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ABSTRACT 
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The current ecotoxicological methods of identifying sites of biological cannot indicate the 

presence of hazardous chemicals before significant environmental damage has already occurred. 

In this thesis, I hypothesize that essential pathways and genes are conserved across the taxa and 

present a bioinformatic pipeline that uses genomic data for environmental monitoring. This 

pipeline mines chemical-gene interaction data from publicly available databases, retrieves the 

corresponding protein sequences and performs homology-based searches in the genome of target 

organisms. Afterwards, it clusters these protein sequences to obtain groups of orthologous 

sequences, retrieves related biological pathways and learns a Bayesian Network to show 

meaningful correlations between them and input chemicals. To demonstrate this pipeline, I ran a 

test dataset consisting of a group of phylogenetically distant taxa on it. The shared affected 

pathways suggested by this pipeline correspond with findings from previous studies on the toxic 

effects of target chemicals.  



 iii 

Acknowledgements 

 
 

I am extremely grateful to many people for their support, encouragement, and assistance 

throughout this program. 

My most sincere gratitude goes to my advisor, Dr. Mehrdad Hajibabaei, and to my co-

advisor, Dr. Brian Golding for their mentorship, patience and generous support. I am privileged to 

have the guidance of my advisors doing cross-disciplinary research and exploring a new field of 

science. I especially appreciate having the opportunity to learn to do independent research while 

having my advisors’ constant encouragement, positive attitude, and confidence in me. 

I am also thankful for all members of the Hajibabaei lab: Dr. Terri Porter for providing her 

invaluable input throughout this thesis project and for our discussions, Mike Wright, Katie McGee, 

and Shannon Eagle for their support and for being there; I appreciate their company at our office 

in the basement at the Centre for Biodiversity Genomics. Many thanks to Joe Rudar for his kind 

support and our debates and discussions. I am also thankful to Rachel Smith, Ian King, Shadi 

Shokralla, and Nicole Fahner; although our time being colleagues was brief, I enjoyed working 

with them.  

I am especially thankful to Kathy Waltner-Toews and I will be forever grateful for her kind 

support and continuous motivation, encouragement, and help. This project would not have been 

done without her support. 

I want to express my love and gratitude to my parents, Semira and Shahram, and my 

grandma, Firoozeh, for their endless love and support throughout my life. I would also like to thank 

my best friend and partner, Hanie, for her love, tolerance, and passion and for being there through 

rough and smooth. I also like to thank my cat, Kataan, for being amazing and for reminding me to 

take a break while writing this thesis, by napping on my keyboard.  

 

  



 iv 

Table of Contents 

 

ABSTRACT………………………………………………………………………………………ii 

Acknowledgements……………………………………………………………………………....iii 

Table of Contents………………………………………………………………………………...iv 

List of Tables……………...……………………………………………………………………...vi 

List of Figures………………………………………………………………………………........vii 

List of Symbols, Abbreviations or Nomenclature. …………………………………...………….ix 

1  Chapter 1: Literature Review……..………………………………………………………….1 

1.1 Environmental Pollution and Traditional Biomonitoring……...………………………….1 

1.2 Ecotoxicogenomics and Emergence of Large Datasets…...………………………………4 

1.2.1 Sensitivity……………………………………...………………………………………….7 

1.2.2 Specificity…………………………………………………………………………………7 

1.2.3 Informativeness………………………………………………………..…………………..7 

1.2.4 Cross-species Extrapolation…………………………………………………………….…8 

1.3 Transcriptomics for Biomonitoring……………………………………………………….8 

1.4 Machine Learning Methods for Ecotoxicogenomics…………………………………….11 

1.5 A Bioinformatic Framework……………………………………………………………..14 

2  Chapter 2: A Bioinformatic Framework to Assess the Genomic Response of Species to 

Environmental Toxins……………………….…………………………………………………15 

2.1 Introduction………………………………………………………………………………15 

2.1.1  General Architecture of the Pipeline…………………………………………..…16 

2.1.2  Test-case Dataset…………………..…………………………………………….16 

2.2 Materials & Methods…………………………………………………………...………..20 

2.2.1  Obtaining Initial List of Affected Genes………………………………………...20 

2.2.2  Obtaining Protein Sequences and Homologous Sequences……………………...21 

2.2.3  Clustering Protein Sequences……………………………………………………22 

2.2.4  Finding Related Pathways and Bayesian Network Construction………………..24 

2.2.4.1    Biological pathways……………………………………………...24 

2.2.4.2    Bayesian network learning………...……………………………..24 

2.2.5  Representation of the Results…………………………………………………….25 



 v 

2.3 Results …………………………………………………………………………………...30 

2.3.1  Obtaining Initial List of Affected Genes………………………………………...30 

2.3.2  Obtaining Protein Sequences and Homologous Sequences……………………...31 

2.3.3  Clustering Protein Sequences....……………….…………………………..…….31 

2.3.4  Bayesian Network………………………………..………………………………33 

2.4 Discussion………………………………………………………………………………..53 

2.4.1  Obtaining Initial List of Affected Genes...………………………………………53 

2.4.1.1    Data Distributions in the Databases………………...……………53 

2.4.1.2    Binary Genomic Data……………………………………………54 

2.4.1.3    Variations in the Study Methods…………………………………54 

2.4.2  Obtaining Protein Sequences and Homologous Sequences……………………...55 

2.4.2.1    Reference Database………………………………………………55 

2.4.2.2    Longest Protein Sequence………………………………………..55 

2.4.2.3    Retrieving Orthologs……………………………………………..56 

2.4.3  Clustering Protein Sequences……………………………………………………58 

2.4.3.1    OrthoFinder vs OMA: accuracy and performance….……………58 

2.4.3.2    Species Trees and Orthogroup Gene Tree……………………….58 

2.4.3.3    Further analysis of a random sample orthogroup………………..59 

2.4.4  Finding Related Pathways and Bayesian Network Construction………………..60 

2.4.4.1    Pathway Analysis………………………………………………...60 

2.4.4.2    Bayesian network and uncertain reasoning………………………61 

3  Chapter 3: General Discussion and Conclusion. …………………………………...……...66 

3.1 Summary…………………………………………………………………………………66 

3.2 Limitations……………………………………………………………………………….67 

3.3 Future endeavors…………………………………………………………………………67 

3.4 Conclusion……………………………………………………………………………….68 

4  References….……...………………………………………………………………………….69 

 

  



 vi 

List of Tables 

 

Table 2.1 Number of chemical-gene interactions retrieved from CTD….….………………30 

Table 2.2 Number of orthologs retrieved from Ensembl based on the gene list obtained from 

