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Abstract

The increasing use of plastics has elevated the risk of exposure to environmen-

tal pollutants such as plasticisers in the general population, making it necessary

to understand the possible long term health consequences of the same. In this

study we aim to understand how DEHP affects the gene expression in mice mod-

els and if it causes disruptions to its cellular pathways. Two datasets, GSE18564

and GSE14920 comprising of 15 and 60 samples respectively were downloaded

from GEO database for analysis. Quality control checks were done using Prin-

cipal Component Analysis and quantile normalisation. Differentially expressed

genes were found using LIMMA model, following which only top 20 genes were

selected for pathway analysis using KEGG and Gene Ontology. DEHP was found

to be associated with chemical carcinogenesis, including negative regulation of

extrinsic apoptotic signaling pathway and fatty acid metabolism. Furthermore,

it seems likely that PPAR-might play a key role in DEHP related metabolic dis-

ruption. Further studies are required to better elucidate the effect of DEHP on

individual metabolic pathway implicated in this thesis.
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Plastics and Us: Best friends or Frenemies?

Popular Science Summary

Shrija Srinivasan

Plastics are ubiquitous in the modern-day human society. From toothbrushes to

rovers moving around on Mars, pretty much every single man-made object con-

tains plastics of some form. Plastics are easily among themost durable, lightweight,

and adaptable materials made by humans. They are also among the cheapest ma-

terials around as the raw material for plastic manufacturing is readily available

as a by-product of crude oil refining. Furthermore, plastics can be easily melted

and moulded into any shape and size as compared to metals. As a result, plastics

have been widely adopted for wide-range of products and purposes, in many cases

replacing more traditional materials such cloth, glass and metals. For example,

a take-away ordered from a restaurant would come in a plastic bag instead of a

traditional cloth bag, have plastic cutlery instead of metal, and would be delivered

by delivery-agent wearing a helmet made of plastic.

But many raw plastics are not readily usable. In order to make them more usable

additives called plasticisers are added to the raw plastics during the manufacturing

process. The type of plasticisers added to the raw material depends on the type of

finished product being manufactured. A good of example this would the manu-

facturing process of one of the most common plastics around, PVC or Poly-vinyl

chloride. Raw PVC is extremely brittle, and as a result plasticisers are added to

raw PVC in order to make them more pliable.

There are many different kind of plasticisers belonging to different classes, and

one of the most commonly used class of plasticisers are Phthalates. Some of the

most commonly used Phthalates include Dimethyl phthalate(DMP), Diethyl ph-

thalate(DEP), and Di(2-ethylhexyl) phthalate(DEHP). Phthalates are also capable

of leaking into their environment from plastic products, and a few studies such as
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those by Casals-Casas et al.(2008) and Bansal et al.(2017) indicate that phthalate

class plasticisers may cause disruption in the endocrine system, and as a result may

affect the hormonal balance in people.

Given the widespread use of phthalate plasticisers in daily-use plastics, it is impor-

tant to understand how phthalates affect us. Furthermore, it is important tounder-

stand the underlying cellular mechanisms for phthalate related health problems.

Through this study, we try to understand which genes and metabolic pathways are

affected by exposure to one such phthalate known as DEHP. In this study, we used

publicly available datasets of mice which were exposed to DEHP. These datasets

contained information regarding the expression of genes in these mice. The data

was then analysed using statistical and bioinformatics tools to reveal which genes

and pathways might be affected.

In this study we found, that a signalling pathway know as PPAR α-signalling path-

way might play a role in DEHP exposure. Furthermore, the study also found

that cholesterol metabolism pathways, and steroid hormone biosynthesis pathways

may also be affected by DEHP. This is consistent with previous studies which have

implicated DEHP with endocrine disruption.

While, it is no news that plastics are bad for the environment, it is near impossible

to exclude them frommodern life. Hence, it is important that plasticmanufacturing

processes take into account the possible health problems additives like phthalates

can bring. Many countries, including those in the European Union have either

phased out the use of certain phthalates or are in the process of phasing them out.

