (Kyoto Encyclopedia of
Genes and Genomes) [22] pre-defined gene sets, thus, obtaining the desired
target phenotypes. We conducted a GWAS study and tested the association
of germline variants with 65 KEGG-based metabolic traits in a pan-cancer
analysis of 27 TCGA cancer cohorts comprised of European, African, Native
American, and Asian populations. We also provided insight into how these
variants interact through genes or genes network, identifying associated genes
and pathways with the metabolic traits.

We detected 71 significant SNPs (Single Nucleotide Polymorphisms) and 20
independent loci across 22 autosomal (non-sex) chromosomes for ten metabolic
traits in the European ancestry. Also, the most significant SNPs detected
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belonged to four metabolic traits of glutathione metabolism, drug metabolism
Cytochrome P450, metabolism of xenobiotics by Cytochrome P450, and alpha-
linolenic acid metabolism. The results of the SNP-level analysis for African,
Asian, and Native American population groups were extreme (Figures 22, 26
and 26), detecting an excessive number of significant SNPs because of the
small number of available samples. For the gene-level analysis, the identified
SNPs were mapped to 19 unique candidate genes and 30 unique suggestive
genes. Out of 49 overall identified genes, 18 were metabolic genes, with the
variants of the human µ type glutathione S-transferase (GSTs) super-family
members (GSTM1, GSTM2, GSTM3, GSTM4, and GSTM5 ) being the most
significant and frequent metabolic genes. For the pathway-level analysis, the
top gene sets have been identified for all metabolic traits using A-LAVA. We
found a total of 201 significant pathways associated with 65 metabolic traits.
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2 Methods

2.1 Preliminaries

A comprehensive collection of DNA-encoded nucleic acid sequences for humans
makes up the human genome. The four nucleotides that compose DNA are
adenine (A), thymine (T), guanine (G), and cytosine (C). The nucleotides
join (A with T and G with C) to produce base pairs, which are chemical
bonds that connect the two DNA strands. One of two or more DNA sequence
variations at a specific genomic location is called an allele. For any given
genomic site where such variation exists, an individual inherits two alleles,
one from each parent. An individual is homozygous for an allele if the two
alleles are identical. Heterozygous means the person has two different alleles.

A mutation is a variation in DNA base pairs caused due to insertion,
deletion, duplication, or substitution of base pairs. A single nucleotide poly-
morphism or SNP variation is seen only in a single nucleotide. It occurs when
a single nucleotide in the genome sequence is altered. Mutations are either
germline or somatic. Germline variations are changes to the DNA inherited
from the egg and sperm cells during conception and can be passed from par-
ents and are, therefore, hereditary. In contrast, somatic mutations are changes
to your DNA after birth to cells other than the egg and sperm.

A GWAS identifies genetic variants associated with a particular disease
or trait. This method studies the entire set of DNA (the genome) of a large
group of people, searching for single nucleotide polymorphisms or SNPs that
are possible genetic reasons for the disease or a trait of interest. A metabolic
pathway, the target trait for GWAS in the current study, is a series of gene-gene
interactions that cause the synthesis or modification of a specific component
of the vital system necessary for the proper operation of a biological system.

2.2 Overview

We performed a genome-wide association study to identify the inherited SNPs
that might impact human metabolic traits. We started with TCGA [53]
germline variants and imputed them to access all SNPs. We then clustered
the samples from similar ethnic groups to minimize confounding genetic vari-
ations. After performing multiple quality control filters, such as MAF (Minor
Allele Frequency) and heterozygosity for each ancestry, we selected unrelated
individuals for further analysis. To prepare the metabolic target traits, we
used TCGA RNA-Seq data and included pathway enrichment scores in the
association analysis [29].

In the following sections, we will extensively explain all steps mentioned
above. We will also discuss the post-GWAS steps taken toward identifying the
top SNPs, genes, and the most affected pathways due to the existing variants.
As for the last step, we used our novel gene set analysis method, A-LAVA, to
rank the metabolic networks from the most to the least affected pathways. We
improved the accuracy and reliability of results by correcting for the shared
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genes between different gene sets. See Figure 1 for an overview of all steps.

2.3 Genotype data

The Cancer Genome Atlas (TCGA) initial dataset comprises over 11,000 pa-
tients with 33 cancer types. The Genomic Data Commons (GDC) legacy
archive contains germline data for 11,440 samples from 10,776 unique partic-
ipants. For the current study, we downloaded TCGA QC stranded genotype
data dosage files from the GDC archive deposited by Sayaman et al. [43]
(https://gdc.cancer.gov). Some initial quality control steps had been per-
formed on the genotypes before stranding: SNPs and individuals with greater
than 5% missingness were excluded, samples with heterozygosity of 3 stan-
dard deviations above each initial PCA-based ancestry cluster mean, and all
palindromic SNPs (A/T or G/C) were also removed [43].

2.4 Stranding and reference panel imputation

Genotype imputation is an essential tool in the analysis of genome-wide associ-
ation studies [19]. The technique allows researchers to accurately evaluate the
evidence for association at genetic markers that are not directly genotyped by
inferring unobserved genotypes in a sample of individuals. Genotype imputa-
tion enhances the power of genome-wide association scans and is particularly
useful for combining the association scan results across studies that rely on
different genotyping platforms.