CTD………………………………………………………………………......………………..... 31 

Table 2.3 A sample orthogroup among the results created by OrthoFinder for dioxins 

responding genes in M. musculus, D. rerio, D. melanogaster and C.elegans……………………40 

Table 2.4 KEGG pathways retrieved for the genes in all orthogroups. The number of genes 

in pathways was counted and used as a proxy for how effective a pathway is in stress response to 

target chemicals. The cells with a blue shade are environmental signalling pathways and the one 

with a green shade is an organismal systems pathway, others are metabolic pathways…………48 

Table 2.5 Top 30 most referenced organisms in CTD……...……………………………….63 
 
  



 vii 

List of Figures 

 

Figure 1.1 The architecture of the pipeline………………………………………………......19 

Figure 2.1 Sample chemical–gene interactions output from CTD in an Excel format. Note that 

only top rows of the file are shown in this figure…………………………………………………27 

Figure 2.2 Sample chemical–gene interactions output form CTD on ctdbase.org website.…28 

Figure 2.3 An example schema for the observations dataset. Each row indicates an orthogroup 

and an observation. Each column is either a pathway or an input chemical. For “pathway columns”, 

each cell is the number of organisms having at least a gene for which its corresponding protein 

sequence is present in the orthogroup in the row of that cell and in the pathway in column of that 

cell. For “toxin columns”, each cell is binary value indicating the orthogroup was created based 

on the information retrieved reagarding that chemical or not…..……………..…………………29 

Figure 3.1 Number of affected genes retrieved from CTD for heavy-metals and dioxins in M. 

musculus, D. rerio, D. melanogaster and C. elegans ……………………………………………35 

Figure 3.2 Initial number of affected genes and number of homologs retrieved from Ensembl 

for heavy-metal interactions in M. musculus, D. rerio, D. melanogaster and C. elegans…………36 

Figure 3.3 Initial number of affected genes and number of homologs retrieved from Ensembl 

for dioxins interactions in M. musculus, D. rerio, D. melanogaster and C. elegans………………36 

Figure 3.4 orthogroups inferred by OrthoFinder of genes affected by dioxins categorized by 

the number of species having at least a gene in them …..……………….……………………….37 

Figure 3.5 orthogroups inferred by OrthoFinder of genes affected by heavy-metals categorized 

by the number of species having at least a gene in them…………………………………………37 

Figure 3.6 orthogroups inferred by OMA of genes affected by heavy-metals categorized by 

the number of species having at least a gene in them ……………………………………………38 

Figure 3.7 orthogroups inferred by OMA of genes affected by dioxins categorized by the 

number of species having at least a gene in them…………………………………………………38 

Figure 3.8 Number of orthogroups inferred by OrthoFinder and OMA for heavy-metals and 

dioxins. ………………………………………………………………………..…………………39 

Figure 3.9 The phylogenetic tree built from translated protein sequences from IMPA1 and 

IMPA2 genes and their orthologs in the orthogroup using FastTree algorithm, Leaf names are in 

the format of <gene name>|<organism name>|Ensembl gene ID. Also, for the available genes (all 



 viii 

but D. melanogaster genes) the gene description has been provided below the leaf name as well. 

The bar can be used to scale the branch lengths. ………………………………………………….41 

Figure 3.10 Pathways affected by heavy-metals in C. elegans, D. melanogaster, D. rerio and 

M. musculus. Vertical axis corresponds to the number of genes from each pathway that are present 

in the orthogroups. ……………………………………………………………………………….42 

Figure 3.11 Retrieved pathways colour-coded by their type. The bigger a circle is, the more 

genes its corresponding pathway has within the dataset. …………………………………………43 

Figure 3.12 DAG representation of the Bayesian network learned from observations data…..49 

Figure 3.13 The WinMine toolkit can be used to view resulted Bayesian networks. WinMine 

proivedes an interactive environment to analyze the structure and the probabilistic distribution of 

the variables in the Bayesian network. ………………………………………………………….50 

Figure 3.14 The conditional probability tables in the “mTOR signalling pathway” (top) and 

“Glutathione metabolism” (bottom) nodes in the resulted Bayesian network has been represented 

using decision trees. ……………………………………………………………………………..51 

Figure 3.15 The pathway network based on the DAG from the resulted Bayesian network 

shown in Cytoscape. …………………………………………………………………………….52 

Figure 4.1 A bubble chart representing the number of organisms in CTD. The size of the 

circles corresponds to the number of references for that organism in CTD. The bar chart also 

depicts the top 20 most referenced organisms in CTD. …………………………………………64 

Figure 4.2 Species trees suggested by OrthoFinder based on its two runs including 

(7740;1866) orthogroups and (34102;8700) amino acids for heavy metals and dioxins. The tree 

above is inferred based on protein sequences corresponding to genes affected by heavy metals and 

the tree below is inferred based on those affected by dioxins. Branch lengths are inferred using 

DLCpar. ………………………………………………………………………………………….65 

  



 ix 

List of Symbols, Abbreviations or Nomenclature 
 

 NWMQS National Water Quality Management Strategy 
PCB Polychlorinated Biphenyl 
BOD  Biological Oxygen Demand 
COD Chemical Oxygen Demand 
pH  Potential of Hydrogen 
LD50  Median Lethal Dose 
LC50  Median Lethal Concentration 
NOAEL No-Observed-Adverse-Effect 
NR  Neutral Red 
DDT  Dichlorodiphenyltrichloroethane 
TCDD  And 2,3,7,8-Tetrachlorodibenzo-P-Dioxin 
cDNA  Complementary DNA 
mRNA  Messenger RNA 
eDNA  Environmental DNA 
RNA-seq  RNA-Sequencing 
miRNA  Micro RNA 
SNP  Single Nucleotide Polymorphism 
PGM  Probabilistic Graphical Model 
JPD Joint Probability Tables 
CPD  Conditional Probability Distributions 
DAG  Directed Acyclic Graph 
CTD  Comparative Toxicogenomics Database 
CEBS Chemical Effects in Biological Systems 
XML Extensible Markup Language 
CSV Comma-Separated Values 
TSV Tab-Separated Values 
RBH Reciprocal Best Hits 
OMA  Orthologous Matrix Project 
OG Orthogroup 
HOG Hierarchical Orthogroups 
MCL  Markov Clustering 
KEGG   Kyoto Encyclopedia of Genes and Genomes 
SIF Simple Interaction Format 
API Application Programming Interface 
REST Representational State Transfer 
MGC Mammalian Gene Collection 
PI3K Inositol 3-Kinase 



 1 

1 Chapter 1: Literature Review 

1.1 Environmental Pollution and Traditional Biomonitoring 

The effects of environmental contamination and its influence on public health and species 

diversity is an increasingly important matter for public concern which is driving the adoption of 

better environmental sustainability policies (Bradl 2005; Tchounwou et al. 2012; Tsaboula et al. 