It is upto us humans to decide whether we want plastics to be our best friend who

does not bring any ill-health, or as a frenemy, a necessary evil that we need to

tolerate in order to continue with the comforts of modernity.
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Abbreviations

3D Three dimensional

CNC Computer numerical control

DEHP Di(2- ethylhexyl) phthalate

EDC Endocrine-disrupting chemicals

FDR False Discovery Rate

GEO Gene Expression Omnibus

KEGG Kyoto Encylopedia of Genes and Genome

KO Knock Out

LIMMA Linear Model for Microarray Data

PCA Principal Component Analysis

PPAR Peroxisome Profilerator-Activated Receptor

PPE Personal Protective Equipment

PVC Polyvinyl chloride

WT Wild Type
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1 Introduction

Plastics and plastic-derived products have been a key driving for the expansion

of the manufacturing capabilities of modern industrial society, and in its various

forms plastic is omnipresent in our daily lives. From camping tents used for leisure

to greenhouses used in agriculture to syringes and PPE-kits used by healthcare

workers during the ongoing pandemic, plastics are indispensable in the modern

world. Given the pliability of plastics in terms of manufacturing and use, it is in-

creasingly being used in order to overcome manufacturing obstacles faced while

using traditional methods such as Computer Numerical Control (CNC) machin-

ing. In the recent years additive manufacturing techniques such as 3D-printing

has become popular both in the industry and hobby manufacturing circles. Most

commercially available 3D-printers use plastic filaments or resin to manufacture

parts and/or products. Furthermore, plastics are used in everyday items such food

packaging, plumbing, and electrical wiring.

Given this ever-increasing omnipresence of plastics in our lives, the effects of plas-

tics and plastic additives has been of concern for long and is also a growing field of

study. Many plastics in their raw form are not usable for their intended purposes.

As a a result, additives known as plasticisers are usually added to raw plastics in

order to transform them into a usable form. Increasingly a class of plasticisers

known as phthalates have been implicated as endocrine disruptors in various or-

ganims (Bansal et al., 2017; Casals-Casas et al., 2008). One such phthalate, Di(2-

ethylhexyl) phthalate (DEHP), is a widely used plasticiser in Polyvinyl chloride

(PVC) (PubChem, 2004). Incidentally PVC is also among the most widely used

plastics in homes. They are present in electrical wiring, plumbing, floor tiles, and

many other household products. As DEHP is not an integral part of polymer struc-

ture of PVC, it leaks into the environment and as result organism are exposed to

this chemical either through ingestion or through dermal contacts (Halden, 2010).

DEHP is also known to be an endocrine disruptor and has been known to affect the

endocrine systems in adult mice after prenatal exposure (Campioli et al., 2014),

and also in African sharptooth catfish (Adeogun et al., 2018).

It is therefore essential to understand the underlying genetic mechanism involved

1



in phthalate related endocrine disruptions. In this study, we attempt to uncover the

genes and metabolic pathways affected by exposure DEHP in mice models. Two

publicly available microarray datasets, namely, GSE14920 (Eveillard et al., 2009)

andGSE18564 (Ren et al., 2010) were collected fromGEOdatabase (Barrett et al.,

2011). While both dataset contain samples from Perisome Profilerator-Activated

Receptor (PPAR-α), the former consists of sample exposed to varying dosages

of DEHP, whereas the latter had constant dosage. Both datasets were subject to

statistical and bioinformatic analyses in order to elucidate the differential expres-

sion of significant genes in these samples. The genes were then used for pathway

analysis to identify which metabolic pathways they might be associated with and

therefore identify possible metabolic pathways which may subject to disruption

by DEHP.

2 Background

2.1 Endocrine Disruptors

Endocrine disruptors or endocrine-disrupting chemicals(EDC) are chemicals ca-

pabale of interfering with proper functioning of the endocrine system. Due to their

ability to interfere with endocrine regulation in the body, EDCs can not only cause

problems in the endocrine system, they can also interfere with other bodily sys-

tems such nervous system, immune system, cardiovascular system etc., leading

adverse health effects (Schug et al., 2011). Endocrine disruptors belong to classes

of chemicals ranging from synthetic substances such dioxins, phthalates, and pes-

ticides to naturally occuring substances such as phytoestrogens found in soy-based

food products (Diamanti-Kandarakis et al., 2009).