Before imputation, we performed haplotype phasing. Phasing involves
separating maternally and paternally inherited copies of each chromosome
into haplotypes to get a complete picture of genetic variation. An organism’s
haplotype is a collection of genes inherited from a single parent, describing cells
with only one set of chromosomes. Using known haplotypes in a population,
imputation infers experimentally untyped genetic variants and provides a high-
resolution overview of an association signal across a locus which increases the
number of markers available for association testing [37].

Hence we performed phasing and imputation to include all SNPs (measured
and unmeasured) in our analysis. The downloaded genotype files, including
10,128 samples and 680,389 variants, were imputed against the Haplotype
Reference Consortium (HRC) (Loh et al.) [26] reference data. Phasing and
imputation were performed using a standard pipeline on the Michigan Impu-
tation Server (MIS) [7]. Phasing was performed using Eagle version v2.4 (Loh
et al. [26]) on the variant call file (VCF). The VCF file was divided into 22 files
corresponding to 22 individual autosomal (non-sex) chromosomes to speed up
the imputation process. By default, Eagle restricts analysis to variants with
only two possible alleles (bi-allelic) in both the target and reference data. Min-
imac4 [15, 7] was used to run the imputation. For each of the 22 VCF files,
the MIS breaks the dataset into non-overlapping chunks before imputation.
For HRC imputation, the HRC r1.1.2016 reference panel was selected using
a mixed population for quality control, with 29,526,349 SNPs returned after
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Figure 1: Overview of the discovery approach
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Figure 2: The scatter plots show the PAM-based population stratification on the first three principal
components [43]. The European ancestry in blue constitutes the majority of the TCGA samples.

imputation. We only kept high-quality SNPs and removed variants with an
Imputation quality score (R2) lower than 0.5. The final imputed dosage VCF
files data were reformatted for PLINK 1.9 [39], and their IDs were mapped to
TCGA patient IDs.

Before moving to the following steps, we re-checked for duplicate samples
and missingness (data missing from SNPs or samples). No duplicate samples
or SNPs and individuals with greater than 5% missingness were present.

2.5 Population stratification

Population stratification arises when different proportions of cases are sampled
from genetically diverse underlying populations, thus causing any associations
due to sampling differences rather than the disease of interest.

We used the ancestry clusters found in Sayaman et al. [43] for the an-
cestry calls (Figure 2). The four genetic ancestry groups were derived using
optimal partition around medoids (PAM) clustering of samples in principal
components 1-3 based on their genotyping data. The optimal clusters show
high concordance with TCGA self-reported race, with cluster 1 representing
Europeans (8,337 samples), cluster 2 representing Asians (633 samples), clus-
ter 3 representing Africans (928 samples), and cluster 4 representing Native
Americans (228 samples).

2.6 Final quality control on samples and genotypes

2.6.1 Minor Allele Frequency

Minor Allele Frequency (MAF) is the frequency at which the second most
common allele occurs at a genetic locus in a population. Variants with very
low MAF have low heterozygosity and are, therefore, less informative. As
a result, we calculated the Minor Allele Frequency for each population and
removed all SNPs with MAF < 0.005.
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2.6.2 Linkage Disequilibrium Pruning

This genetic linkage is expressed as Linkage Disequilibrium (LD), a measure
of the correlation between any two alleles. LD is usually expressed as r2,
which is calculated using a formula that takes into account the frequency at
which the alleles are found together on a single chromosome. An r2 value of
1 indicates that the alleles are entirely correlated. That is, they are always
inherited together. In comparison, an r2 value of 0 indicates that the alleles
are in linkage equilibrium, inherited independently of each other.

First, we performed pruning to remove highly correlated SNPs with a
window size of 200 variants, sliding across the genome with a step size of 50
variants at a time, and filtered out any SNPs with LD (pairwise r2) higher
than 0.25.

2.6.3 Heterozygosity

Individuals with extremely high or low heterozygosity may have DNA con-
tamination or have experienced extensive inbreeding. As a result, samples
with extreme heterozygosity are typically eliminated before further analysis.
For each ancestry cluster, we estimated the heterozygosity means and stan-
dard deviations. We removed samples with heterozygosity more than three
standard deviations (SD) units above the mean for each ancestry cluster.

2.6.4 Identity by descent

Closely related individuals in the target data may lead to overfitted results,
limiting the generalisability of the results. We excluded one member of each
pair of samples with observed genomic relatedness (first or second-degree rel-
atives, Identity By Descent (IBD), π̄ > 0.125) from the analysis using PLINK
1.9 [39].

Out of 29,526,349 SNPs retrieved after imputation, 8,579,009 SNPs and
8,155 unrelated European individuals remained after applying imputation
quality and other quality control filters. The remaining SNPs include about
68% of the initially typed genotypes. Regarding other racial and ethnic group-
ings, 15,571,100 variations for 909 unrelated Africans, 7,358,496 for 610 un-
related Asians, and 9,570,879 for 221 unrelated Native Americans passed the
abovementioned filters and were therefore included in the subsequent associa-
tion analysis.