2016). Governments across the globe have enacted numerous acts, regulations, and policies which 

push for environmental and ecosystem protection and preservation. Environment and Climate 

Change Canada, for instance, has implemented numerous federal and region-specific management 

and action plans resulting in a wealth of monitoring reports which have guided conservation 

strategies since 1979 (Government of Canada 2014). In the European Union, the European 

Parliament and Council has enacted similar legislations and has adopted directives and regulations 

accordingly. For example, The Water Framework Directive, which calls for the environmental 

preservation and monitoring of water bodies across the European Union was adopted in 2000 with 

the goal of ensuring “good” chemical and ecological status for water bodies across European 

Union countries (Directive 2000/60/EC of the European Parliament and of the Council of 23 

October 2000 Establishing a Framework for Community Action in the Field of Water Policy 2000; 

Voulvoulis, Arpon, and Giakoumis 2017). Australia and New Zealand have developed the 

National Water Quality Management Strategy (NWMQS) as a joint effort for protecting their water 

resources in 1992. This strategy outlines the management framework for applying its suggested 

quality guidelines and provides advice on designing and implementing monitoring and assessment 

programs (Anzecc 2000). The mentioned large-scale government efforts underscore the 

significance of environmental issues as a significant public concern. Since the cost of remediation 

and monitoring programs of even small sites can scale up to several millions of dollars (Fuchsman 

et al. 2006), having robust and efficient procedures that monitor and inform policy makers on the 

toxicological status of the environment is crucial. 

The structure of environmental toxicants ranges from basic element groups, like heavy 

metals, to complex compounds like pesticides and persistent organic pollutants such as 

polychlorinated biphenyls (PCBs) and polychlorinated dibenzofurans (furans). Traditional 

methods to monitor the environment primarily consist of basic physicochemical assessments that 

examine parameters like concentration levels of toxic chemicals, biological and chemical oxygen 
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demands (BOD and COD), conductivity, and potential of hydrogen (pH). For instance, in their 

1998 study, Rivasseau et al. investigated physicochemical parameters of microcystins and 

provided a trace level detection method based on liquid chromatography (Rivasseau, Martins, and 

Hennion 1998). Also, assessments of environmental contamination usually involve the 

determination of duration and extent of exposure, namely exposure assessment, as well as adverse 

toxicological effects of contaminants on the animal and plant life in a target region or habitat at 

different concentrations which is often referred to as hazard assessment. For instance, traditional 

environmental monitoring practices usually involve bioassays on specific organisms such as algae, 

Daphnia, or fish and measuring the median lethal dose (LD50) and lethal concentration (LC50) of 

the contaminant — the dose or concentration of a chemical at which 50% of the population would 

be killed in the test duration. The concentration at which contaminants do not induce any effect, 

namely no-observed-adverse-effect (NOAEL), is also measured (Connon, Geist, and Werner 

2012). These concentration levels and parameters are often referred to as ‘endpoints’ in the field 

of toxicology. 

These measures are used to define a set of target parameters for each contaminant that is 

then used as a basis for developing additional environmental quality guidelines and standards in 

each jurisdiction. For example, the Canadian Environmental Protection Act mandates that the 

Federal Environmental Quality Guidelines are developed and provide quantitative 

recommendations for environmental monitoring based on the measures of the aforementioned 

parameters (Canadian Environmental Protection Act, 1999 2018).  

These environmental monitoring methods are convenient since they quantify the type and 

degree of contamination and can be used in combination to perform more rigorous monitoring and 

risk assessment. Examples of such methods are also provided in environmental quality guidelines 

and research (Stone, Gilliom, and Ryberg 2014).  

Several drawbacks also exist if one is using these quality guidelines. Since they are 

developed by different jurisdictions and different researchers, the concentration at which 

contaminants become a concern may differ by orders of magnitude. Hahn et al. compared 

independent studies done by scientists from Canada, Japan, European Union, Australia and United 

States on a dataset of aquatic effects of five chemicals, namely copper, trichloroethylene, ethylene 

glycol, hexachlorobenzene and nonylphenol. They observed a variation of up to three orders of 

magnitude in the levels of no-effect concentration for all the chemicals. Hahn et al. concluded that 
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the large degree of inherent uncertainty was based on the individual decisions of the researchers 

in their methodology, especially their definitions of chronic and acute toxicity, key study selection 

and size of assessment factors (Hahn et al. 2014; Chapman 2018). Hence, there is an undeniable 

degree of inherent uncertainty in these methods for environmental monitoring. 

Secondly, concentration levels for toxicity concern are usually defined under laboratory 

conditions which can result in a discrepancy between these measures and real-world toxicity 

concentration levels of concern. (Allen Burton 2018). It is essentially impossible to perform 

laboratory tests on all species, especially the endangered ones. Moreover, such tests do not yield 

reliable results. According to Chapman, laboratory tests would typically provide “conservative” 

results which imply lower numbers for maximum no-effect concentrations (Chapman 2018). 

Burton suggests various limitations to quality guidelines developed in laboratory conditions, such 

as dietary and food exposures of test subjects not being taken into account, absence of tests for 

acclimation and adaptation of test subjects, and neglecting taking coexisting physical, chemical, 

and biological stressors (e.g., temperature, dissolved organic carbon and biotic exposure response) 

into account. All these limitations, challenge the applicability of laboratory measurements to real-

world scenarios (Allen Burton 2018). Since the predictive value of such quality guidelines is 

questionable, the remediation and preservation of the environment based on such inaccurate 

quality measures could potentially waste millions of dollars (National Research Council 2007; 

Francingues and Wolfe 2008). 

 Finally, it is important to note that while environmental contamination is often caused by 

a mixture of pollutants, most monitoring methods and quality guidelines are developed based on 

individual chemicals (Schwarzenbach 2006). Although recent frameworks for risk assessment of 

chemical mixtures have been developed using the mentioned bioassays in a tiered and hierarchical 

manner (Crane and Babut 2007; Backhaus and Faust 2012), their efficiency and effectiveness in 

real-world scenarios are questionable since they are costly, labour-intensive, and challenged by 

limited data (Connon, Geist, and Werner 2012). More importantly, the applicability of these 

methods should be cautious as they do not provide a comprehensive link between the presence of 

pollutants and their underlying biological effects on the inhabiting organisms (Snape et al. 2004).  
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1.2 Ecotoxicogenomics and Emergence of Large Datasets  

Early ecotoxicological environmental stress assessment methods consisted mainly of 

physiochemical tests; although not common, bioassays on specific model organisms are also used 

in this field (Connon, Geist, and Werner 2012). The most common ecotoxicological bioassays 

measure critical endpoints such as reproductive success, growth, and survival of target organisms. 

