ijhighschoolresearch.org

BERESEARCH ARTICLE

[JHSR

Effect of Obesity-Associated Genes on Survival Rates of Brain
Tumor Patients

Aarav Sehdev
Basis Phoenix, 13231 North 22nd St, Phoenix, AZ 85022, USA; aaravsehdev8@gmail.com

ABSTRACT: Brain tumors are a heterogeneous group of tumors, including low-grade gliomas (LGG) and glioblastoma
multiforme (GBM). Obesity increases the risk of developing cancer, including brain tumors. However, there is conflicting evidence
from epidemiological studies regarding the effect of obesity on brain tumors. We conducted a retrospective cohort study using
publicly available databases to study the effect of obesity-associated genomic alterations on overall survival (OS) and disease-
free survival (DFS) in brain tumor patients. We used the genome-wide association studies (GWAS) catalog to compile a list of
genes associated with obesity. We hypothesized that brain tumor patients with alterations in obesity-associated genes (altered
group) demonstrate better OS as compared to brain tumor patients without alterations (unaltered group). We found a significant
improvement in the OS and a suggestion of improvement in the DFS in the altered group as compared to the unaltered group.
Our study has several limitations due to its retrospective nature and the lack of availability of body mass index, thus inhibiting our
ability to directly correlate clinical obesity status with genomic findings. Our analysis highlights the need for future preclinical and

clinical research to elucidate the mechanisms of how obesity affects the survival outcomes in brain tumor patients.
KEYWORDS: Medical and Health Sciences, Oncology, Molecular Biology, Genetics, Bioinformatics.

B Introduction

Brain tumors, including low-grade gliomas (LGG) and
glioblastoma multiforme (GBM), are a heterogeneous group
of tumors that arise from different types of glial or precursor
cells, such as astrocytes, oligodendrocytes, and neural stem
cells.! There are 24,820 estimated new cases of brain tumors,
with 18,330 estimated deaths in the year 2025.2 The 5-year
relative survival is 33%.2 These tumors are more common
in males than in females due to hormonal and immunolog-
ical differences.** The World Health Organization (WHO)
classifies brain tumors into 4 grades, with grade 1 being be-
nign (e.g., pilocytic astrocytoma) and grade 4 being the most
malignant and aggressive brain tumor (e.g., glioblastoma mul-
tiforme). Grade 2 tumors are low-grade with usually a good
prognosis after surgical excision, but with a 50% probability
of anaplastic transformation (e.g., low-grade astrocytoma),
whereas grade 3 tumors are more aggressive with a median
survival of 24 months (e.g., anaplastic oligodendroglioma).®
The development and progression of brain tumors is associ-
ated with environmental exposures such as ionizing radiation,
carcinogens (such as N-nitroso compounds, pesticides, and air
pollutants), and radiofrequency electromagnetic waves.® There
is emerging evidence for an association between brain tumors
and obesity.’

Obesity is now recognized as a major public health problem
and is reaching epidemic proportions.® Obesity increases the
risk of developing cancer, including brain tumors such as GBM
and LGG; however, there is conflicting evidence from epide-
miological studies.”! Furthermore, emerging data suggest that
taking glucagon-like peptide-1 receptor agonists lowers the
risk of cancer, including meningioma, in obese or overweight

individuals.’? There is epidemiological and experimental evi-
dence suggesting that obesity, measured by body mass index
(BMI), is associated with a lower incidence and mortality from
brain tumors — described as the “obesity paradox.”**™ This is
paradoxical because obesity is a known risk factor for multiple
diseases such as diabetes, cardiovascular disease, and cancer.
There are multiple plausible explanations for this paradox,
including less aggressive cancer biology, a stronger immune
system, and better tolerance to toxic treatments such as che-
motherapy.'®® The molecular mechanisms underlying the
outcomes in obese patients with brain tumors are not well un-
derstood. Preclinical and clinical evidence suggest that obesity
promotes insulin resistance, resulting in increased levels of in-
sulin and insulin-like growth factor (IGF), which act as potent
mitogens by stimulating insulin receptor substrate (IRS).% In
addition, adipose tissue can make a variety of pro-inflammatory
cytokines and adipokines.” The altered levels of these cell-ex-
trinsic factors regulate cellular metabolism through complex
interactions with multiple signal transduction pathways.?*?!

Genome-wide association studies (GWAS) have shown sev-
eral genes to be associated with obesity.”>?* Body mass index
(BMI) was predominantly used as the proxy for obesity (BMI
2 30 kg/m?2) in these studies.”* Over the last 2 decades, more
than 1000 single-nucleotide polymorphisms have been shown
to have a significant association with obesity.”® Additionally,
several meta-analyses have further shown the strength of this
association.? Therefore, it is plausible that the molecular al-
terations in the obesity-associated genes affect the survival of
brain tumor patients.

Our hypothesis for this study is that brain tumor patients
with alterations in obesity-associated genes demonstrate better
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overall survival as compared to brain tumor patients without
alterations in obesity-associated genes. Therefore, we conduct-
ed a retrospective cohort study with the primary aims of: 1)
describing the prevalence of obesity-associated genomic al-
terations in patients with brain tumors (LGG and GBM);
ii) assessing the effect of obesity-associated genes on overall
survival (OS) of patients with brain tumors; and iii) assessing
the effect of obesity-associated genes on disease-free survival
(DFS) of patients with brain tumors.

B Methods

Patient Samples and Data Sources:

To test our hypothesis of correlation between obesity-asso-
ciated genes and brain tumors, including LGG (astrocytoma
grade II-III, anaplastic astrocytoma grade III, oligoastrocy-
toma grade III, anaplastic oligodendroglioma grade III, and
anaplastic oligoastrocytoma grade III) and glioblastoma mul-
tiforme (GBM), we used the Cancer Genome Atlas (TCGA)
data.’3** The TCGA data were accessed through cBioPor-
tal, which is a widely available and easily usable online tool
for clinical and genomics datasets for many different cancer
types.** ¥ The Genomic Data Commons (GDC) data of brain
tumor patients were obtained, which includes grade II to IV
brain tumors, including astrocytoma, anaplastic astrocytoma,
oligoastrocytoma, anaplastic oligodendroglioma, anaplastic
oligoastrocytoma, and GBM.¥

Using the TCGA data, brain tumor patients were analyzed
for alterations in morbid obesity-associated genes. We used
morbid obesity-associated genes instead of obesity-associated
genes because of the stronger theoretical and statistical associ-
ation, as well as the total number of genes showing association
(53 unique genes for “morbid obesity,” whereas 1122 genes for
“obesity”).