2.7 Preparing covariates

Covariates are independent variables that can influence the outcome of a given
statistical trial. As a result, to account for the effect of covariates such as
age, sex, cancer type, and top principle components, we include them in our
association analysis.
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2.7.1 Principal Components (PCs)

The top principal components in the genomic dataset reflect the overall pop-
ulation structure. To determine how many PCs should be maintained, it is
common to use a predetermined percentage of the total variance explained [21].
Explained variance ratio is the percentage of variance attributed by each of
the selected components and can be obtained by dividing the eigenvalue of
each component by the sum of all eigenvalues.

The top components should account for at least 90% of the variation to
be included as covariates in the analysis. We selected the first nine PCs that
explained the expected minimum variance for the current study.

Within a multi-ancestry cohort, PCs should be calculated separately for
each significant population group and added as covariates to the regression
model [37]. As a result, we computed PCs for each population group. By
having the first nine PCs as covariates in our association analysis, we account
for the population structure within each ancestry.

2.7.2 Sex

To account for samples that have male or female gender, we included sex
as another covariate. We used sex data from TCGA-Clinical Data Resource
(CDR).

2.7.3 Age

The age information was also obtained from TCGA-Clinical Data Resource
(CDR) and was standardized to fall between -1 and 1.

2.7.4 Cancer types

Regarding the cancer types, we excluded the patients with cancer cohorts
smaller than 100 cases as excluding smaller cohorts increases the stability of
our statistical model. With this threshold, ACC (Adrenocortical carcinoma),
CHOL (Cholangiocarcinoma), DLBC (Lymphoid Neoplasm Diffuse Large B-
cell Lymphoma), MESO (Mesothelioma), UCS (Uterine Carcinosarcoma) and
UVM (Uveal Melanoma) were removed, leaving 27 cancer types in the study.
We encoded each cancer type as 1 for patients within that cohort and 2 for
patients out of the cohort (See Figure 31 in Appendix for the list of included
cancer types).

As the final step, we merged all mentioned covariates and reformatted for
PLINK 2 [6].

2.8 Metabolic pathways as target traits

Data from TCGA RNA sequencing (RNA-Seq) can shed light on the tran-
scriptome of a cell and identify which genes are activated and what their level
of transcription is. To measure the metabolic traits for the association study,
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we analyzed the RNA-Seq data to determine the enrichment level of desired
pre-defined gene networks. Using single-sample Gene Set Enrichment Analy-
sis or ssGSEA, we obtained the enrichment score for each metabolic pathway
and included them as target phenotypes in GWAS to explore the underlying
germline variants associated with these pathways.

For this purpose, we downloaded TCGA patients’ RNA-seq expression
data, including 20,531 genes and about 11,000 samples, from the NIH Ge-
nomics Data Commons archive 1. Using ssGSEA method from R GSVA pack-
age [18], gene set enrichment scores were calculated for each sample by setting
a reference gene set collection annotation (c2BroadSets) in R 4.2.1 [48]. We
then filtered the scores for 65 present KEGG metabolic pathways (gene sets).
The list of KEGG metabolic pathways used in the association analysis and
their corresponding average enrichment scores across all samples are shown
in Figure 21 in Appendix. Final gene set enrichment scores per sample were
reformatted for PLINK 2 [6] and were later used as target metabolic traits for
the association analysis.

2.9 SNP-level association analysis

The association analysis was performed for every SNP, with every sample
being a data point across 65 metabolic traits using PLINK 2 [6]. If we assume
the allele coding for each individual as 0 for the homozygous genotype of the
first allele, 1 for the heterozygote, and 2 for the homozygous genotype for the
other allele, the linear regression model tries to fit a line that best predicts
the relationship between the number of alleles and the phenotype or trait. If
an association is present, the regression line would have some measure of the
slope rather than zero. For each SNP, the p-value and slope of the regression
(also known as the effect size) were recorded using PLINK 2 [6].

For every SNP, the linear regression for a quantitative trait (each metabolic
trait) is:

y = GβG +XβX + ε (1)

where y is the trait vector, G as the genotype matrix, X as the covariate
matrix, and ε as the error term (subject to least-squares minimization).

We also calculated the genome-wide inflation coefficient (lambda) for each
GWAS. We used the Bonferroni corrected [54] p < 5.8 × 10−9 as a cutoff for
genome-wide significance in the European population and p < 1 × 10−6 to
denote suggestive loci [43]. We also used the Bonferroni corrected p-values
of p < 5.2 × 10−9, p < 3.2 × 10−9 and p < 6.8 × 10−9 as the genome-wide
significance threshold for Native American, African and Asian ethnic groups,
respectively. SNPs were labeled with rs identifiers (rsID) using dbSNP [46]
release 153 in the hg19 genomic assembly version. Variant annotations for all
genome-wide and suggestive SNPs were determined using the web interface of
the Ensembl Variant Effect Predictor [32] (VEP 2). All annotations were based

1https://gdc.cancer.gov/about-data/publications/pancanatlas
2https://grch37.ensembl.org/info/docs/tools/vep/index.html
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on Homo sapiens (human) genome assembly GRCh37 (hg19) from Genome
Reference Consortium.