While these bioassays provide essential risk assessment information, they are not efficient in 

providing warnings of impending environmental damage nor are they able to detect the adverse 

effects of lower contaminant concentrations (Miracle and Ankley 2005). Toxic effects may be sub-

lethal, nevertheless may still have an impact on the fitness (e.g., reproductive success). Such effects 

could also adversely affect the survival of species by reducing their ability to avoid predators, cope 

with normal environmental stressors, and find food. This knowledge gap severely impacts the 

effectiveness of ecotoxicological studies and surveys (Robbens et al. 2007).  

To address this problem, the toxicological response of target species in lower levels of 

biological organization (e.g., cellular and biomolecular level) needs to be investigated 

(Fedorenkova et al. 2010). Several studies have been done on the mentioned topic since the 

emergence of environmental monitoring quality guidelines. For example, Mosmann developed an 

assay to detect mammalian (mouse) cell response to cytotoxicity and used it to measure 

lymphokines, complement-mediated lysis and mitogen stimulations (Mosmann 1983). 

Borenfreund and Puerner later used quantitative neutral red (NR) spectrophotometric test to 

measure morphological changes in mammalian cell lines in the presence of various potentially 

toxic components including emulsifiers, shampoo, metals and organic solvents (Borenfreund and 

Puerner 1985). More recently, Legler et al. developed an estrogen receptor-mediated, chemical-

activated luciferase reporter gene-expression (ER-CALUX) assay capable of detecting estrogenic 

and antiestrogenic toxins like nonylphenol, dichlorodiphenyltrichloroethane (DDT) and 2,3,7,8-

Tetrachlorodibenzo-p-dioxin (TCDD) in human breast adenocarcinoma cell line (Legler et al. 

1999). Shortly after, Hamers et al. developed a bioassay to quantify esterase effects of solutions of 

pesticides like carbamates and organophosphates on worker honeybees (Apis mellifera) (Hamers 

et al. 2000). However, until the mid-2000s there was no standardized approach to utilize such 

methods in ecotoxicology and environmental screening. 

Meanwhile, field of genomics had been advancing rapidly since 1977 thanks to introduction 

of the first “rapid”, robust, accurate and soon to be vastly used DNA sequencing method – Sanger 
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sequencing. Sanger sequencing enabled the development of fields like functional genomics – a 

field of molecular biology that describes and investigates gene functions and interactions based on 

the genomic information – and metagenomics – a field of microbiology that studies microbial 

communities and biodiversity based on genetic information retrieved from environmental samples 

– (Sanger, Nicklen, and Coulson 1977; Heather and Chain 2016) and the collection of vast datasets 

of sequence information for different organisms in the upcoming years. By the early 2000s, the 

whole genome of several organisms including Saccharomyces cerevisiae, Caenorhabditis elegans, 

Drosophila melanogaster were sequenced (Adams et al. 2000; The C. elegans Sequencing 

Consortium 1998; Goffeau et al. 1996). Moreover, in early 1990s emergence of DNA microarrays 

provided convenient tools for the analysis of gene expression as well as physical and genome-wide 

genetic mapping (Shalon, Smith, and Brown 1996). DNA microarrays are chips with immobilized 

DNA sequences, named as probes. Complementary DNA (cDNA) sequences generated from 

reverse transcribed RNA sequences would hybridize to these probes. To perform a gene expression 

analysis using DNA microarrays, two sets of cell cultures or tissue samples of a target organism 

are needed – control and treatment. RNA sequences from each sample are extracted, isolated, 

reverse transcribed, and fluorescently labeled. A mixture containing both samples is applied to the 

DNA microarray. Finally, the microarrays are scanned and the amount of fluorescence, which is 

proportional to the amount of cDNA from each sample which hybridized with the probes, is 

measured. Based on this measure the abundances of RNA sequences in the samples, hence their 

gene expression profiles are estimated (Duggan et al. 1999).  

Nuwaysir et al. in their 1999 work, described a method which utilized DNA microarrays to 

measure differential gene expression through assessment of messenger RNA (mRNA) abundances 

as an indicator of toxicity response. Their pipeline also provides a means to detect the mechanism 

of action of a target toxicant. Once the differential gene expression profiles for a list of known 

toxicants is identified, a comparison between the differential expression profile for each target 

toxicant and known profiles would indicate similarities in gene expression profiles, hence the 

shared mechanisms of action between the target toxicant and known ones (Nuwaysir et al. 1999). 

Their work led to definition of “Toxicogenomics” as a sub-discipline of toxicology and genomics 

and pioneered the integration of these fields of study. Work in toxicogenomics has expanded to 

incorporate proteomics, the study of the whole set of proteins present in an organism, 

transcriptomics, the study of the entire set of RNA transcripts present in an organism, and 
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metabolomics, which is the study of cellular processes through small-molecule chemicals in an 

organism. Although toxicogenomics was introduced with a focus on the evaluation of genomic 

response of humans to toxicants, it has now expanded to include other organisms for which an 

abundance of genetic information is present (Iguchi, Watanabe, and Katsu 2007).  

Possible uses of gene expression profiling with DNA microarrays in ecotoxicology was 

being investigated after the introduction of toxicogenomics (Snell, Brogdon, and Morgan 2003; 

Neumann and Galvez 2002). However, it was not until 2004 that Snape et al. introduced 

“Ecotoxicogenomics”, following the trend in the field of toxicology. Ecotoxicogenomics is defined 

as a field of study in which proteomic, transcriptomic or metabolomic responses of organisms to 

target toxic chemicals are investigated in order to perform environmental monitoring and risk 

assessment (Snape et al. 2004). Analyzing functional gene and protein expression as means of 

detection for sub-lethal effects of contaminants seemed promising. For example, Kim et al. 

examined proteomic response of Nannochloropsis oculata to cadmium using 2-D gel 

electrophoresis (Kim et al. 2005), Morgan et al. used DNA microarray to measure environmental 

stressors including physical and xenobiotic ones like pesticides on Diploria strigosa (Morgan, 

Edge, and Snell 2005), Reichert and Menzel examined differential gene expressions of 

Caenorhabditis elegans in presence of xenobiotics including atrazine, clofibrate and 

diethylstilbestrol using DNA microarrays (Reichert and Menzel 2005), and Craney et al. 

investigated effects of TCDD on Danio rerio using DNA microarrays (Carney et al. 2006). 