All available data, including gene mutation, copy number
variations,and mRNA gene expression, were used to categorize
the entire cohort into an altered group (those with genomic
alterations) and an unaltered group (those without genomic
alterations). Only non-synonymous mutations were used for
gene mutation analyses. Synonymous mutations are not cur-
rently available in cBioPortal. The patients were classified into
high and low mRNA expression using an RNA-seq z-score
threshold of 2. The RNA-seq z-score is a normalization meth-
od that is used to determine how many standard deviations a
gene’s expression in a sample differs from the average expres-
sion across all samples. For instance, a z-score of 2 indicates the
mean; a z-score higher than 2 indicates overexpression (high),
and a z-score lower than 2 means underexpression (low). The
final data lock date was December 6, 2025.

Primary Gene List: To identify obesity-associated genes, we
used the Human GWAS Catalog. The National Human Ge-
nome Research Institute-European Bioinformatics Institute
(NHGRI-EBI) Catalog of human GWAS was accessed using
the search term “morbid obesity” to identify the studies that
have found significant gene association with morbid obesity.*
The GWAS catalog provides both locus-level and mapped
gene-level data in a tabular format. We used the mapped
gene-level data. A total of 53 unique genes were identified,

which were used for primary survival analysis and referred to
as the “primary gene list” (Supplemental Table 1). Notably, the
NHGRI-EBI Catalog is the largest known genome-wide as-
sociation study database.

Alternate Gene Lists: To further assess the relationship be-
tween the obesity-associated genes and brain tumors, we also
compiled 3 alternate gene lists of obesity-associated genes us-
ing other GWAS databases (Supplemental Table 2). These are
described below:

i) The Centers for Disease Control and Prevention (CDC)
Public Health Genomics and Precision Health Knowl-
edge Base, version 10.0 (PHGKB).* PHGKB is based on a
searchable online database of published scientific literature
of genotype-phenotype associations. PHGKB is maintained
by the Centers for Disease Control and Prevention (CDC).
We found 15 genes showing association with obesity when
we queried the PHGKB database for the search term “morbid
obesity”.

ii) Phenome-wide association study Web (PheWeb) is based
on International Classification of Diseases (ICD) billing
codes extracted from electronic health records (EHR) for ge-
nome-wide associations.” The PheWeb primarily has White
British participants from the United Kingdom. We found 68
genes showing association with obesity when we queried the
PheWeb database for the search term “obesity”.

iii) A recent publication by Huang et al., where they ana-
lyzed 14 different tumor types using TCGA data to correlate
molecular variances by BMIL*® In this paper, they have re-
ported 82 genes to be associated with higher BMI across 14
different tumor types.

Statistical Analysis:

Baseline characteristics between the altered group (brain
tumor patients with genomic alterations in obesity-associated
genes) and the unaltered group (brain tumor patients with-
out genomic alterations in obesity-associated genes) were
compared using a chi-square test for categorical variables and
a Wilcoxon test for continuous variables. Q-value was cal-
culated where relevant to control for the false discovery rate
due to multiple hypothesis testing. Overall survival (OS) and
disease-free survival (DFS) were estimated using the Kaplan—
Meier method. The log-rank test was used to compare survival
between the two groups (brain tumor patients with and with-
out alterations in obesity-associated genes) using a P value <
0.05. A total of 10 patients who overlapped between the two
groups were excluded from patient-level analysis. All statistical
analyses were performed using cBioPortal or Microsoft® Excel

for Mac Version 16.104.

B Results

Study Participants:

A total of 530 LGG (diffuse glioma) and 539 GBM (glio-
blastoma multiforme) patients were in the study, of which
683 were in the altered and 386 were in the unaltered group.
Within the altered group, there were significantly more pa-
tients with LGG compared to the unaltered group (406 vs.
124, respectively, p < 107, q < 107). Similarly, there were more
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GBM patients in the altered group as compared to the un-
altered group (277 vs. 262, respectively, p < 107, q < 10™).
The year of diagnosis for the altered group was between 1992
and 2013 versus 1989 and 2013 for the unaltered group (p =
2.33¢™, q = 4.95¢*). The patients in the altered group had less
prior treatment compared to the unaltered group (3 vs 17, p
= 1.62¢e7, q = 4.25¢”). Altered and unaltered groups showed
no significant difference between the mean mutation count
(79.69 vs. 33.79, respectively, p = 0.94, q = 0.96) or mean frac-
tion of genome altered (0.16 vs. 0.16, respectively, p = 0.37,q =
0.53). However, there were no significant differences between
the two groups with respect to other demographic or clinical
characteristics (Table 1).

Table 1: Characteristics of brain tumor patients with and without alterations
in obesity genes. Importantly, there was no significant difference between
the altered and unaltered groups in either mean mutation count or the mean
fraction of the genome altered.

Clinical Altered | Unaltered Statistical | p-Value | g-Value
Attribute Group Group Test
(N=683) | (N=386)
Diagnosis Range 18-89 18-88 Wilcoxon | 0.24 0.39
Age " Test
Median 51 52
Mean 50.12 51.34
Ethnicity Not Hispanic or Latino 571 308 Chi- 0.71 0.81
Category Squared
NA 71 54 Test
Hispanic or Latino 31 14
Gender Female 273 159 Chi- 0.50 0.62
T Squared
Male 398 213 test
NA 2 4
Race White 600 329 Chi- 0.69 0.80
Squared
Black or African American | 42 25 Test
NA 16 17
Asian 14 5
American Indian or Alaska | 1 0
Native
Tumor TCGA-LGG (Low-grade 406 124 Chi- <1010 <10-10
Category glioma/diffuse glioma) Squared
Test
TCGA-GBM (Glioblastoma | 277 262
multiforme)
Morphology | Glioblastoma, grade 4 270 252 Chi- <10-10 <10-10
Squared
NA 2 4 test
Diffuse astrocytoma, grade | 41 24
2
Anaplastic astrocytoma, 106 25
grade 3
Oligodendroglioma, grade | 87 26
2
Oligoastrocytoma, grade 2 | 96 37
Anaplastic 7 8
oligodendroglioma, grade 3
Patient Central nervous system 401 120 Chi- <10-10 <10-10
Primary (brain, spinal cord, and Squared
Tumor site retina) test
NA 2 4
Brain 270 252
Year of Minimum 1992 1989 Wilcoxon | 2.33e* | 4.95e4
i i Test
= Maximum 2013 2013
Mutation Range 1-11177 | 1-131 Wilcoxon | 0.94 0.96
Count Test
Median 30 31
Mean 79.69 33.79
Fraction Range 0-0.95 0-0.93 Wilcoxon | 0.37 0.53
Genome n T Test
Altered Median 0.14 0.15
Mean 0.16 0.16
Prior False 665 355 Chi- 1.62e5 | 4.25e"
Treatment Squared
True 3 17 Test
NA 5 4
Prior False 400 136 Chi- 0.96 0.96
Mali Squared
True 5 1 Test
NA 268 239