2.9.1 Multiple testing correction

Multiple testing corrections adjust p-values derived from various statistical
tests to correct for the occurrence of false positives. In the association analysis,
false positives are SNPs or genes found to be statistically significant when they
are not truly significant. Multiple testing correction adjusts the individual p-
value for each SNP or gene to keep the overall error rate (or false discovery
rate (FDR)) to less than or equal to a p-value cut-off or error rate of interest.
In this study, we only kept the significant SNPs with a FDR(BH) [3] p < 0.05
for further analysis, such as clumping.

2.9.2 Clumping in GWAS

Clumping in PLINK 1.9 prunes redundant correlated effects caused by linkage
disequilibrium between variants. Clumping selects the most significant variant
iteratively, computes the correlation between this index variant and nearby
variants within some genetic distance, and removes all the nearby variants
that are correlated with this index variant beyond a particular p-value [45].
It also uses a greedy algorithm so that each SNP will only appear in a single
clump.

After the genome-wide association study, we performed clumping for all
the traits using PLINK to narrow down the list of SNPs in each locus to only
one SNP, which is more likely the causal variant.

2.10 Gene-level analysis

To identify the genes associated with metabolic traits, we used gene analysis in
MAGMA. All SNPs were mapped to 18,114 genes using the European reference
data, SNPs positions, and p-values. The resulting genes were given a gene-level
p-value, and the number of SNPs within each gene was reported. Candidate
genes were filtered with the p-value threshold of 2.8 × 10−6 after Bonferroni
correction [54] for 18,114 autosomal genes. We also used the threshold of
2.9 × 10−5 to filter the suggestive genes [44]. We then mapped genes Entrez
ids [28] to their HGNC (The HUGO Gene Nomenclature Committee) [38]
symbols using the R biomaRt package [14] (homo sapiens gene Ensemble).

2.11 Gene set analysis using A-LAVA

After finding significant associated SNPs and genes, we aimed to find the
most affected pathways. For gene set analysis, MAGMA [8] uses a competitive
gene set analysis which evaluates the null hypothesis, which states that none
of the genes in the gene set have a stronger association with the phenotype
than other genes. Competitive gene set analysis tests whether gene set genes
are more strongly associated with the phenotype of interest than other genes.
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Figure 3: Gene set competitive analysis in MAGMA [9]

The model includes all genes in the data to test this within the regression
framework. A binary indicator variable Ss with elements sg is then defined,
with sg = 1 for each gene g in gene set s and sg = 0 otherwise. Adding Ss as
a predictor of Z yields the model as:

Z = β0s1⃗ + Ssβs + ε (2)

The parameter βs in this model reflects the difference in the association be-
tween genes in the gene set and genes outside the gene set, and consequently
testing the null hypothesis βs = 0 against the one-sided alternative βs > 0
provides a competitive test for each gene set. Note that this is equivalent to a
one-sided two-sample t-test comparing the mean association of gene set genes
with the mean association of genes not in the gene set (see Figure 3 [9]).

First, a measure of association with the phenotype is computed per gene
from the genotype data in the gene-level analysis. This results in a gene-level
data matrix, with each row corresponding to a gene. In the next level, each
gene set is represented as a binary indicator variable (coding genes in the gene
set as one and the rest as 0). The gene set analysis then takes the form of
a bivariate test with the genes as units of analysis, testing whether the joint
association of genes in the gene set is greater than the association of genes not
in the gene set (competitive analysis).

We improved the pipeline of identifying the most affected pathways using
a gene-level multivariate regression model. In A-LAVA, we defined a separate
binary indicator for all the gene sets and included them in a regression model
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Figure 4: Gene set competitive analysis in A-LAVA - This example is composed of 10 genes spread
among k gene sets with their corresponding predictor of Z. There is a separate binary indicator for
each gene set (from 1 to k). The orange rectangles show where there are shared genes between gene
sets. In this example, gene 2 is shared between gene set 1 and gene set 2, and gene 8 is shared
between gene set 1 and gene set 3.

simultaneously, which transforms model (2) to:

Z = β0s1⃗ +
k∑

n=1

Snβn + ε (3)

where β0s is the regression constant term, and k is the number of gene sets
present in the GSA study. Figure 4 shows the novel perspective on how the
present shared genes between gene set 1 to k could potentially affect the out-
come of the regression model when testing the βs = 0 against the one-sided
alternative βs > 0 for each gene set.

The competitive gene set analysis implemented in MAGMA uses a gen-
eralized model by default, performing a conditional test of βs corrected for
the potentially confounding effects of gene size and gene density. However, it
does not account for the genes present in more than one gene set. Also, in
MAGMA, linear regression is performed for every gene set to determine their
significance. However, in A-LAVA, we may examine all gene sets simultane-
ously, take into account the shared genes present in the gene sets, and obtain
their coefficient (β) and corresponding p-value. Not only this makes A-LAVA
faster, but it also corrects the β and the p-value and, consequently, the ranking
of the gene sets in the study.
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3 Results

3.1 SNP-level associations

We visualized the GWAS summary for all top metabolic traits for all races
through two scatter plots: The Manhattan plot and the quantile-quantile (Q-
Q) plot (Figures 5 and 6). In the Manhattan plot, the x-axis represents the po-
sitions on chromosomes, while the Y-axis reflects genomic association strength
with the trait. The Q-Q plot is used to examine the normality of the p-values
distribution. We completed the visualizations using the GWASinspector [2]
and fastman [36] R packages.