According to several reviews done in this emerging field such as works by Lettieri, Ankley et al., 

and Poynton et al., ecotoxicogenomic methods “dramatically changed the way toxicological 

problems are investigated” and paved the way for numerous research which advanced methods in 

the field (Lettieri 2005; Ankley et al. 2006; Poynton and Vulpe 2009). 

Poynton et al. discussed four significant advantages the ‘omics’ approach imparts in 

environmental monitoring: sensitivity, specificity, informativeness and cross-species extrapolation 

(Poynton, Wintz, and Vulpe 2008). 
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 Sensitivity 

Since the toxic chemicals interact with organisms on a molecular level before inducing 

effects in tissue level or the whole organism, ecotoxicogenomic methods would detect presence 

and effect of toxins more accurately, and potentially earlier and in lower doses compared to 

traditional toxicology methods (Steiner and Anderson 2000).  

 Specificity  

Traditional toxicology methods are not efficient in detecting multiple sources of stress 

simultaneously. Using DNA microarrays, researchers can screen thousands of gene expression 

profiles, proteins or metabolites in a single experiment, allowing them to distinguish several 

toxicity profiles caused by different chemical compounds (Robbens et al. 2007). 

 Informativeness 

Metabolomic, transcriptomic and proteomic approaches provide more information on toxic 

effects of chemicals such as their mode of action. This information could complement those that 

are supplied by measuring critical physiological endpoints. The methods derived from several 

human toxicology studies which investigated the link between differential gene expression and 

underlying cellular responses and functional cellular alterations can be applied to the field of 

ecotoxicogenomics for a more informative assessment of toxic effects on target organisms.  

(Aardema and MacGregor 2002; Amin et al. 2002; Waring et al. 2002). Based on these informative 

assessments, researchers have obtained invaluable findings in addition to the toxic effects on 

organisms. For instance, Reid and Whitehead, using a comparative approach, showed that 

transcriptomic responses to toxic stress can provide insight into the evolutionary history of 

biological changes in organisms (Reid and Whitehead 2016). Whitehead et al. further investigated 

the adaptive responses of killifish (Fundulus heteroclitus) to environmental toxic stress based on 

a transcriptomic and a phylogenetic approach (Whitehead et al. 2017). Information obtained from 

‘omics’ studies also help researchers link ecological models to systems biology approaches (X. 

Zhang et al. 2018). Furthermore, the mitochondrial and nuclear DNA released from organisms to 

environment – environmental DNA (eDNA) – has been studied to assess the biodiversity of an 

environment (e.g. Biomonitoring 2.0 project - Baird and Hajibabaei 2012; Hajibabaei et al. 2016, 
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2011). The rich information of changes in the community levels of organisms in an environment 

obtained from these methods can be used to identify the effects of toxic stress. The toxicogenomic 

information of the molecular and cellular levels of toxic effects can supplement the findings of 

eDNA metabarcoding assessments (Oziolor, Bickham, and Matson 2017).  

 Cross-species Extrapolation 

Unlike field of toxicology, where the main focus of the research is to identify potential risk 

of toxicants on humans, ecotoxicology aims to investigate effects of environmental contamination 

on the ecosystem and its inhabitants. This leads us to one of the major challenges in ecotoxicology 

and all its sub-disciplines that is the validity of any cross-species generalizations and the 

development of a robust process to make such generalizations. With traditional ecotoxicology 

methods, extrapolating measures and relating endpoints to other organisms is done using basic 

methods and uncertainty factors (Calabrese, Beck, and Chappell 1992; Backhaus and Faust 2012). 

However, by using DNA or protein sequence similarity and investigating homology relationships 

— genes in two distinct organisms having a common ancestral gene DNA sequence — there is 

potential to generate more reliable and accurate cross-species extrapolation since these sequences 

often share similar functions across distantly related taxa (Brockmeier et al. 2017). Such homolog 

sequences are called orthologs (see 2.2.2). Recent advances in the field of ecotoxicogenomics 

confirm the applicability of this new approach and it has been found useful in environmental risk 

assessment and biomonitoring – investigating biological responses of species to assess the 

environmental changes (Hajime, Yasuhiko, and Taisen 2011; Fedorenkova et al. 2010).  

1.3 Transcriptomics for Biomonitoring 

The emergence of protein and DNA sequencing techniques and DNA microarrays triggered 

a rapid expansion of the field of ecotoxicology; resulting in the publication of several 

transcriptomic studies which examined the response of model organisms to various chemicals. 

This was made possible, in part, due to the availability of large publically funded databases of 

published genomic data. However, these ‘first generation’ technologies have some limitations 

which create challenges and limits their utility (Shendure 2008; Schuster 2008).   

First and foremost, cross-hybridization is the prominent source of noise in microarray 

experiments. Cross-hybridization, which is the hybridization of sample cDNA sequences to each 
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other (target-target hybridization) or themselves (target folding), occurs when micro-array probes 

bind to off-target cDNAs due to some sequence similarity between the cDNA and probe (Eklund 

et al. 2006). Although normalization and procedural methods have been introduced to mitigate 

gene expression level errors caused by cross-hybridization, like Robust Multichip Average 

(Irizarry et al. 2003), removal of outlier probe data from the analysis (C. Li and Wong 2001) or 

design and use of mismatch probes (Deng et al. 2008), cross-hybridization continues to remain a 

primary source of error in DNA microarray experiments (Jaksik et al. 2015). 

The analog nature of the experiments also contributes to the problems associated with 

interpreting microarray data. Since abundances of differentially expressed genes are measured by 

scanning the light signal from probes, identification and evaluation of expression levels may be 

compromised by the analog quality of the data. Moreover, distinguishing low expression levels 

from background noise leads to another source of error. Human error is introduced at this step 

since there is a possibility of scanner miscalibration (Potter et al. 2008). 

Designing microarray chips requires prior knowledge of the genome of the target organism. 

This can be challenging in ecotoxicogenomic studies, particularly when studies are being 

conducted on non-model organisms (Kammenga et al. 2007). In such scenarios, if the genome of 

the target organism has already been sequenced, a custom microarray designed based on its genes 

can be used; otherwise, the only option is cross-species hybridization to already existing species, 

yielding sub-optimal results (Smith and Rosa 2007; Roy et al. 2011). 