Genomic Alterations:

Analyzing the genomic alterations in obesity-associated
genes, we found that 76.94% of LGG patients had alterations
in these genes as compared to 51.33% of GBM patients. Pa-
tients with GBM showed a higher percentage of mutations
(5.13% vs. 0.97%), amplifications (4.18% vs. 0.58%), and deep
deletions (1.71% vs. 0.58%) as compared to LGG patients.
However, a higher percentage of gene expression (62.4% vs.
30.23%) and multiple alterations (9.5% vs. 9.32%) were seen in
LGG patients as compared to GBM patients (Table 2; Figure
1).
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Figure 1: Cancer type and summary of genomic alterations in the altered
vs. unaltered group. GBM patients had higher percentages of mutations,
amplifications, and deep deletions, whereas LGG patients showed higher
percentages of gene expression.

Table 2: Genomic alterations in obesity genes between diffuse glioma
and glioblastoma multiforme. GBM patients showed more mutations,
amplifications, and deep deletions, while LGG patients showed higher gene
expression.

Diffuse Glioma (N=516) | Glioblastoma
Multiforme (N=526)

5.13% (27 patients)
4.18% (22 patients)
1.71% (9 patients)

Mutation 0.97% (5 patients)
0.58% (3 patients)
0.58% (3 patients)

Amplification

Deep deletion

mRNA high 62.4% (322 patients) 30.23% (159 patients)
mRNA low 2.91% (15 patients) 0.76% (4 patients)
Multiple alteration 9.5% (49 patients) 9.32% (49 patients)
Total 76.94% (397 patients) 51.33% (270 patients)

In the analysis of gene frequencies within the altered and
unaltered group (as classified by the obesity-associated genes),
we found that in the unaltered group the genes including CD-
KN2A (39.22% vs 27.29%, p = 6.80e7, q = 2.36¢), CDKN2B
(38.18%vs 25.81%, p = 3.02¢~,q = 1.26¢%), UBA52P6 (37.92%
vs 25.66%, p = 3.89¢”, q = 1.54¢?), CDKN2A-AS1 (37.40%
vs 25.81%, p = 9.40e”, q = 2.95¢%), CDKN2B-AS1 (35.32%
vs 23.89%, p = 8.99¢7, q = 2.95¢”) showed significantly greater
frequency as compared to the altered group (Table 3, Figure
2). Furthermore, we found that there were genes in the altered
group, IDH1 (45.72% vs 31.17%, p = 3.72¢*%, q = 4.95¢™),
which showed significantly greater frequency in the altered
group compared to the unaltered group (Table 3; Figure 2).
Notably, the genes shown here (Table 3; Figure 2) are the
genes with the highest frequency of alterations within these 2
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groups (not obesity-associated genes but rather any gene). In
other words, after stratifying the cohort based on obesity-as-
sociated gene status, Figure 2 highlights the most frequently
mutated genes in each group.
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Figure 2: Genes with the highest frequency of variations in the altered and
unaltered group. CDKN2A, CDKN2B, UBA52P6, CDKN2A-AS1, and
CDKN2B-AS1 showed significantly greater frequency of modifications in
the unaltered group, whereas IDH1 showed significantly greater frequency of
modifications in the altered group.

Table 3: Genes with the highest frequency of alterations in the altered
and unaltered group. CDKN2A, CDKN2B, UBA52P6, CDKN2A-AS1,
and CDKN2B-AS1 were more frequently modified in the unaltered group,
whereas IDH1 modifications were more common in the altered group.

Gene Name Altered (N=678) Unaltered (N=385) P-value Q-value
IDH1 45.72% (310) 31.17% (120) 3.72e6 4.95e4
CDKN2A 27.29% (185) 39.22% (151) 6.80e5 2.36e3
CDKN2B 25.81% (175) 38.18% (147) 3.02e5 1.26e3
TP53 38.05% (258) 29.35% (113) 4.89e3 0.09
UBA52P6 25.66% (174) 37.92% (146) 3.89e5 1.54e3
CDKN2A-AS1 25.81% (175) 37.40% (144) 9.40e5 2.95e3
CDKN2B-AS1 23.89% (162) 35.32% (136) 8.99e5 2.95e3
ERVFRD-3 24.93% (169) 35.32% (136) 4.10e4 0.01
EGFR 25.81% (175) 33.77% (130) 7.28e 0.12
EGFR-AS1 22.42% (152) 32.21% (124) 6.10e4 0.02

Survival Analysis Using Primary Gene List:

The OS analysis included 1022 patients, 652 in the altered
group and 370 in the unaltered group (Figure 3; Table 4). The
median OS was significantly better in the altered group as
compared to the unaltered group (33.21 vs.20.37 months; HR
=0.70; 95% CI = 0.58-0.83; p = 2.76¢™; q = 5.53¢”).
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Figure 3: Overall survival (OS) in the altered vs. unaltered group. The
median OS was significantly better in the altered group as compared to the
unaltered group.

Table 4: Overall survival (OS) plot summary. Median OS was significantly

higher in the altered group than in the unaltered group.