The GWASs performed for the Asian, Native American, and African pop-
ulations (see Figures 22, 24 and 26 in Appendix) resulted in too many selected
SNPs within the suggestive and significance thresholds. For example, we iden-
tified 6,699 SNPs for the Native American population, while only 221 samples
were present. In addition, the corresponding genomic inflation factors (λ)
(Figures 23, 25, and 27 in Appendix) for these ethnicities deviate from the
expected λ = 1. The genomic inflation factor expresses the deviation of the
distribution of the observed test statistic compared to the distribution of the
expected test statistic [49]. In GWAS, it is preferred to utilize large samples to
avoid population stratification biases [12]. As a result, we have not included
these populations for further analysis due to the extremities and lack of data.

Genome-wide associations analysis performed on the 65 metabolic path-
ways for the European population identified loci with 71 genome-wide signifi-
cant associations between single SNPs and 10 metabolic traits (p < 5.8×10−9).
31 of these SNPs were associated with glutathione metabolism while valine
leucine and isoleucine biosynthesis and alpha-linolenic acid traits had 15 and
10 significant associations. We also detected five significant SNPs for each
of the drug metabolism Cytochrome P450 and metabolism of Xenobiotics by
Cytochrome P450 traits.

The most significant SNP was found for the glutathione metabolism trait,
rs36209093, with a p-value of 1.52 × 10−39 and effect size equal to 0.0067 is
an upstream gene variant mapped on the protein-coding GSTM2 gene, which
was previously reported for other traits, as well as the glutathione conjugation
SuperPath. This SNP was also identified as the top SNP for other metabolisms
such as the metabolism of Xenobiotics by Cytochrome P450 (p-value of 8.5×
10−16 and effect size equal to 0.0073) and drug metabolism Cytochrome P450
(p-value of 1.86× 10−15 and effect size equal to 0.007).

Figure 7 demonstrates the overall proportion of different types of identified
variants and their consequences before and after clumping. As can be seen,
the majority of top variants are either intron or downstream gene variants.

With LD clumping, we identified the most significant genetic associations
in a region in terms of a smaller number of clumps of genetically linked SNPs.
We found 20 independent loci associated with ten metabolic traits and re-
ported only one representative SNP per region of LD for each locus (Figure
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Figure 5: SNP-level Manhattan Plot showing all top SNPs across all traits in the European popu-
lation. Each dot represents an SNP, with SNPs ordered on the x-axis according to their genomic
position. Y -axis represents the strength of their association measured as − log10 transformed p-values
starting from 1×10−6 . The red line shows the threshold of genome-wide significance (p < 5.8×10−9).

Figure 6: Quantile–quantile plot shows the distribution of expected p-values under a null model of
no significance (red line) versus observed p-values (black dots) for glutathione metabolism in the
European population. The deviation of observed p-values from the expected line highlights the
significance of detected SNPs. The genomic inflation factor (λ) being close to 1 reflects no evidence
of inflation, meaning the European samples in the study are from a relatively genetically homogenous
population [12].
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Figure 7: Top variants consequences prediction for European population before (top panels) and
after (bottom panels) clumping using VEP

Figure 8: The information of representative SNPs per region of LD associated with ten metabolic
traits - The SNPs are annotated with rsID and are sorted based on their significance (increasing
p-value). The position of SNPs, the genes, and the transcript classification (biotype) they belong
to, along with their consequence prediction, are also shown in this table. The effect size reflects
the SNP’s contribution to the trait’s genetic variance, and the novelty column indicates whether the
corresponding SNP has been previously reported.
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8). If we only consider the 20 representative SNPs for the identified indepen-
dent loci, 14 of them were not previously reported on the GWAS catalog (The
NHGRI-EBI Catalog of human genome-wide association studies 3), while the
remaining SNPs are known to be associated with a different trait.

The position of representative SNPs, their effect size, corresponding genes,
consequences, and their novelty are shown in Figure 8, in a sorted p-value
order.

3.2 Gene-level associations

All SNPs were mapped to 18,114 autosomal genes, and annotated genes were
filtered using the p-value threshold of 2.8× 10−6 (after Bonferroni correction
for 18,114 autosomal genes) for significant genes and threshold of 2.9×10−5 for
suggestive significance. We found 19 distinct candidate genes (p < 2.8×10−6),
associated with 16 metabolic traits and 30 unique suggestive genes (p < 2.9×
10−5), associated with 23 metabolic traits. Glutathione metabolism and alpha-
linolenic acid metabolism traits had the most connections, with eight and
five associations, respectively. Of the 49 genes identified as associated with
metabolic traits, 18 were metabolic genes.

In Figure 9, we have demonstrated the gene-level Manhattan plot for all
identified top genes where each point represents a gene. The points between
the blue and red lines represent the suggestive genes, and the points above the
red line are candidate genes that passed the 2.8× 10−6 threshold.

Figure 10 shows a more inclusive list of the identified genes (including
metabolic genes), along with their p-values indicating the significance of their
association. Among the non-metabolic genes, OR12D3, ZNF215 and SMLR1
with the frequency of 9, 4, and 3, respectively, were the most repeated associa-
tions (Figure 11). In terms of the metabolic genes, GRHPR, SCN3A, GSTM1,
and GSTM5 were the most frequently detected associations, and the glu-
tathione S-transferase (GSTs) super-family (i.e., GSTM1, GSTM2, GSTM3,
GSTM4, GSTM5, and GSTZ1 ) had nine occurrences in total (Figure 11). The
list of top genes for other populations is shown in Figures 28, 29 and 30 in
Appendix.

