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Abstract

The aim of my research is to find out, by applying various data mining and statistical
methods, whether common aging related patterns exist in cancer/ control groups and
across different tissues in the obtained DNA methylation data.

In the analysis, sixteen different publicly available datasets from TCGA2 database
were investigated to find out how epigenetic aging processes manifest themselves in
cancer tissues. The second goal is to identity if normal and cancer tissues are different
in terms of epigenetic aging. And if the onset of cancer can be predicted early using
aberrant epigenetic aging markers.

I used the publicly available datasets from TCGA database. Each dataset comes from
a different case/ control cancer study where DNA modification of samples from different
tissues were analyzed using Illumina Infinium R©450k Human DNA methylation Beadchip
microarray technology. The preliminary data analysis was done using statistical and data
analysis methods like Principal component analysis, Multiple linear regression.

The first year literature review results revealed that we are solving an important
problem and our approach is unique. Preliminary data analysis identified multiple
probes showing differiantial aging trends in various cancers. And ontology analysis re-
vealed that the probes may be related to the some processes independently of cancer
type.
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1 Introduction

The aim of the research is to find out, by applying various data mining an statistical
methods, whether a general aging related pattern exists across different tissues.

DNA methylation data is used for the analysis in this report. DNA methylation is
an epigenetic modification when methyl group is added to C-5 position of the cytosine
nucleotide in the deoxyribonucleic acid (DNA). Epigenetic modifications is important to
cell specialization. DNA methylation plays an important role in gene expression. The
increased methylation (hypermethylation) in gene promoter area might silence an expres-
sion, and a decrease of DNA methylation (hypomethylation) might increase the expression
of gene. DNA methylation is also important for chromosomal stability, and the abnor-
malities in it were associated with various diseases, and cancer [BJ11].

Various studies revealed that DNA methylation changes during the time. Age is
a major risk factor for cancer. While investigating DNA methylation changes during
a lifetime, it was discovered that it is possible to calculate human age using methyla-
tion levels in particular genomic positions. A high difference between chronological and
predicted age, an accelerated aging, was associated with an increased risk to get a dis-
ease [LYU+16, MSM+15, S13].

In this report I search for aging related epigenetic marks which would differ be-
tween healthy and cancer samples. Identification of such patterns would reveal how
DNA methylation is associated with aging process, and which abnormalities in DNA
methylation is related to cancer. It would help to understand disease etiology, diagnose
it early, and find the way to stop its progression.

Various statistical and data analysis techniques were applied to analyze different can-
cer datasets. DNA methylation data analysis is challenging because of extreme variation
across different tissues; p � N problem [HTF09] when a number of features (various
genomic positions) is higher than a number of samples; data quality problem; batch ef-
fects; outliers (bad samples which could misrepresent the results). Data pre-processing
(normalization, identification and removal of potencial batch effects, outliers removal using PCA)
and analysis technique present in this report helped to solve most of problems and get
preliminary results.

Preliminary results suggest that aging related pattern exist in all cancer datasets. Sig-
nificant genomic positions (probes) were identified. Probes were mapped to correspond-
ing gene. And gene ontology analysis revealed that most of genes are involved in similar
molecular, biological processes, and are related to a same signaling pathway.

2 Methods

Sixteen different publicly available datasets from TCGA [NtNHGRIN17] were used
in the analysis. Each dataset consists of healthy and cancer patients samples with their
medical records, and methylation values from various genomic positions.
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Figure 1: Gender effect shown in the first three principal components (kidney tissue analysis).

2.1 Pre-processing

Raw data was normalized using functional normalization [FLL+14].
A majority of samples come from caucasian race patients. The race effect (a potencial

batch effect) was removed by leaving only one race (caucasian) samples.
Missing values were presented in the data. They were imputed using mean values.
The existing outliers were removed using first three principal components (PCs) after

principal component analysis (PCA) [Pea01, Hot33]. The samples, which fall outside 3
standard deviations from mean in at least one of three PCs, were removed.

Principal components, which correlated with samples’ medical records (potential
batch effects) such as batch number, vital status, gender (figure 1), and etc., were used
as confounders in the further analysis.

2.2 Analysis

Significant probes identification was done using linear model. Zero and alternative
models were defined and compared. Zero model is the subset of alternative model. Both
models are applied to the data, and the residual sum of squares (RSS) is calculated. F
statistic is used to test if RSS differs in two models. If calculated p value is below the
threshold 0.05 it is assumed that the models differs.

Linear model were chosen because it was noticed that DNA methylation is expressed
exponentially at early age, but later it is expressed linearly. And analyzed data is from
older patients.

Different approaches were defined to reveal different aging related patterns.
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Firstly, I wanted to identify aging related probes. Zero model (1) and alternative
model (2) were compared, and the probes which p value was below the threshold were
assumed to be significant.

methylation_expression ∼ 1 + age+ diagnosis+ confounders (1)

methylation_expression ∼ 1 + diagnosis+ confounders (2)

The second question was if age:disease interactions in the alternative model (3) ex-
plains more than a simple zero model (4).

methylation_expression ∼ 1 + age : diagnosis+ age+ diagnosis+ confounders (3)

methylation_expression ∼ 1 + age+ diagnosis+ confounders (4)

The third approach by comparing alternative (5) and zero model (6) helped to iden-
tify in which probes the effect of aging differs between cases and controls.

methylation_expression ∼ 1 + age+ age : diagnosis+ diagnosis+ confounders (5)

methylation_expression ∼ 1 + age+ confounders (6)

The last approach was used to identify differentially aging probes. Zero (8) and al-
ternative models (7) were compared.

methylation_expression ∼ 1 + age+ age : diagnosis+ diagnosis+ confounders (7)

methylation_expression ∼ 1 + confounders (8)

Lists of significant probes were got for each tissue using previously described
method.

Significant probes were mapped to corresponding genes and ontology analysis was
done to identify major molecular, biological processes and signaling pathways in which
participate related genes.

3 Results

Preliminary analysis revealed that aging related patterns exist in the data.
Significant probes identified in previous analysis (See Methods) were mapped to

corresponding genes. Gene ontology analysis was done using PANTHER tool [PAN17,
TKC+03] for each cancer dataset. It revealed that most of genes are involved in similar
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molecular, biological processes, and are related to the same signaling pathway.

4 Conclusions and further work

Preliminary results revealed that aging related patterns exist in analyzed cancer data.
And gene ontology analysis showed that genes, related to significant probes, might come
from similar biological processes. Further investigation is required to get a better un-
derstanding of presented biological processes, and how they are related to aging. Un-
derstanding of biological processes would help to improve the analysis, and preliminary
results.

The following steps will be done to improve the analysis and preliminary results:

1. Review preliminary results and continue investigation into gene ontologies

2. Review current pre-processing and analysis steps

3. Continue investigation into aging related patterns in cancer
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