Number of Cases, Total

Number of Events

Median Months Overall
(95% CI)

Altered group 652

310

33.21 (26.91-41.10)

Unaltered group 370

226

20.37 (18.33-23.49)

The DFS analysis included 133 patients, 98 in the altered
group and 35 in the unaltered group (Figure 4; Table 5). The
median DFS was not statistically different between the two
groups (median DFS not available; HR = 0.71; 95% CI = 0.27-
1.87; p = 0.45; q = 0.45). Notably, Kaplan-Meier curves provide
median DFS only when 50% of the cohort has experienced the
event. As seen in Figure 4, this threshold has not been reached
in our dataset for either group. Therefore, the median DFS
cannot be estimated.
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Number at risk () Disease Free (Months)
Altered group 9% 8 5 3 15 7 4 4 2 2 2 2 2 1 1 1 1 1
Unalteredgroup 35 32 15 1 8 4 2 2 2 1 1 1 1 0 0 0 0 0

Figure 4: Discase-free survival (DFS) in the altered vs. unaltered group. The
median DFS was not statistically different between the two groups.

Table 5: Discase-free survival (DFS) plot summary. Median DFS did not
differ significantly between the two groups.

Median Months Disease
Free (95% Cl)

Altered group 98 14 NA

Number of Cases, Total | Number of Events

Unaltered group 35 7 NA

Survival Analysis Using an Alternate Gene List:

i) PHGKB: The OS analysis included 1019 patients, 389 in
the altered group and 630 in the unaltered group. The median
OS was significantly better in the altered group as compared to
the unaltered group (40.80 vs. 21.88 months; HR = 0.67; 95%
CI=0.57-0.80; p = 1.79¢7; q = 3.58¢™).

The DFS analysis included 132 patients, 75 in the altered
group and 57 in the unaltered group. The median DFS was not
statistically different between the two groups (median DFS not
available; HR = 1.08; 95% CI = 0.45-2.60; p = 0.86; q = 0.86).

ii) PheWeb: The OS analysis included 1023 patients, 716 in
the altered group and 307 in the unaltered group. The median
OS was significantly better in the altered group as compared to
the unaltered group (32.42 vs. 19.84 months; HR = 0.63; 95%
CI=0.52-0.76; p = 1.64¢7; q = 3.27¢7).

The DFS analysis included 134 patients, 113 in the altered
group and 21 in the unaltered group. The median DFS was not
statistically different between the two groups (median DFS not
available; HR = 1.75; 95% CI = 0.54-0.57; p = 0.44; q = 0.44).

iii) Huang ez al.: The OS analysis included 1032 patients,
959 in the altered group and 73 in the unaltered group. The
median OS was significantly better in the altered group as
compared to the unaltered group (27.2 ws. 17.64 months; HR
=0.57;95% CI = 0.41-0.80; p = 2.38¢%; q = 4.77¢”).
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The DFES analysis could not be done due to not enough pa-

tients in the representative groups.

B Discussion

In this large retrospective cohort study of 1069 patients with
brain tumors, we report an observation of significant improve-
ment in the OS and a suggestion of improvement in the DFS
in patients with alterations in obesity-associated genes. Our
results show that patients in the altered group have a signifi-
cantly better prognosis as compared to the unaltered group.
This has been described as the “obesity paradox” in brain
tumors as well as in other cancers.®* There are multiple
plausible explanations for why obese patients have better out-
comes. First, higher BMI in cancer patients could be reflective
of less aggressive cancer biology, leading to better outcomes.®
Second, most studies assess obesity using BMI, which can be
misleading because elevated BMI may reflect greater muscle
mass rather than increased adiposity.’’** Third, studies have
shown a stronger immune system in obese patients, resulting
in protective effects.”” Lastly, patients with higher BMI may
have greater nutrient reserves, potentially improving their tol-
erance to toxic treatments such as chemotherapy and radiation
therapy.'6*

Our results showed better OS in the altered group com-
pared to the unaltered group. One caveat in interpreting these
results is the tumor type distribution between the altered and
unaltered groups. Notably, the altered group included more
LGG patients as compared to the unaltered group (406 vs.
124); however, this is unlikely to fully account for our findings,
as the altered group also had a higher number of grade 3 brain
tumor patients as compared to the unaltered group (177 vs.
32), partially balancing differences in tumor grade distribu-
tion. Therefore, we believe the distribution of LGG vs. GBM
is probably not a significant factor by itself to account for the
OS differences.

Strengths and Limitations :

There are several strengths of our study. First, we have used
multiple gene lists that have shown association with obesity in
different GWAS databases. Notably, there is not much overlap
between these four different obesity-associated gene lists. For
instance, the GWAS Catalog-based gene list (primary gene
list) had only 7 genes in common with PHGKB, 3 genes in
common with PheWeb, and 1 gene in common with Huang
et al*® Finding significantly better OS results using different
obesity-associated gene lists from different GWAS databases
strengthens the accuracy of our findings. Second, our study is
unique as we used publicly available databases to study the cor-
relation between obesity-associated genes and brain tumors. To
our knowledge, this correlation has not been previously report-
ed. Additionally, this is the largest study examining the effect
of obesity-associated genes and brain tumors in the existing
literature. Third, we highlight the use of public databases to
conduct research by high school students. Research opportu-
nities for high-school and pre-medical undergraduate students
remain limited, and many students drop out due to declining
interest.”® Increasing the availability of research opportunities

can be a way to improve the interest of these students.” Us-
ing publicly available databases to conduct biomedical research
can lead to high-impact research, as we demonstrate here.*
Similar methods can be used to ask other important research
questions by high-school and undergraduate students.

Our study has some limitations. First, we do not have the
BMI data available on these patients, and therefore, we cannot
be certain if the obesity-associated genes were more altered in
the high BMI patients. However, there are no publicly avail-
able databases that have BMI and survival data available for
brain tumor patients. Future research will need to be conduct-
ed with the collection of height and weight to confirm our
findings. Second, this is a retrospective study and may have
limitations such as selection bias and confounding. Howev-
er, we have attempted to minimize selection bias by using a
very large cohort and including all patients with brain tumors
in the TCGA database. Third, there is potential bias from
multiple hypothesis testing. However, we have calculated the
false discovery rate and provided g-values where applicable.
Fourth, it is possible that we have not been able to account
for some of the post-translational effects of obesity on brain
tumor patients. However, these studies will require laborato-
ry experimentation and verification, which can be the next
step in this area of research. Fifth, we used the GWAS cat-
alog to identify obesity-associated genes based on mapped
associations. However, the GWAS catalog primarily reports
locus-level variant associations that are subsequently mapped
to genes; this approach may introduce annotation bias and
limit precision in gene-level analyses. Sixth, we recognize that
more comprehensive analyses, such as multivariate approaches
including the Cox proportional hazards model, could better
account for potential confounding factors as well as pleiotropic
effects of genes. However, the analyses presented in this manu-
script rely on built-in tools available within cBioPortal, which
currently do not support multivariate modeling. Nonetheless,
our findings should be considered hypothesis-generating and
may inform future investigations. Lastly, it is beyond the scope
of the current work to conduct multivariate analyses, as this
will require integrating multiple patient-level datasets and
applying advanced statistical models, requiring expertise and
resources not available for this student-led study.