The mechanisms through which EDCs affect the endocrine system varies drasti-

cally. While some EDCs work by disrupting cell-signalling pathways (Yang et al.,

2019), some other endocrine disruptors work by mimicking naturally present hor-

mones in the body, e.g., phytoestrognes in soy-based substances mimick the estro-

gen leading to fertility problems in male mice(Cederroth et al., 2010). A review
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study by Diamanti-Kandarakis et al.(2009) showed that EDCs can act by inter-

acting with transcriptional coactivators and enzymatic pathways associated with

steroid biosynthesis and/or metabolism, and other pathways that evenutally affect

the endocrine and reproductive system. Furthermore, EDCs may not exhibit simi-

lar chemical structures and therefore make it is difficult to anticipate which chem-

icals might have the potential to be endocrine disruptors (Diamanti-Kandarakis

et al., 2009). It is therefore important to uncover and understand the mechanisms

through which EDCs affect organism. Furthermore, the widespread use of EDCs

make them common environment pollutants and therefore it is also necessary to

understand the scale of problems that EDCs may pose.

2.2 Phthalates, and DEHP

Phthalates are a class of chemicals which are esters of phthalic acid (Staples, 2003),

which are widely used as plasticiser in the manufacture of many daily use plastics

such as food-packaging, wall and floor coverings and medical devices such as

oxygen-masks (Hauser & Calafat, 2005). As plasticisers, phthalates do not get

chemically integrated into the polymer structure of the plastics and therefore they

can seep into the environment and onto any surfaces they might be in contact with

(Heudorf et al., 2007). Phthalates are known endocrine disruptors, which have

been implicated in the disruption of many cellular pathways including carcino-

genesis (Ito & Nakajima, 2008) and steroidal biosynthetic pathways(Ahmad et al.

(2017)).

Di(2- ethylhexyl) phthalate, also known as DEHP, is among most widely used

phthalate class plasticisers. DEHP is usually ingested through the environment

exposure or ingestion of substance exposed to it (Silva et al., 2006). After be-

ing ingested, DEHP is metabolised by pancreatic lipases before being excreted via

urine or faeces (Albro & Thomas, 1973). DEHPmetabolism can produce in oxida-

tive metabolites, making the actual DEHP metabolism pathway extremely com-

plex (Caldwell, 2012). DEHP has been associated with an increased proliferation

of breast cancer cells in human cell lines and decreased apoptosis due to disruption

of progesterone receptor regulation (Crobeddu et al., 2019). Furthemore, pre-natal
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exposure to DEHP has been implicated in the early on-set of reproductive senes-

cence (Barakat et al., 2017) and increased disposition to hormonal disruption in

adrenal glands in mature male mice (Lee et al., 2016).

2.3 Peroxisome Profilerator-Activated Receptors

Peroxisome Profilerator-Activated Receptors (PPAR) is a family of nuclear re-

ceptor proteins which function as ligand activated transcription factors, regulating

gene expression (Chen & Jansson, 2017). PPAR are known to play an important

role in metabolic signaling pathways such as fatty acid metabolism and oxidation,

energy homeostasis, adipogenesis and lipid metabolism (Grygiel-Górniak, 2014).

There are three isoforms of PPAR: PPAR-α, PPAR-β, PPAR-γ (Grygiel-Górniak,

2014). The expression of PPAR-α is noticed predominantly in hepatocytes, car-

diac cells and skeletal muscles (Grygiel-Górniak, 2014). PPAR-α is also involved

in fatty acid metabolism (Neschen et al., 2007). PPAR-β is involved in fatty acid

oxidation (Wang et al., 2003) and regulates the cholesterol levels in blood (Li &

Chiang, 2009). While the expression of PPAR-γ is associated in lipid biosynthesis,

energy homeostasis and adipogensesis (Grygiel-Górniak, 2014).