3.2.1 Possible biological relevance of identified associations

LIMD1, identified as a mutant gene in valine leucine and isoleucine biosyn-
thesis trait, is a known tumor suppressor. The negative effect size of this
gene (Figure 8) means that its suppression could lead to cancer. VARS2, an-
other mutant gene for this metabolic trait, is also found to have a negative
effect size, suggesting a less oxidative behavior. The cells generate energy
using the mitochondrial when there is oxygen. However, when the cells do
not use oxygen, they must rely on energy generation through glycolysis and
lactate production, a common cancer metabolism (Warburg effect [25]). In
fact, VARS2 downregulation supports a cancer metabolic phenotype.

3https://www.ebi.ac.uk/gwas/
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Figure 9: Gene-level Manhattan plot where each point represents a gene. The red and blue lines
correspond to the gene-level significance and suggestive thresholds.

The glutathione S-transferase super-family including GSTM1, GSTM2,
GSTM3, GSTM4, GSTM5, and GSTZ1 genes, is responsible for detoxify-
ing [40] electrophilic compounds, such as carcinogens, therapeutic drugs, envi-
ronmental toxins, and products of oxidative stress. As a result, the mutations
in these genes might affect susceptibility to carcinogens and toxins, also the
toxicity and efficacy of certain drugs.

We found that GSTM1, GSTM2, GSTM3, GSTM4, GSTM5, and GSTZ1
are associated with the glutathione trait. These genes are part of the glu-
tathione metabolism network, which is consistent with our findings. The fact
that most anti-cancer medications are poor substrates for GSTP (Glutathione
S-transferase P) suggests that most tumor cell lines have elevated GSTP lev-
els for reasons other than detoxifying drugs. This theory is supported by the
frequent discovery of GSTP overexpression in tumor cell lines that are not
drug-resistant. Having GSTM variants that support increased protein expres-
sion does not seem to protect the patient from developing cancer. People with
GSTM variants should not be candidates for immunotherapy and would have
better outcomes with non-drug-based therapies.

We also identified FADS2, part of the alpha-linolenic metabolism path-
way associated with the alpha-linolenic trait. The DHFR gene is involved in
one-carbon metabolism. Detecting DHFR associated with folate biosynthesis
is concordant with the fact that dietary folate is first converted by DHFR to
DHF (dihydrofolic acid) and then to THF (tetrahydrofolic acid), a one-carbon
unit acceptor. Another gene associated with folate biosynthesis is MSH3. The
related pathways of the MSH3 are DNA repair pathways and base excision
repair, which are both known to be associated with the initiation and progres-
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Figure 10: List of top genes for European ethnic group - p-values tend to be red and green, repre-
senting candidate and suggestive genes, respectively. The metabolic genes are highlighted in cyan
blue, and the corresponding metabolic traits can be seen in the right-most columns.

Figure 11: Ranking of genes based on the frequency of occurrence as top genes (MAGMA) among
metabolic traits.
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sion of cancer [24, 20].

3.3 Pathway-level analysis

To investigate the importance of using A-LAVA over MAGMA, we identified
top gene sets using MAGMA and A-LAVA for all 65 metabolic traits. Then
we compared the resulting p-values and β values. Figure 12 shows the top
gene sets selected using MAGMA and A-LAVA for the drug metabolism Cy-
tochrome P450 trait. As we can see, there is a significant difference between
the ranges of p-values and β values. For instance, the highest-ranked gene
set, hsa00980, in MAGMA was replaced by hsa00260 using the new method,
and its p-value became adjusted to 0.02059 (from initially being 0.00007).
Also, many of the top pathways have been removed. If we assume 0.05 as
the significance threshold of the p-value for gene set analysis, fewer gene sets
have passed this cut-off point (five gene sets: hsa00260, hsa00650, hsaa00562,
hsa00980, and hsa00983) and thus became selected as the most affected path-
ways, compared to MAGMA (16 top gene sets were selected). This means
many of the gene sets in the top list of MAGMA were not significant and only
detected due to not correcting for the shared genes. Generally, the signifi-
cance of both β and p-value are adjusted in all cases by including a potential
confounding factor. Similarly, Figure 13 and 14 show the top gene sets se-
lected using MAGMA and the A-LAVA for sulfur metabolism and pentose
phosphate traits, respectively. However, we observe an opposite trend using
A-LAVA, where the p-value threshold filters more gene sets.

Figure 15 shows the discrepancy in outcomes of the two approaches. We
plotted the − log10 transformed p-value and β value of analyzed gene sets in
MAGMA and A-LAVA against each other for the aforementioned three traits.
The resulting Pearson correlation coefficients corresponding to p-value and β
suggest a significant shift in these parameters as a result of using A-LAVA,
which also affect the ranking of pathways due to the performed modification.

To summarize the importance of correcting for the shared genes:

1. The changes in the scale of p-values remarkably affect the number of
selected gene sets.

2. We would have more accurate p-values and β values because of the ad-
justment for a potential confounding factor.

3. As we obtain different p-values for each gene set, the final results, in-
cluding the highest-ranked gene sets, would entirely change as a result
of accounting for the shared genes.