Our study provides a holistic picture of the importance of
obesity-associated genes in the prognosis of brain tumor pa-
tients. Given the limitations of our study (as described above)
and the complex pathophysiology of obesity, our results are not
clinically applicable as such. However, with further prospec-
tive research using clinical and biospecimen data collection,
there will be a probable improvement in the outcomes of brain
tumor patients. Therefore, we would like to propose the col-
lection of such data in brain tumor patients. Additionally, we
believe the advent of artificial intelligence (AI) and machine
learning will tremendously improve the scope of healthcare
research using publicly available databases by high school and
undergraduate students.® Our study would not have been
possible without the available tools in cBioPortal. However,
cBioPortal only provides basic statistical tools and interactive
exploration, but does not currently implement any built-in Al
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or machine learning tools. We are hopeful that future improve-
ments in cBioPortal will make it possible to use more advanced
Al analytical tools. Using these tools will make analyses of
multi-omic datasets and identification of correlative markers
more feasible, thereby improving patient outcomes.

B Conclusion

In conclusion, in a large study using publicly available data-
bases, we demonstrate that brain tumor patients with genomic
alterations in obesity-associated genes have better overall sur-
vival than those without genomic alterations. Further preclinical
and clinical studies are needed to elucidate the mechanisms of
how obesity affects the survival outcomes in brain tumor pa-
tients. Surrogate markers for obesity (adiposity) such as BMI,
fat mass index (FMI), and waist-to-hip ratio (WHR) should
be collected during clinical studies in brain tumor patients.>
This study highlights the importance of hypothesis-generat-
ing research using publicly available databases. This study can
serve as a framework for other high-school and undergraduate
students to develop and explore meaningful research ques-
tions. Lastly, enhancements in cBioPortal with built-in Al and
machine learning tools will be immensely helpful to promote
future complex research questions.
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B Supplemental Tables

Supplemental Table 1: Genome-wide association studies (GWAS) genes

associated with morbid obesity.”

Gene Symbol | Gene Name Function

FTO Alpha-ketoglutarate- | This gene is a nuclear protein of the AlkB-related non-heme
dependent iron and 2-oxoglutarate-dependent oxygenase superfamily,
dioxygenase but the exact physiological function of this gene is not known.

Other non-heme iron enzymes function to reverse alkylated
DNA and RNA damage by oxidative demethylation. Studies in
mice and humans indicate a role in the nervous and
cardiovascular systems and a strong association with body
mass index, obesity risk, and type 2 diabetes.

TCF7L2 Transcription Factor 7 | This gene encodes a high mobility group (HMG) box-

Like 2 containing transcription factor that plays a key role in the Wnt
signaling pathway. The protein has been implicated in blood
glucose homeostasis. Genetic variants of this gene are
associated with increased risk of type 2 diabetes. Several
transcript variants encoding multiple different isoforms have
been found for this gene.

GIPR Gastric Inhibitory This gene encodes a G-protein-coupled receptor for gastric
Polypeptide Receptor | inhibitory polypeptide (GIP), which was originally identified as

an activity in gut extracts that inhibited gastric acid secretion
and gastrin release, but subsequently was demonstrated to
stimulate insulin release in the presence of elevated glucose.
Mice lacking this gene exhibit higher blood glucose levels with
impaired initial insulin response after oral glucose load.
Defects in this gene may thus contribute to the pathogenesis
of diabetes.

LINCO1875 Long intergenic Non- | LINC01875 (Long Intergenic Non-Protein Coding RNA 1875)
Protein coding RNA | is an RNA Gene, and is affiliated with the InNcRNA class.

1875

TMEM18 Transmembrane Predicted to enable DNA binding activity. Involved in cell
Protein 18 migration. Located in the nuclear membrane.

ETV5 ETS Variant Enables DNA-binding transcription activator activity, RNA
Transcription Factor 5 | polymerase II-specific, and RNA polymerase |l transcription

regulatory region sequence-specific DNA binding activity.
Involved in cellular response to oxidative stress; negative
regulation of transcription by RNA polymerase II; and positive
regulation of transcription by RNA polymerase II. Located in
the nucleoplasm.

PRDX4P1 Peroxiredoxin 4 PRDX4P1 (Peroxiredoxin 4 Pseudogene 1) is a Pseudogene.
Pseudogene 1

THAP12P9 THAP Domain THAP12P9 (THAP Domain Containing 12 Pseudogene 9) is a
Containing 12 Pseudogene.

Pseudogene 9

LYPLAL1-AS1 | LYPLAL1 Antisense LYPLAL1-AS1 (LYPLAL1 Antisense RNA 1) is an RNA Gene,
RNA1 and is affiliated with the InNcRNA class. Diseases associated

with LYPLAL1-AS1 include Developmental and Epileptic
Encephalopathy 28.

SLC39A8 Solute Carrier Family | This gene encodes a member of the SLC39 family of solute-

39 Member 8 carrier genes, which show structural characteristics of zinc
transporters. The encoded protein is glycosylated and found
in the plasma membrane and mitochondria, and functions in
the cellular import of zinc at the onset of inflammation. It is
also thought to be the primary transporter of the toxic cation
cadmium, which is found in cigarette smoke. Multiple
transcript variants encoding different isoforms have been
found for this gene. Additional alternatively spliced transcript
variants of this gene have been described, but their full-length
nature is not known.

FAIM2 Fas Apoptotic Predicted to enable calcium channel activity. Involved in the
Inhibitory Molecule 2 | regulation of the neuron apoptotic process. Acts upstream of

or within the negative regulation of the extrinsic apoptotic
signaling pathway via death domain receptors. Located in the
Golgi membrane and the membrane raft.