Lastly, since scanning microarrays is not an accurate method for detecting low-abundance 

mRNA levels in the probes, results from gene expression profiling experiments usually need to be 

validated using quantitative real-time PCR. However, due to the complexity of this procedure, its 

successful application requires careful experimental design and application as well as prior training 

and substantial knowledge of the PCR techniques (Bustin 2000). This results in a situation where 

it becomes a challenges to reproduce some DNA microarray-based gene expression profiling 

experiments (Shendure 2008). 

In the mid 2000s, the advent of next-generation sequencing (NGS; also known as high-

throughput sequencing) technology revolutionized the fields of biotechnology, life science, and 

medicine (Ansorge 2009). High-throughput sequencing platforms were initially developed for the 

human genome project. Their developers aimed to achieve higher throughput sequencing suitable 

for large sequencing projects, at a lower sequencing costs and run times. Early examples of such 
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platforms and techniques like 454 pyrosequencing and Polony sequencing were promising 

(Margulies et al. 2005; Shendure et al. 2005). In the following years, commercial high-throughput 

sequencing platforms like Illumina’s HiSeq and MiSeq, Applied Biosystem’s SOLiD system, and 

Roche’s 454 GS FLX dominated the field and markets (Schuster 2008). These reliable, cost-

effective and efficient high-throughput sequencing platforms resulted in a number of scientific 

achievements and were a technological boon in the field (J. Zhang et al. 2011; Reis-Filho 2009). 

One of the most notable achievements of high-throughput sequencing is RNA-sequencing 

(RNA-seq) – a method of precise detection of RNA transcripts for gene expression profiling 

experiments (Margulies et al. 2005). RNA-seq procedures essentially involve isolating RNA from 

the target tissue or cell culture, preparation of a cDNA fragment library from RNA (or cDNA) 

fragments of the previous step with adapters attached to one or both ends of each fragment, 

clustering and amplification of individual cDNA fragments, sequencing the cDNA clusters, and 

alignment of sequences to the reference genome of the target organism (Mortazavi et al. 2008; 

Auer and Doerge 2010). Based on the number of sequence fragments aligned to the reference 

genome, the expression level of transcripts is measured and is expected to be correlated with the 

abundance level of expressed transcripts. In RNA-seq experiments, the expression level of each 

transcript is relative to the expression levels of other transcripts and the number of aligned cDNA 

fragments. Due to this, several statistical and computational tools have been developed to analyze 

differential expression of the transcripts such as DESeq, edgeR, baySeq and Cufflinks. These 

programs employ normalization techniques and statistical methods such as binomial or Poisson 

distribution to measure expression profiles of the transcripts (Anders and Huber 2010; M. D. 

Robinson, McCarthy, and Smyth 2010; Hardcastle and Kelly 2010; Trapnell et al. 2010). Although 

prior knowledge of the reference genome or transcriptome of the target organism would be 

beneficial for an RNA-seq experiment, this information is not required for sequence-by-synthesis 

methods in high-throughput sequencing (Wang, Gerstein, and Snyder 2009; Bentley et al. 2008).   

Not only does gene expression profiling by RNA-seq resolve the issues common in 

microarrays experiments, but also it has many advantages over them. First, by using RNA-seq, 

researches can detect classes of RNA other than mRNA, such as microRNA (miRNA) and 

ribosomal RNA as well as unknown transcripts, single nucleotide polymorphism (SNP) events and 

isoforms (Flintoft 2008; Metzker 2010). Second, due to its quantitative nature, RNA-seq provides 

more accurate abundance estimates for transcripts and provides better insight into the data thanks 
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to the computational methods and tools developed to analyze the data (Rapaport et al. 2013). As a 

consequence of the mentioned virtues of RNA-seq over microarrays for gene expression profiling, 

RNA-seq has become the method of choice in ecotoxicogenomics studies. 

Transcriptomic response of target organisms is a sensitive indicator of their interactions with 

changes in their environment. The information provided from RNA-seq analysis on target 

organisms can lead to a deep understanding of their functional response to toxins in terms of 

genetic pathways and biological processes (Connon, Geist, and Werner 2012; Garcia-Reyero and 

Perkins 2011). Recently, several studies have been done on the transcriptomic response of model 

and non-model organisms to environmental toxicants. For example, Huang et al. performed 

transcriptome profiling on perfluorooctane sulfonate induced Oryzias melastigma (Huang et al. 

2012), Simon et al. analyzed effects of metal exposure on the transcriptome of algae 

Chlamydomonas reinhardtii (Simon et al. 2013), Gan et al. studied microRNA response of 

Ctenopharyngodon idella to decabromodiphenyl ethane exposure (Gan et al. 2016) and lastly, 

Ubrihien et al. analyzed transcriptomic response of Isidorella newcombi to copper (Ubrihien et al. 

2017). All these recent studies indicate investigating the transcriptomic response of species is a 

promising method for environmental risk assessment and biomonitoring.  

1.4 Machine Learning Methods for Ecotoxicogenomics 

While transcriptomic analysis is a promising approach in ecotoxicogenomics, there are 

major challenges associated with this methodology. One consequence of high-throughput 

sequencing and RNA-seq experiments for ecotoxicogenomic surveys is the sheer amount of data 

that is generated, requiring more sophisticated bioinformatic and computational tools for effective 

analysis (Connon, Geist, and Werner 2012). Obviously, the mentioned statistical analysis tools 

would be substantially helpful in extracting comprehensive information from the resulted datasets. 

However, to perform a thorough environmental monitoring survey, several transcriptome profiling 

experiments on various species and toxicants needs to be performed. This can significantly 

increase the size of the dataset by many folds, rendering statistical software packages used to 

analyze RNA-seq data impractical to use. This issue may be overcome through a comparative 

framework to study the genomic/transcriptomic response of various species to toxicants. 

Machine learning is a field of computer science focused on algorithms that optimize some 

performance criteria or make decisions by running on an example dataset. Machine learning 
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methods, often as a part of the bioinformatics section of the research, have been utilized in various 

fields of biology. The application of machine learning methods in bioinformatics and life sciences 

has proliferated over the last decade (Larrañaga et al. 2006; Min, Lee, and Yoon 2016). For 

instance machine learning has been applied to predicting protein-protein interactions (Yan, Dobbs, 

and Honavar 2004), clustering methods for gene expression classification (Herrero, Valencia, and 

Dopazo 2001) and predicting promoter sequences using genetic algorithms (Knudsen 1999). These 

methods have granted researchers ability to manage, analyze and store information efficiently as 

well as means of information inference from large datasets. The ability of information inference 

in the field of biology is crucial since the underlying mechanism of essentially all observed 

interactions is intensely complex; therefore, extracting biological knowledge or providing 

predictions based on observations is highly important. 