4. Many of the gene sets that were not among the top selected pathways in
MAGMA would obtain a higher rank due to the additional adjustment
in A-LAVA (Figure 12) and reverse (Figure 13 and 14).
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Figure 12: The top gene sets selected using the A-LAVA (left) and MAGMA (right) are shown for
drug metabolism Cytochrome P450 trait - The top gene sets in common between both methods have
the same color shade. P -values and β values are represented using red and green color values to
highlight the outcome discrepancy between the two methods. The bold black line is where the cut-off
threshold meets the ranked gene set list.

Figure 13: The top gene sets selected using the A-LAVA (left) and MAGMA (right) are shown for
the sulfur metabolism trait - The top gene sets in common between both methods have the same
color shade. P -values and β values are represented using red and green color values to highlight the
outcome discrepancy between the two methods. The bold black line is where the cut-off threshold
meets the ranked gene set list.

5. Many other selected gene sets would be removed after the correction
for shared genes (Figure 12) or even join the top list after correction
(Figures 13 and 14).

These changes in results underline the importance of the applied correction
for all gene set analysis approaches when there is an overlap between the gene
sets.

We used A-LAVA to perform the gene set analysis on the identified genes
from the gene-level analysis and reported the resulting significant pathways
for each trait in Figures 18, 19 and 20. We also showed the frequency count of
detection (as the significant pathway for a trait), mean β, and mean p-value
for top metabolic pathways across all 65 metabolic traits in Figures 16 and
17.

Figure 16 indicates the ranking of metabolic pathways in terms of the
number of their occurrence as the top pathways in 65 metabolic traits. The
gene sets meeting p-value < 0.05 were considered significant [34, 1]. If we
consider the count as a criterion for selecting the most affected pathways,
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Figure 14: The top gene sets selected using the A-LAVA (left) and MAGMA (right) are shown for
the pentose phosphate trait - The top gene sets in common between both methods have the same
color shade. P -values and β values are represented using red and green color values to highlight the
outcome discrepancy between the two methods. The bold black line is where the cut-off threshold
meets the ranked gene set list.

ether lipid metabolism with the count of 18 (it appeared as a top pathway in
28% of all traits) would be the most affected pathway. The next three top
pathways with counts of 14, 13, and 10 are tyrosine metabolism, sphingolipid
metabolism, and Cytochrome P450 metabolism of xenobiotics.

We also looked at the p-value and β value as a measure of significance.
Figure 17 demonstrates all the top pathways ranked in increasing mean p-
value order. The darker red cells indicate a lower p-value, while when cells
tend to be white, the p-value increases. The β values are also included in this
table to highlight the significance of the association of genes in these pathways,
with darker green representing larger β values.

Based on Figure 17, other glycan degradation ((pmean = 0.00016, βmean =
0.9112), fructose and mannose metabolism (pmean = 0.00299, βmean = 0.5667),
taurine and hypotaurine metabolism ((pmean = 0.00458, βmean = 0.7303), gly-
cosaminoglycan degradation ((pmean = 0.00483, βmean = 0.6289), histidine
metabolism ((pmean = 0.00780, βmean = 0.6791) and metabolism of xenobi-
otics by Cytochrome P450 ((pmean = 0.00895, βmean = 0.6039) are the most
affected pathways with lowest mean p-value and large mean β value across all
65 metabolic traits.

Figures 18, 19 and 20 show the most affected metabolic pathways and their
corresponding β values sorted in increasing p-value order for each trait.
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Figure 15: The similarity of outcomes in A-LAVA(x-axis) and MAGMA(y-axis) as the Pearson
correlation coefficient - Plots show a significant shift in p-value (left) and β (right) as a result of
correcting for shared genes. The resulting shift is shown for a subset of traits, highlighting the
importance of correction for this potential confounding factor.
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Figure 16: List of the most affected metabolic pathways and the count of their occurrence as signif-
icant in GSA across 65 traits using A-LAVA - The count measures are shown as green bars.

Figure 17: Most affected metabolic pathways and the mean of their p-value and β across 65 traits
- The pathways are listed in an increasing p-value order, with darker red cells corresponding to
lower p-values. Also, the darker green cells highlight a more significant β value (difference in the
association between genes in the pathway and genes outside the pathway).
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Figure 18: Part 1 - Most affected metabolic pathways that passed the GSA significance threshold
in A-LAVA. The pathways are ranked in increasing p-value order for each of the 65 initial traits.
The corresponding β value suggests the difference in the association between genes included in the
pathway and genes outside the pathway.
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Figure 19: Part 2 - Most affected metabolic pathways that passed the GSA significance threshold
in A-LAVA. The pathways are ranked in increasing p-value order for each of the 65 initial traits.
The corresponding β value suggests the difference in the association between genes included in the
pathway and genes outside the pathway.
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Figure 20: Part 3 - Most affected metabolic pathways that passed the GSA significance threshold
in A-LAVA. The pathways are ranked in increasing p-value order for each of the 65 initial traits.
The corresponding β value suggests the difference in the association between genes included in the
pathway and genes outside the pathway.
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4 Conclusion

Despite many cancer research studies conducted to discover genetic variants
in disease-related phenotypes, the germline variants and their impact on the
interaction of metabolic genes as networks are not broadly investigated. We
performed GWAS to detect the possible causal germline variations affecting
the metabolic traits across several cancer types for different populations. We
found the strongest signals for the glutathione metabolism, xenobiotics by
Cytochrome P450, and drug metabolism Cytochrome P450 traits, with the
glutathione S-transferase super-family, identified as the most significant asso-
ciated genes.