3 Materials

3.1 Data

The datasets used in this project were collected from GEO database, a public mi-

croarray database (Barrett et al., 2011). Only the datasets with C57BL6 male

mice and with DEHP exposure were considered. For this project, GSE18564

and GSE14920 were taken for study (Ren et al., 2010; Eveillard et al., 2009).

GSE18564 consisted of expression profile of 15 liver samples of C57BL6 mice

exposed to 4 days of DEHP. Out of 15 samples, 4 samples were PPAR α Knock-

Out control, 3 were PPAR-α Knock-Out DEHP exposed, 4 were PPAR-α Wild

Type control and 4 were PPAR-α Wild Type DEHP exposed microarray samples.
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While GSE14920 had the expression profile of 60 liver samples of C57BL6 mice

exposed to 21 days of DEHP. Out of 60 samples, there were 10 samples each of

Wild Type(WT) Control, PPAR α Deficient Control, Wild Type(WT) exposed to

20mg of DEHP exposure, Wild Type(WT) exposed to 200mg of DEHP exposure,

PPAR-α mice exposed to 20mg of DEHP exposure and, PPAR-α deficient mice

exposed to 200mg exposure. See table 1 for an overview of the experimental de-

sign of the datasets.

Table 1: Experimental design of the datasets

GSE18564 GSE14920

Number of Samples

PPAR Wild Type Control (4)

PPAR Wild Type DEHP (4)

PPAR KO Control (4)

PPAR KO DEHP (3)

Wild Type Control (10)

PPAR Deficient Control (10)

Wild Type DEHP 20mg(10)

Wild Type DEHP 200mg(10)

PPAR DEHP 20mg (10)

PPAR DEHP 200mg (10)

Dosage 200 mg/kg/day
20 mg/kg/day

200mg/kg/day

Strain C57BL male mice C57BL/6J male mice

Duration of Exposure 4 days 21 days

3.2 Software

The project was implemented in R version 4.0.0. The R package, Bioconductor

was used to access the GEO datasets (Gentleman et al., 2004). The getGEO pack-

age in R helps to directly download and parse the GEO dataset files into a data

structure that is easy to work with.

Limma is a bioconductor package used in R for the analysis of microarray data

(Ritchie et al., 2015). The package is tailored for various functions like using lin-

ear models to analyze arbitrary complex designed experiments and evaluation of

differential expression.
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The biomaRt package in Bioconductor is an interface that retrieves information

from Ensembl, UniProt and HapMap to access information easily using queries

(Smedley et al., 2009) The biomaRt package in this project was used to retrieve

information of gene name, Entrez ID, GO ID, and Entrez gene accession number

for the datasets.

Statistical tests are performed on biological experiments to identify functionally

relevant gene clusters that are differentially regulated. The list of GO terms are

often large in size and redundant in nature. The package, rrvgo, based on REVIGO

helps to simplify the redundancies by grouping these GO terms based on semantic

similarities (Supek et al., 2011).

To understand the functional network of the biological systems, clusterProfiler

package helps to call KEGG Pathway and Reactome Pathway database to find

relatively closest and the most significant functional network related to the genes.

In our project, we used clusterProfiler to find the most significant genes that are

affected due to the exposure of DEHP on the genes. For the purpose of this project,

only KEGG Pathway is used (Kanehisa et al., 2017).

orthologsbioMART, a bioMART package that maps orthologous genes from one

species to another. In this project, we use findOrthologsMmHs function to retrieve

statistically significant human ensembl gene IDs from mouse ensembl gene IDs.

6



4 Methods

Figure 1: End to end workflow of differential gene expression for the datasets
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4.1 Pipeline

The objective of this study was to find the effects of DEHP exposure on genes

and their involvement in the cellular pathways. To achieve this goal, certain steps

were followed to deduce differentially expressed genes. We perform statistical

analysis on individual data files to extract unique genes that are involved by DEHP

exposure and find those common genes between the two datasets that are involved

by DEHP exposure. Figure 1 is an overview of the workflow for differential gene

expression used in this project.