LINC02796 Long Intergenic Non- | LINC02796 (Long Intergenic Non-Protein Coding RNA 2796)
Protein Coding RNA | is an RNA Gene, and is affiliated with the IncRNA class.

2796

LINCO3111 Long Intergenic Non- | LINC03111 (Long Intergenic Non-Protein Coding RNA 3111)
Protein Coding RNA | is an RNA Gene, and is affiliated with the IncRNA class.

1"

RNU4-17P RNA, U4 Small RNU4-17P (RNA, U4 Small Nuclear 17, Pseudogene) is a
Nuclear 17, Pseudogene.

Pseudogene

AKAP6 A-Kinase Anchoring | The A-kinase anchor proteins (AKAPs) are a group of
Protein 6 structurally diverse proteins that have the common function of

binding to the regulatory subunit of protein kinase A (PKA)
and confining the holoenzyme to discrete locations within the
cell. This gene encodes a member of the AKAP family. The
encoded protein is highly expressed in various brain regions
and cardiac and skeletal muscle. It is specifically localized to
the sarcoplasmic reticulum and nuclear membrane, and is
involved in anchoring PKA to the nuclear membrane or
sarcoplasmic reticulum.

NYAP2 Neuronal Tyrosine- Predicted to be involved in neuron projection morphogenesis
Phosphorylated and phosphatidylinositol 3-kinase/protein kinase B signal
Phosphoinositide-3- | transduction.

Kinase Adapter 2

MIR-5702/5702

MicroRNA 5702

microRNAs (miRNAs) are short (20-24 nt) non-coding RNAs
that are involved in post-transcriptional regulation of gene
expression in multicellular organisms by affecting both the
stability and translation of MRNAs. miRNAs are transcribed
by RNA polymerase Il as part of capped and polyadenylated
primary transcripts (pri-miRNAs) that can be either protein-
coding or non-coding. The primary transcript is cleaved by the
Drosha ribonuclease Il enzyme to produce an approximately
70-nt stem-loop precursor miRNA (pre-miRNA), which is
further cleaved by the cytoplasmic Dicer ribonuclease to
generate the mature miRNA and antisense miRNA star
(miRNA*) products. The mature miRNA is incorporated into
an RNA-induced silencing complex (RISC), which recognizes
target mRNAs through imperfect base pairing with the miRNA
and most commonly results in translational inhibition or
destabilization of the target mMRNA. The RefSeq represents
the predicted microRNA stem-loop.

ADCY9

MAP2K5

Adenylate Cyclase 9

Adenylate cyclase is a membrane-bound enzyme that
catalyzes the formation of cyclic AMP from ATP. It is regulated
by a family of G protein-coupled receptors, protein kinases,
and calcium. The type 9 adenylyl cyclase is a widely
distributed adenylyl cyclase, and it is stimulated by beta-
adrenergic receptor activation but is insensitive to forskolin,

calcium, and somatostatin.

Mitogen-Activated
Protein Kinase
Kinase 5

The protein encoded by this gene is a dual specificity protein
kinase that belongs to the MAP kinase kinase family. This
kinase specifically interacts with and activates MAPK7/ERK5.
This kinase itself can be phosphorylated and activated by
MAP3K3/MEKKS3, as well as by atypical protein kinase C
isoforms (aPKCs). The signal cascade mediated by this
kinase is involved in growth factor-stimulated cell proliferation
and muscle cell differentiation. Three alternatively spliced
transcript variants of this gene encoding distinct isoforms
have been described.

LINC01741

SEC16B

Long Intergenic Non-
Protein Coding RNA
1741

SEC16 Homolog B,
Endoplasmic
Reticulum Export
Factor

SEC16Bisar ian of S.

LINCO01741 (Long Intergenic Non-Protein Coding RNA 1741)
is an RNA Gene, and is affiliated with the INcRNA class.

N Sec16 that
is required for the organization of transitional endoplasmic
reticulum (ER) sites and protein export

POM121C

DNAJB4

POM121
Transmembrane
Nucleoporin C

DnaJ Heat Shock
Protein Family
(Hsp40) Member B4

Predicted to enable nuclear localization sequence binding
activity. Predicted to be a structural constituent of the nuclear
pore. Predicted to be involved in RNA export from the nucleus
and protein import into the nucleus. Located in the nuclear
membrane and nucleoplasm.

The protein encoded by this gene is a molecular chaperone,
tumor suppressor, and member of the heat shock protein-40
family. The encoded protein binds the cell adhesion protein E-
cadherin and targets it to the plasma membrane. This protein
also binds incorrectly folded E-cadherin and targets it for

er ic reticulum- i ion. This gene is a
strong tumor suppressor for colorectal carcinoma, and
downregulation of it may serve as a good biomarker for
predicting patient outcomes. Several transcript variants
encoding different isoforms have been found for this gene.

GIPC2

TFAP2B

GIPC PDZ Domain
Containing Family
Member 2

Transcription Factor
AP-2 Beta

Enables identical protein binding activity. Located in the
extracellular exosome.

This gene encodes a member of the AP-2 family of
transcription factors. AP-2 proteins form homo- or
heterodimers with other AP-2 family members and bind
specific DNA sequences. They are thought to stimulate cell
proliferation and suppress terminal differentiation of specific
cell types during embryonic development. Specific AP-2
family members differ in their expression patterns and binding
affinity for different promoters. This protein functions as both a
transcriptional activator and repressor. Mutations in this gene
result in autosomal dominant Char syndrome, suggesting that
this gene functions in the differentiation of neural crest cell
derivatives.

MCMé

Minichromosome
Maintenance
Complex
Component 6

The protein encoded by this gene is one of the highly
conserved mini-chromosome maintenance proteins (MCM)
that are essential for the initiation of eukaryotic genome
replication. The hexameric protein complex formed by the
MCM proteins is a key component of the pre-replication
complex (pre_RC) and may be involved in the formation of
replication forks and in the recruitment of other DNA
replication-related proteins. The MCM complex, consisting of
this protein and MCM2, 4, and 7 proteins, possesses DNA
helicase activity and may act as a DNA unwinding enzyme.
The phosphorylation of the complex by CDC2 kinase reduces
the helicase activity, suggesting a role in the regulation of
DNA replication. Single-nucleotide polymorphisms in the
intron regions of this gene are associated with differential
transcriptional activation of the promoter of the neighboring
lactase gene and, thereby, influence lactose intolerance in
early adulthood.