Current ecotoxicogenomics research on identification, analyzing and prediction of 

transcriptomic response of species to chemical toxins could definitely be improved with machine 

learning methods. Although high-throughput transcriptomics methods allowed researchers to 

conduct studies on non-model organisms (e.g., Jacob G Bundy et al. 2008), the ‘distribution’ of 

known data is still quite unbalanced: there are lots of data points and experimental results for model 

organisms and conventional pollutants while few, if any, ecotoxicological experiments done on 

non-model organisms. Probabilistic Graphical Models (PGMs) may be an appropriate approach to 

cope with the uncertain nature of the system since they have been shown to efficiently handle these 

kind of tasks in previous studies (Xiang 2002).  

A Probabilistic Graphical Model is a framework for the representation of a joint probability 

distribution and conditional independence/dependence relationships between a number of random 

variables. The graphical representation is often in the form of an acyclic graph; either an undirected 

graph — e.g., in Markov networks — or a directed acyclic graph — e.g., in Bayesian networks 

(Sinoquet 2014). Uncertainty reasoning can be done based on the information represented in the 

graphical representation of a probabilistic graphical model and the quantitative relationships 

between its parameters.  

Bayesian networks have been used in various fields in biology, for instance, predicting 

protein homology and fold detection (Raval, Ghahramani, and Wild 2002) and learning regulatory 

networks from expression data (Nachman, Regev, and Friedman 2004). Recently, Bayesian 

networks have been used to model transcriptomic responses of humans to cigarette smoke (Jennen 
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et al. 2015). These studies further confirm that employing a Bayesian network learning approach 

in ecotoxicogenomic problems of finding the transcriptomic response of organisms is reasonable. 

Formally, Bayesian networks are reasonably efficient tools to represent Joint Probability 

Tables (JPD). The Bayesian paradigm, which is an essential characteristic of such networks, is a 

reasoning method for a set of unknown parameters in situations where some features of the system 

are observed. A Bayesian network can represent the JPD of data in a compact manner. It essentially 

represents the JPD for a dataset as a set of conditional probability distributions (CPD) for each 

variable and a directed acyclic graph (DAG) having a node for every variable being modeled. This 

graph can be used to explore correlations and, in some cases, causality relationships between 

variables. An important feature of a Bayesian network is the conditional independence of each 

node (hence the correspond 

ing variable) of its non-descendants, given its parents. With a Bayesian network 

representation, a JPD can be represented by a multilinear function as below:  

 

!(#$ = &$	, #) = &)	, … , #+ = &,) = 	./0(#1 = &1)!(#1 = &1|Π1 = 41)
+

15$6
 

 

Where #1, #2, #3 ... #n are the sets of variables and &1, &2, &3 ... &n are their values. Also, Π1 is the 

set of parents of variable #1. The function above is known as Network Polynomial. Note that 0 is 

the indicator function; it is 1 if the argument is true, 0 otherwise. Meaning that it essentially 

indicates that its variable is present in the configuration or not. Using the equation above, 

probabilities of occurrence of each state of every variable can be computed. A (machine) learning 

algorithm for Bayesian networks gets a dataset as input and suggests a Bayesian network that best 

describes the probabilistic relationships between the data points. While learning Bayesian 

networks in the general case can be computationally demanding, once a Bayesian network is 

learned, inference of information can be done quite efficiently (Xiang 2002).  
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1.5 A Bioinformatic Framework 

Based on the brief history of ecotoxicology, it is important to note that over the last forty years 

the field has grown alongside bioinformatics. Now, yet again, to move the research forward, 

modern analysis techniques and a standardized framework of study are needed. Therefore, the 

objective of this thesis is to develop a machine learning and bioinformatic framework to assess 

and predict evolutionarily conserved genomic/transcriptomic responses of species to toxicants. 

The framework is designed with a comparative approach to search for evolutionarily shared 

mechanisms of stress response of an arbitrary set of input organisms to a set of target chemicals. 

Moreover, it employs a Bayesian network learning approach to perform reasoning and inference 

in the uncertain system due to lack of genomic data of certain non-model organisms.  
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2 Chapter 2:  

A Bioinformatic Framework to Assess the Genomic Response of Species to 

Environmental Toxins 

2.1 Introduction 

Since introduction of ecotoxicogenomics as a new field combining newly-emerged genomic 

technologies with ecotoxicology by Snape et al., environmental risk assessment and biomonitoring 

research have been growing steadily (Snape et al. 2004). While traditional ecotoxicology tests are 

often based on critical endpoints like survival rate of a target species population, genomic 

technologies like transcriptomic or proteomic assessments has granted researchers a new 

prospective in monitoring the effects of contaminants in the environment and ecosystem: the 

ability to assess the response of target species in a molecular and cellular level (Poynton and Vulpe 

2009). With an ecotoxicogenomic approach in environmental monitoring, lethal and sublethal 

levels of toxicity in target organisms can be detected earlier and with a higher accuracy compared 

to the traditional ecotoxicological methods. Moreover, effects of various chemicals can be detected 

in a single survey. Also, experiments would provide more information regarding the toxicants like 

their mode of action (Fedorenkova et al. 2010).  

Ecotoxicogenomics is still a growing field that is constantly improving with introduction of 

more advanced methods. For instance, RNA-seq has replaced DNA microarrays as the method of 

choice for transcriptomic gene expression profiling of target species in biomonitoring (Kammenga 

et al. 2007; Mehinto et al. 2012). Nonetheless, there are still research obstacles in the field of 

ecotoxicogenomics. For example, although several studies have been done assessing the 

transcriptomic response of various model and non-model species to environmental toxins, there is 

no standardized framework for such studies. Furthermore, one of the main focuses of 

ecotoxicological studies is deriving knowledge on higher biological organization levels, like 

communities and populations, from physiological, cellular or molecular endpoints (Moore 2002). 

Consequently, linking results from different studies focused on different organisms to the 

populations and ecosystems is crucial and a major challenge. 

This thesis aims to address this knowledge gap, by proposing a bioinformatic framework to 

retrieve, predict and link genomic responses of species to environmental toxins. The introduced 
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framework employs a comparative and predictive pipeline to mine for known information on 

response of target organisms to input chemicals, determine shared and evolutionarily conserved 

genes of those organisms to the chemicals and provides a platform to analyze the results. One of 

the key features of this pipeline is that it has a modular architecture; therefore, each of its steps can 

be executed in a few alternative methods and users can choose their preferred one. Furthermore, 

editing execution methods in each step and customization of the proposed pipeline is relatively 

easy due to its modular design architecture. The general architecture of the pipeline is depicted in 

Figure 1.1. In the following sections of this chapter each step of the pipeline is described in detail. 