4.1.1 Pipeline Step 1: Quality Control

After importing the required datasets for this project into R studio, quality con-

trol checks were performed to look for outliers and see if the data clusters are

as expected., e.g., by experimental conditions, batch effects, etc. The expression

data files - GSE18564 and GSE14920 were examined carefully, and a logarithmic

scale(log2) was applied to the raw data of GSE18564 alone. While, GSE14920 had

been pre-processed with log2 transformation before importing into R. This was to

ensure that both datasets were normally distributed before analysing further.

Principal Component Analysis(PCA) plot was then applied to the log2 transformed

data to visualise the quality of the transformed data and see how the clusters were

formed. Each data point on the plot represents a sample. Based on the clusters

formed on the PCA for both datasets, additional quality control of the data using

Limma was performed.

For quality control, Limma was used on the transformed data to drop missing

values, and filter out lowly expressed genes with log2(intensity) that are lesser

or equal to 5.

4.1.2 Pipeline Step 2: LIMMA Model

Linear Model for Microarray Data or also commonly known as limma evaluates

genes in the datasets that are differentially expressed. This is done by fitting the

expression data into linear models. The linear models are then used for hypothesis

testing of complex experimental setups. The limma model in our project followed

the same steps and was then validated by t-statistics and removing false positives
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by FDR correction. The FDR correction was used over P-Value to explicitly find

truly significantly differentially expressed genes.

4.1.3 Pipeline Step 3: Analysis of differential gene expression

A volcano plot was generated to visualise the differentially expressed genes due

to DEHP exposure. A cutoff value of 0.05 was applied to filter significant and

non-significant genes.

4.1.4 Pipeline Step 4: Additional Analysis

After analysis and visualisation of the differentially expressed genes using Vol-

cano Plot and FDR correction, Gene Ontology(GO) was performed to characterise

the genes and evaluate their possible functions. There are threeways/terms of char-

acterising gene functions: Biological Process (BP), Molecular Function (MF), and

Cellular Component (CC). To characterise which genes are involved with DEHP

exposure and know its possible function, it was imperative that we selected the

Biological Process(BP) terms.

Additionally, orthologousbioMART package was used for finding the orthologs of

the significant differentially expressed genes in humans.

5 Results

5.1 GSE18564: Effect on Hepatic cells due to DEHP exposure

To evaluate the effects of gene expression on hepatic cells to DEHP exposure, indi-

vidual PCA plot were successfully created using the expression data of GSE18564.

Three clusters were noticed: control samples, PPAR-α Knock Out genes exposed

to DEHP and PPAR-α Wild Type exposed to DEHP (Fig. 2). PC1 accounted for

47.79% and PC2 accounted for 19.67% of the variance in the data respectively.

PC1 and PC2 together accounted for 67.46% of the variance, even though it was

low, it was considered for further analysis as it accounted for the majority of the

variance. PC3 was not considered further as it only accounted for 7.17% of the
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variance. The clustering in the plot indicates that Wild Type samples exposed to

DEHP showed a change in expression. While, Knock out control samples and

Wild Type control samples seemed unaffected by DEHP exposure after four days

of 200mg/kg/day dosage administration. Similarly, Knock Out samples exposed

to DEHP hardly exhibited its effects like the control. This test proved that there

was an imperative need to analyse which genes were differentially expressed in

these samples to DEHP exposure.

Figure 2: GSE18564: Principal Component Analysis (PCA) of hepatic cells. Principal

Component is shown for control and DEHP treated samples. Red represents control

samples and Blue represents DEHP-treated samples

After quality control checks, quantile normalisation of the expression data was

done. This was done to account for any variations like batch effects and laboratory

conditions. A heatmap was generated on the calibrated data to evaluate the effects

of treatment on samples. The distance measured on heatmap was using Euclidean

distance. As seen in Fig. 3, the PPAR-α Wild Type exposed to DEHP samples in

GSE18564 seem to have significantly different expression levels as compared to
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all other samples. This validates the observation made in Fig. 2 that Wild Type

samples are affected by DEHP.