CAST

Calpastatin

The protein encoded by this gene is an endogenous calpain
(calcium-dependent cysteine protease) inhibitor. It consists of
an N-terminal domain L and four repetitive calpain-inhibition
domains (domains 1-4), and it is involved in the proteolysis of
the amyloid precursor protein. The calpain/calpastatin system
is involved in numerous membrane fusion events, such as
neural vesicle exocytosis and platelet and red-cell
aggregation. The encoded protein is also thought to affect the
expression levels of genes encoding structural or regulatory
proteins. Alternatively spliced transcript variants encoding
different isoforms have been described.

TDRG1

Testis Development
Related 1

Predicted to be located in the cytoplasm. TDRG1 (Testis
Development Related 1) is an RNA Gene, and is affiliated
with the INcRNA class. Diseases associated with TDRG1
include Microvascular Complications of Diabetes 5 and
Cervical Cancer.

LINC00951

LINGO2

Long Intergenic
Non-Protein Coding
RNA 951

Leucine Rich
Repeat And Ig
Domain Containing
2

LINC00951 (Long Intergenic Non-Protein Coding RNA 951) is
an RNA Gene, and is affiliated with the IncRNA class.
Diseases associated with LINC00951 include
Immunodeficiency, Common Variable, 8, With Autoimmunity.

Predicted to act upstream of or within the positive regulation

of synapse assembly. Predicted to be located in the
membrane. Predicted to be active in several cellular
components, including the extracellular space, glutamatergic
synapse, and synaptic membrane.
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SF3A2

DTX2P1

Splicing Factor 3a
Subunit 2

DTX2 Pseudogene 1

This gene encodes subunit 2 of the splicing factor 3a protein
complex. The splicing factor 3a heterotrimer includes subunits
1, 2, and 3 and is necessary for the in vitro conversion of 158
U2 snRNP into an active 17S particle that performs pre-
mRNA splicing. Subunit 2 interacts with subunit 1 through its
amino-terminus, while the single zinc finger domain of subunit
2 plays a role in its binding to the 15S U2 snRNP. Subunit 2
may also function independently of its RNA splicing function
as a microtubule-binding protein.

DTX2P1 (DTX2 Pseudogene 1) is a Pseudogene.

UPK3BP1

Uroplakin 3B
Pseudogene 1

UPK3BP1 (Uroplakin 3B Pseudogene 1) is a Pseudogene.

PMS2P11

PMS1 Homolog 2,
Mismatch Repair
System Component
Pseudogene 11

Predicted to enable kinase activity. PMS2P11 (PMS1
Homolog 2, Mismatch Repair System Component
Pseudogene 11) is a Pseudogene.

LINCO1122

PPARG

Long Intergenic
Non-Protein Coding
RNA 1122

Peroxisome
Proliferator-
Activated Receptor
Gamma

LINCO01122 (Long Intergenic Non-Protein Coding RNA 1122)
is an RNA Gene, and is affiliated with the INcRNA class.

This gene encodes a member of the peroxisome proliferator-
activated receptor (PPAR) subfamily of nuclear receptors.
PPARs form heterodimers with retinoid X receptors (RXRs),
and these heterodimers regulate transcription of various
genes. Three subtypes of PPARs are known: PPAR-alpha,
PPAR-delta, and PPAR-gamma. The protein encoded by this
gene is PPAR-gamma and is a regulator of adipocyte
differentiation. Additionally, PPAR-gamma has been
implicated in the pathology of numerous diseases, including
obesity, diabetes, atherosclerosis, and cancer. Alternatively
spliced transcript variants that encode different isoforms have
been described.

Retinoic Acid
Receptor Beta

This gene encodes retinoic acid receptor beta, a member of
the thyroid-steroid hormone receptor superfamily of nuclear
transcriptional regulators. This receptor localizes to the
cytoplasm and to subnuclear compartments. It binds retinoic
acid, the biologically active form of vitamin A, which mediates
cellular signaling in embryonic morphogenesis, cell growth,
and differentiation. It is thought that this protein limits the
growth of many cell types by regulating gene expression. The
gene was first identified in a hepatocellular carcinoma, where
it flanks a hepatitis B virus integration site. Alternate promoter
usage and differential splicing result in muiltiple transcript
variants.

BDNF

Brain-Derived
Neurotrophic Factor

This gene encodes a member of the nerve growth factor
family of proteins. Alternative splicing results in multiple
transcript varlants at least one of which encodes a

1 that is pr the
mature protein. The blndlng of thls proteln to |ts cognate
receptor promotes neuronal survival in the adult brain.
Expression of this gene is reduced in Alzheimer's,
Parkinson's, and Huntington's disease patients. This gene
may play a role in the regulation of the stress response and in
the biology of mood disorders.

BDNF-AS

BDNF Antisense
RNA

BDNF-AS (BDNF Antisense RNA) is an RNA Gene, and is
affiliated with the IncRNA class. Diseases associated with
BDNF-AS include Gli bma and Multiple Myel

RAPSN

RPL35AP22

Receptor

This gene encodes a member of a family of proteins that are

d Protein
Of The Synapse

Ribosomal Protein
L35a Pseudogene
22

d proteins of the synapse. The encoded
pro(eln contains a conserved cAMP-dependent protein kinase
phosphorylation site and plays a critical role in clustering and
anchoring nicotinic Icholine receptors at ptic sites
by linking the receptors to the underlying postsynaptic
cytoskeleton, possibly by direct association with actin or
spectrin. Mutations in this gene may play a role in
postsynaptic congenital myasthenic syndromes. Alternatively
spliced transcript variants encoding multiple isoforms have
been observed for this gene.

RPL35AP22 (Ribosomal Protein L35a Pseudogene 22) is a
Pseudogene.

ASTN2

Astrotactin 2

This gene encodes a protein that is expressed in the brain
and may function in neuronal migration, based on functional
studies of the related astrotactin 1 gene in human and mouse.
A deletion at this locus has been associated with
schizophrenia. Multiple transcript variants encoding different
proteins have been found for this locus.