One of the challenges in GWAS is the genuine but weak associations that
are likely missed because of the enormous quantity of tests performed and the
vast number of SNPs investigated [52]. We continued our study by conducting
a gene set analysis to overcome this issue and derive biologically meaningful in-
sights. GSA examines the relationship between disease and genetic variants in
a collection of functionally similar genes, such as those involved in the same bi-
ological pathway, instead of just one SNP or one gene. Combining association
signals from different genes within the same gene set allows us to understand
the molecular mechanisms of different pathways. In addition, such association
signals aggregation significantly decreases the number of tests that must be
run and makes it easier to identify effects made up of numerous weaker asso-
ciations that would otherwise remain undetected [8]. However, contemporary
methods for gene set analysis can be subject to bias. For example, overlapping
gene sets can result in a confounded association [10].

We resolved this confounding effect by introducing A-LAVA. In A-LAVA,
binary indicators are added as additional predictors in the regression model
of the gene set analysis. In addition to correcting for gene characteristics
such as length and density, A-LAVA also corrects for all overlapping gene sets
regardless of the number of genes they share. Ranking pathways using A-
LAVA is a more robust and reliable gene set analysis approach, as A-LAVA
counts for a potential confounding factor that was not previously included
by MAGMA in the primary gene set analysis. We showed the significant
effect of this improvement on the GSA results, highlighting the importance of
correcting for the shared genes in any gene set analysis method.

As the next step, we can test whether the identified SNPs and mutated
genes were the actual causal variants, affecting the enrichment level of relevant
metabolic pathways. With the help of CRISPR-Cas9 technology, we would
know the causal inherited variants affecting cell metabolism and later predict
the susceptibility of certain populations in responding to a particular medicine
or treatment.
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6 Appendix

Figure 21: Metabolic pathways enrichment mean scores across all samples
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Figure 22: SNP-level Manhattan plot showing all top SNPs across all traits in the African population.
Each dot represents an SNP, with SNPs ordered on the x-axis according to their genomic position.
Y -axis represents the strength of their association measured as − log10 transformed p-values starting
from 1× 10−6 . The red line shows the threshold of genome-wide significance (p < 3.2× 10−9).

Figure 23: Quantile–quantile plot showing the distribution of expected p-values under a null model of
no significance versus observed p-values for primary bile acid biosynthesis in the African population.
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Figure 24: SNP-level Manhattan plot showing all top SNPs across all traits in the Asian population.
Each dot represents an SNP, with SNPs ordered on the x-axis according to their genomic position.
Y -axis represents the strength of their association measured as − log10 transformed p-values starting
from 1× 10−6 . The red line shows the threshold of genome-wide significance (p < 6.8× 10−9).

Figure 25: Quantile–quantile plot showing the distribution of expected p-values under a null model
of no significance versus observed p-values for purine metabolism in the Asian population.
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Figure 26: SNP-level Manhattan plot showing all top SNPs across all traits in the Native American
population. Each dot represents an SNP, with SNPs ordered on the x-axis according to their genomic
position. Y -axis represents the strength of their association measured as − log10 transformed p-values
starting from 1×10−6 . The red line shows the threshold of genome-wide significance (p < 5.2×10−9).

Figure 27: Quantile–quantile plot showing the distribution of expected p-values under a null model of
no significance versus observed p-values for N-glycan biosynthesis in the Native American population.
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Figure 28: List of top genes for African ethnic group - p-values tend to be red and green, representing
candidate and suggestive genes, respectively. The metabolic genes are highlighted in cyan blue, and
the corresponding metabolic traits can be seen in the right-most columns.

Figure 29: List of top genes for Asian ethnic group - p-values tend to be red and green, representing
candidate and suggestive genes, respectively. The metabolic genes are highlighted in cyan blue, and
the corresponding metabolic traits can be seen in the right-most columns.
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Figure 30: List of top genes for Native American ethnic group - p-values tend to be red and green,
representing candidate genes only for the most to least significant. The metabolic genes are high-
lighted in cyan blue, and the corresponding metabolic traits can be seen in the right-most columns.

Figure 31: TCGA cancer types included in analysis
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Analysis Significance thresholds Reference

SNP-level (European) p < 5.8× 10−9 Bonferroni correction [54]

SNP-level (Native American) p < 5.2× 10−9 Bonferroni correction [54]

SNP-level (African) p < 3.2× 10−9 Bonferroni correction [54]

SNP-level (Asian) p < 6.8× 10−9 Bonferroni correction [54]

Gene-level (candidate genes) p < 2.8× 10−6 Bonferroni correction [54]

Gene-level (suggestive genes) p < 2.9× 10−5 Shahamatdar et al. [44]

Pathway-level p < 0.05 Nguyen et al. [34], [1]
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