Figure 3: Characterisation of Sample to sample distance heatmap plot with different treat-

ments: control and DEHP. It is done using Pearson’s correlation on log2 transformed

expression data. The scale defines the degree of correlation

While using LIMMA model, median expression levels were calculated to filter

out genes that are below the threshold detection. Contrasts were defined using the

experimental models from our GEO datasets. For finding which genes were differ-

entially expressed overall, we calculated decideTests using p-values , t- statistics,

and adjusted p-value(FDR) of 0.05. Out of 4,838 genes, 79 unique genes (adjusted
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p-value 0.05) were found that were differentially expressed (Refer Appendix Fig.

11). Out of the differentially expressed genes, top 20 genes were selected for fur-

ther analysis.

The differential expression plot was generated to visualise the significantly af-

fected genes in the sample (Fig. 4). The heatmap indicates a mild change in ex-

pression levels of samples between PPAR-αKnockedOut(KO) genes and PPAR-α

DEHP exposed genes.

Figure 4: Cluster heatmap of gene expression data. The colour scale in the heatmap

indicates the level of expression. X axis corresponds to the type of samples and Y axis

contains the top 20 genes involved in the expression change

Using the top 20 significant genes, KEGG pathway was performed and was found

that exposure to DEHP and PPAR-α were involved in the enrichment of focal

adhesion (q-value 2.52x10 -6), cholinergic synapse (q-value 6.88x10 -7) and gluta-

matergic synapse(q-value 6.88x10 -7) (Fig. 5). An enrichment pathway was also

generated to cluster and visualise similar gene sets participating in the same bio-

logical process (Refer Appendix Fig. 13). The emap plot also validated with the
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KEGG pathway that these genes have an effect on glutamatergic synapse, cholin-

ergic synapse and circadian entrainment. These gene sets also affects pathways

involved in focal adhesion and Fc gamma R-mediated phagocytosis.

Figure 5: GSE18564: Enriched KEGG pathway analysis. The colour of the bar plot cor-

responds to adjusted p-value. KEGG indicates that Focal Adhesion is the most affected

affected pathway among gene sets.

5.2 GSE14920: Effect on Hepatic cells due to DEHP exposure

In the PCA plot, the plane captured more than 80% variance in GSE14920. A

clear separation was noticed between the Wild-Type and the PPAR-α deficient

mice (Fig. 6). In this plot, three clusters were detected: a cluster consisting of

blue triangles (blue = DEHP dosage of 200mg/kg/day), a second cluster with red

and green triangles (green = DEHP dosage of 20mg/kg/day, red = DEHP dosage of

0mg/kg/day) and third cluster with all the PPAR-α deficient mice. PPAR-α Wild

Typemice displayed a dose dependent effect for samples with dosages greater than

20mg while no significant difference was noticed in PPAR-α Wild Type mice for
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samples exposed to dosages less than or equal 20 mg DEHP. PPAR-α deficient

mice does not seem to have been affected by different dosages of DEHP.

Figure 6: GSE14920: Principal Component Analysis (PCA) of hepatic cells expression

data. Principal Component is shown for WildType vs PPAR α-alpha deficient (Knock Out).

The colours in the PCA plot represent different dosage treatments given to the samples

in a span of 21days.

Since the data uploaded on GEO was already pre-processed, the data was not nor-

malised for our analysis. Heatmap was generated to evaluate the effects of treat-

ment on samples. The samples with dosage of 200mg/kg/day showed a signifi-

cant change in expression as compared to control samples and samples exposed to

20mg/kg/day (Fig. 7). Furthermore, the expression with dosages of 0 mg/kg/day

and 20mg/kg/day did not display much difference in comparison to each other.

This is in line with what was observed in the Fig. 6.
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Figure 7: HeatMap correlation matrix between different samples and dosage treatments.

The scale represents the degree of correlation in the matrix. Pearson’s correlation method

was used to calculate the matrix.