TMEM161B-DT

TMEM161B
Divergent Transcript

Predicted to be a structural constituent of the ribosome.
Predicted to be located in the ribosome. TMEM161B-DT
(TMEM161B Divergent Transcript) is an RNA Gene, and is
affiliated with the IncRNA class. Diseases associated with
TMEM161B-DT include Glioma.

MIR9-2HG

MIR9-2 Host Gene

This is an evolutionarily conserved gene that produces
alternatively spliced long non-coding RNAs that may be
expressed predominantly in the brain and visual cortex.
These transcripts may be involved in tumorigenesis, as
depletion by siRNA suppressed glioma cell division.
Transcripts may also bind to and regulate the activity of
miR-411-5p and argonaut 2, thereby altering the expression
of genes involved in tumor growth.

GLP1R

Glucagon-Like
Peptide 1 Receptor

This gene encodes a 7-transmembrane protein that functions
as a receptor for glucagon-like peptide 1 (GLP-1) hormone,
which stimulates glucose-induced insulin secretion. This
receptor, which functions at the cell surface, becomes
internalized in response to GLP-1 and GLP-1 analogs, and it
plays an important role in the signaling cascades leading to
insulin secretion. It also displays neuroprotective effects in
animal models. Polymorphisms in this gene are associated
with diabetes. The protein is an important drug target for the
treatment of type 2 diabetes and stroke. Alternative splicing of
this gene results in multiple transcript variants.

DNAH8

Dynein Axonemal
Heavy Chain 8

The protein encoded by this gene is a heavy chain of an
axonemal dynein involved in sperm and respiratory cilia
motility. Axonemal dyneins generate force through hydrolysis
of ATP and binding to microtubules.

MIR1915HG

MIR1915 Host Gene

MIR1915HG (MIR1915 Host Gene) is an RNA gene and is
affiliated with the IncRNA class.

SKIDA1

SKI/DACH Domain
Containing 1

Predicted to enable DNA-binding transcription factor activity.
Predicted to be involved in the regulation of transcription by
RNA polymerase 1.

AS3MT

Arsenite
Methyltransferase

AS3MT catalyzes the transfer of a methyl group from S-
adenosyl-L-methionine (AdoMet) to trivalent arsenical and
may play a role in arsenic metabolism

BORCS7- BORCS7-ASMT This locus represents naturally occurrlng read-through
ASMT Readthrough (NMD | transcription 100rf32 (ct
Candidate) 10 open reading frame 32) and ASSMT (arsenic, +3 oxidation
state, methyltransferase) genes. The read-through transcript
is a candidate for nonsense-mediated mRNA decay (NMD)
and is therefore unlikely to produce a protein product.
SH2B1 SH2B Adaptor This gene encodes a member of the SH2-domain containing
Protein 1 mediators family. The encoded protein mediates activation of
various kinases and may function in cytokine and growth
factor receptor signaling and cellular transformation.
Alternatively spliced transcript variants have been described.
LINC02790 Long Intergenic LINC02790 (Long Intergenic Non-Protein Coding RNA 2790)
Non-Protein Coding | is an RNA Gene, and is affiliated with the IncRNA class.
RNA 2790
ZRANB3 Zinc Finger Enables ATP-dependent DNA/DNA annealing activity, DNA
RANBP2-Type endonuclease activity, and K63-linked polyubiquitin
Containing 3 modification-dependent protein binding activity. Involved in
DNA repair, replication fork reversal, and response to UV.
Located in the nuclear 1 fork and r

Supplemental Table 2: Gene lists from The CDC Public Health
Genomics and Precision Health Knowledge Base, version 10.0 (PHGKB),
and Phenome-wide association study Web (PheWeb), and Huang e# a/.3%5657

PHGKB PheWeb Huang et al.
TMEM18 FTO PTEN
GNPDA2 MC4R | TXNIP
ETVS DEFB136 TGFBR2
FAIM2 TMEM18 RUNX1
MTCH2 SBK1 KIF24
NEGR1 DOCK11 PCED1A
SH2B1 SEMAS3F | LIPC
MAF SPANXB1 YTHDC1
NPC1 KCNJ15 ACTB
ENPP1 ZNF668 NUP93
BDNF FAR1 KMT2A
KCTD15 ANXA1 | MYH9
PRRC2A PINX1 cuL1
SEC16B MSRA TMCO4
PTER PRKG1 FCRL6
RGS18 MEGF8
MCHR2 IKZF2
SND1 HLA-A
EDIL3 | KLF5
KCNJ6 SLC27A5
OLFM4 DIAPH1
C150rf48 TP53
PPP3CA ARAF
TRAPPC9 | AMER1
FOXR2 PCBP1
SEL1L BRAF
WNT7A DYNC1I1
CTsC USP9X
FGF1 | CREB3
ZNF722 ELF3
XKR6 CTNNB1
EPS8L2 ATP1B4
BTBD3 DST
PCDH11X | PTPN11
LIPG FAS
BCL11B ARID1A
MRPS28 CD70
LMO3 TMEM30A
RSBN1 | CIITA
SMAD2 H1-2
NDUFS4 | DNAH10
RGS7 HLA-B
PCDH9 BIRC6
GADL1 CDC42BPA
PARK7 PZP
GPC5 | ERBB2
MRLN CuL3
PSMG1 BAP1
PLEKHM1 FAM20C
ZNF716 ASPRV1
ZNF236 | TXNIP
NALF1 KDM6A
ZNF722 GTF2E1
PTER KRAS
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FAM133A TRIM71
[ GGT1 IDE
CFAP53 PPT2
CD163 CDKN1B
PABPC1L2B ARHGEF17
KLHL1 ADAM12
[ LPP KCTD20
Cox7Cc usp7
FAM220A MFSD3
MS4A10 SIRPD
OLFM3 KDM6A
[ ZFP37 DNAH14
AlG1 RHCG
ADGRG6 ZFP36L2
TCF7L2
BCL9
CLCN5
SMAD4
PCDHGB4
PTEN
SGMS1
CDKN2A
RIPOR3
CALHM4
IDH1
TNFSF14
CFHR4
CYSLTR2

Abbreviations: PHGKB, Public Health Genomics and
Precision Health Knowledge Base; PheWeb, Phenome-wide
association study Web.
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