Similar to the steps followed for GSE18564, median expression levels were cal-

culated to filter out genes below the threshold detection (log2(intensity) <= 5),

LIMMA model was generated and differentially expressed genes were found us-

ing decideTests. 226 unique genes (adjusted p-value 0.05) were found that were

differentially expressed(Refer Appendix Fig. 12). Top 20 genes were then con-

sidered for further analysis. The heatmap plot was generated to identify the genes

affected in the sample (Fig. 8). We can notice that there is a slight difference in

the expression level of samples between the control and exposed.
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Figure 8: Cluster heatmap of gene expression data. The colour scale in the heatmap

indicates the level of expression. X axis consists of samples exposed to different dosages

of DEHP and T axis represents the top 20 genes involved in the change of expression

level.

To visualise the network of similar gene sets the KEGG pathway was generated

and FDR correction of 0.05 was applied. KEGG identified pathways that were in-

volvedwith enrichment of PPAR-α signaling pathway (q-value 1.03x10-35), steroid

hormone biosynthesis (q-value 1.25x10 -17), cholesterol metabolism process(q-

value 9.99x10 -19) and, chemical carcinogenic process (q-value 1.95x10-13). It is to

be noted that according to the original paper by Eveillard et al.(2009) from where

the dataset is taken, PPAR-α signaling pathway is sensitive to DEHP exposure and
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can affect the target genes of PPAR-α, something which has also been implicated

by the KEGG pathway as described in Fig. 9. An enrichment pathway was also

generated to cluster and visualise similar gene sets participating in the same bi-

ological process (Fig. 9). The plot validates with the KEGG pathway that these

genes have an effect on PPAR-α signaling pathway, fatty acid metabolism and

biosynthesis of unsaturated fatty acids. These gene sets also affects the pathways

involved in steroid hormone biosynthesis, chemical carcinogenesis, and retinol

metabolism.

Figure 9: GSE14920: Enriched KEGG Pathway Analysis. The colour of the barplot cor-

responds to the adjusted p-value.

To annotate those genes that are involved in the biological pathways, gene ontol-

ogy was used and a treemap (Fig. 10) was generated to visualise the hierarchical

representation of these genes involved. It was noticed that these genes are involved

with negative regulation of apoptotic signaling pathway, in energy homeostasis,

in glucocorticoid biosynthetic process and negative regulation of protein kinase-β

signaling. These genes match with the enrichment plot noticed in (Refer Appendix
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Fig. 14) where biosynthesis of unsaturated fatty acids are affected due to DEHP

exposure.

Figure 10: Treemap plot for analysing the gene ontology of GSE14920. The area of the

rectangle is directly proportional to its relative importance and the leaf node corresponds

to the genes involved from the dataset.

Since the PPAR-α receptor of mouse and humans are 94% similar, ortholog anal-

ysis was carried out to evaluate how many genes in humans were involved in the

change of expression (Olsavsky et al., 2007; Sher et al., 1993). Ortholog analy-

sis was done to understand the similarity of genes involved in humans to mice.

A total of 251 genes were noticed in humans that were affected by the change in

expression. Ortholog analysis was only conducted on GSE14920 since the results

from KEGG pathway aligned to the original paper.
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6 Discussion

The aim of this project was to assess the effect of DEHP and PPAR-α on liver

samples using statistical and bioinformatics approach. By using two microarray

datasets along with KEGG pathway and Gene Ontology, we found that DEHP is

associated with chemical carcinogenesis, including negative regulation of extrin-

sic apoptotic signaling pathway, which is consistent with a previous study by Ito

& Nakajima(2008) in which it was indicated the DEHP contributes to hepatocar-

cinogenesis in mice models through PPAR-α dependent pathways . Furthermore

fatty acid metabolism like response to fenofibrate (Carmen González et al., 2009),

disrupting energy and glucose homeostasis (Fan et al., 2020) and inhibition of

glucocorticoid biosynthetic process (Ahmad et al., 2017) were also found in the

analysis.

As seen in Fig. 3 and Fig. 7, the correlation matrices revealed that there is only a

slight difference in the expression level of samples when exposed to DEHP. The

degree of correlation scale in the matrix was within a range of 0.97 to 1, indicating

that there was not a big difference in the expression level. The PCA plot from

the two datasets in our study confirmed with our correlation matrices that DEHP

exposure affected the samples but the extent of their effect was obscure. Since

some of the samples in the dataset contained Knocked Out(KO) PPAR-α genes,

and hence their expression levels would not be recorded as the genes were inactive.

As a result, the expression of PPAR-α cannot be accounted for in differential ex-

pression analysis. Based on these evidence, it seems extremely likely that PPAR-α

might play a key role in DEHP related disruption. Furthermore this explanation

can account for the clear clustering of DEHP exposed samples in GSE18564 and

GSE14920 and in heatmaps where there is not much difference.

The differential expression heatmaps of GSE18564 and GSE14920 for top 20 sig-

nificant genes revealed only a mild effect on genes in samples exposed to DEHP.

This was consistent with the expression in the correlation matrix of GSE18564

and GSE14920 since their effect was not well-defined. But further analysis using

KEGG-pathway and Gene Ontology revealed pathways which have been previ-

ous known to be disrupted by DEHP. Based on all the evidence gathered, it can
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be speculated that although it does not seem that DEHP has any strong effect on

individual genes, it is possible that DEHP exposure might have a cumulative ef-

fect on those genes that are involved in the pathways mentioned in. Fig 5 and Fig.

9 by altering the expression of the genes in these pathways ever so slightly. Our

studies demonstrate the role of DEHP exposure in focal adhesion, glutamatergic

synapse, cholesterol metabolism and chemical carcinogenesis. This suggests that

PPAR-α is very sensitive when exposed to DEHP and slight changes have an effect

on the metabolic pathways. It is imperative that further studies need to be done to

understand the effect of DEHP on genes quantitatively.

Future studies about DEHP exposure should include identification of unique genes

involved in various metabolic pathway. This could be done by taking the most sig-

nificant metabolic pathways identified into individual studies. Using these studies,

we can generate an experimental design specifically to check the effects of DEHP

exposure on the genes involved in these metabolic pathways. We could perform a

gene set enrichment analysis (GSEA) to identify which genes are up regulated or

down regulated in different organism models.

Another interesting study would be to work with RNA-Seq data using similar ex-

perimental setup as this study and perform a systemic analysis of the liver tran-

scriptome inMus musculus due to DEHP exposure, similar to another study (Huff

et al., 2018). RNA-Seq is preferred over microarray because they provide larger

coverage, have higher specificity and sensitivity and, provide lesser background

noise (Davis-Turak et al., 2017).

7 Conclusion

This project aimed to study the effect of di(2- ethylhexyl) phthalate (DEHP) on

gene expression and cellular pathways in mouse model using statistical and bioin-

formatics approach. We found that DEHP plays a role in multiple biological path-

ways including hormonal regulation and carcinogenesis. This study also confirms

the observation made by Repouskou et al.(2019), Repouskou et al.(2020) and Ito

& Nakajima (2008) where DEHP is implicated in the effects of pathways respec-
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tively.

This project also understood the effect of environmental pollutants in everyday

life. Endocrine disruptor like pthalates are still widely used in day to day life in

plastics. Given the widespread use of plastics across the world, it is imperative that

further studies needs to be done in order to better understand the role of pthalates

on metabolic pathways and thereby help countries across the world frame better

policies for environmental and human safety.
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Appendix A

Figure 11: GSE18564: Volcanoplot for differentially expressed genes
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Figure 12: GSE14920: Volcanoplot for differentially expressed genes
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Figure 13: Enrichment Plot for analysing enriched KEGG terms and connecting overlap-

ping genes. The colours represent the adjusted p-value and the sizes to the number of

genes involved. The overlapping genes help in identifying functional points that are similar

to each other.
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Figure 14: Enrichment plot of GSE14920 for analysing KEGG terms and connecting over-

lapping genes. the colours in the nodules represent the adjust p-value and the sizes to

the number of genes involved. The overlapping genes help in identifying functional points

that are similar to each other.

32