As a proof of concept, the pipeline was run on a test-case dataset and the results were analyzed.   

 General Architecture of the Pipeline 

The proposed pipeline conceptually consists of a few key steps. Initially the input 

organisms and target chemicals need to be defined and a starting set of ‘known’ affected genes 

needs to be created per organism and per chemical. These sets can be mined from an online 

database or be based on local data. Next step is expanding the mentioned set by adding 

evolutionarily conserved genes in all organisms for each gene in the initial dataset. Final steps 

categorize and analyze the sets of conserved genes and generate summary reports.  

 Test-case Dataset 

Although according to Reed et al., there are several criteria for choosing model organisms 

for comparative studies (Reed, Baer, and Edison 2017), the selected organisms in this thesis are 

chosen in a way that comply with those criteria and more importantly to include organisms with 

available initial starting data and those without. The organisms in the test dataset are Mus 

musculus, Danio rerio, Drosophila melanogaster and Caenorhabditis elegans, and the target 

chemical groups are heavy-metals and dioxins. This set of organisms was picked for two additional 

reasons. First and foremost, these organisms span the phylogenetic tree in the kingdom Animalia. 

Therefore, any evolutionarily shared function found among them can be assumed to be shared with 

other animals as well. Secondly, all the mentioned organisms are known model organisms for 

toxicology and ecotoxicology studies. 

Even long before the initial sequencing of the genome of the house mice, Mus musculus, 

they have been used as model organisms for human biology and disease studies (Chinwalla et al. 
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2002). This choice was due to their physiological and presumed genetic similarities between these 

mammals and humans, as well as convenience of maintaining and breeding them in the laboratory 

(Perlman 2016). With the genome of human and mouse sequenced in early 2000s, and creation 

genetically modified mice, like knockout mice, use of this organism as the model became even 

more popular (Peña-Castillo et al. 2008). Currently, Mus musculus is the most studied model 

organism in cancer, toxicogenomic and disease research (Perlman 2016).  

Zebrafish has been a model organism for genetic experiments as early as 1994 (Driever et 

al. 1994). The phenotypic expression of a large set of studied mutations as well as the high fertility 

rate, short reproduction cycle and generation time of this species, made it a preferred vertebrate 

model organism for various studies (Tobin et al. 2012; Golzio et al. 2012). After its genome 

sequenced, Howe et al. conducted a comparative study between Danio rerio and Homo sapiens 

genome and found numerous homolog genes with evolutionarily shared functionalities (Howe et 

al. 2013). Now, Zebrafish has become an important model organism in toxicology and 

developmental biology (Roper and Tanguay 2018). 

While the use of the fruit fly, Drosophila melanogaster, as a model organism for biological 

studies dates back to more than a century ago (Rubin and Lewis 2000), it has been predominantly 

utilized as a model organism in the field of neuroscience to study human neuromuscular and 

neurodegenerative diseases (Koon and Chan 2017). Being inexpensive and convenient to culture 

and having a short life span make fruit fly a technically advantageous model organism for medical 

and biological experiments (Jennings 2011). After completion of the fruit fly genome sequencing 

project in 2000, it has become a popular model organism for comparative studies on human biology 

and disease processes (Adams et al. 2000; Pandey and Nichols 2011). 

The nematode Caenorhabditis elegans, is an emerging model organism in many fields like 

neuroscience, signal transduction, development, cell death and RNA research (Antoshechkin and 

Sternberg 2007; Wani and Kuroyanagi 2017). It is the very first multicellular organism to get its 

genome sequenced (The C. elegans Sequencing Consortium 1998). Due to its physiological 

simplicity, short life cycle, convenient maintenance in laboratory conditions, small sized genome 

and comparable number of protein coding genes to those in mammals and insects, this nematode 

has become an organism of choice for many medical, drug-testing and toxicological studies (Leung 

et al. 2008; Letizia et al. 2018).  
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In this chapter each step of the pipeline is described in detail in addition with results 

obtained by running the pipeline on the test-case data followed by an analysis and discussion of 

the pipeline.  
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Figure 1.1. The architecture of the pipeline 
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2.2 Materials & Methods 

 Obtaining Initial List of Affected Genes 

The first step in this pipeline is to input an initial list of known genes that interact with the 

input chemicals. It is crucial to have a verified starting dataset in order to obtain reliable results. 

Nevertheless, the pipeline will be able to run with any given input as ‘affected’ genes. The 

requirements for the input files are the taxa ID of the target organisms and a list of affected gene 

symbols. Taxa IDs are unique identifiers assigned to each organism entry in NCBI Taxonomy 

database. There are a few options for obtaining a reliable initial list of affected genes, ranging from 

results from in vitro experiments to data from publicly available databases such as Comparative 

Toxicogenomics Database (CTD) (Davis et al. 2017) or Chemical Effects in Biological Systems 

(CEBS) (Waters et al. 2007). CEBS contains mostly curated ecotoxicological studies conducted 

using traditional methods relying on critical endpoints. It also provides links to studies with an 

ecotoxicogenomic approach but does not provide any categorized genomic information (Xirasagar 

et al. 2006). CTD contains manually curated data on chemical–gene interactions, chemical–protein 

interactions as well as gene–disease and chemical–disease relationships (Mattingly et al. 2006). 

Although CTD is developed with a toxicogenomic focus, correlating environmental factors with 

human diseases, it still offers sequence data for a diverse set of model and non-model organisms 

(Mattingly et al. 2003). 

I found CTD to be the most suitable starting point for obtaining an initial list of affected 

genes (see 2.4.1). CTD was queried for chemical–gene interactions for each target organism and 

each input chemical or chemical group. CTD employs hierarchical vocabulary entries for its inputs, 

a group of chemicals can be selected to retrieve chemical–gene interactions for all members of the 

input chemical group (Mattingly et al. 2006). Queries can be done using the CTD webpage 

(http://ctdbase.org/) and results can be downloaded as eXtensible Markup Language (XML), 

comma-separated or tab-separated values (CSV, TSV) and Excel (XLS) formats. Regardless of 

the format of retrieved interactions, the resulting files contain information on interacting chemical, 

interacting gene symbol and a brief description of the interaction. Figure 2.1 shows a sample 

resulting file from CTD for Drosophila melanogaster genes affected by Heavy Metals and Figure 

2.2 shows same results on the CTD webpage. To obtain the input for the pipeline, Excel format of 
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the results was used, but regardless of the formatting, the resulting files from CTD contain symbols 

for affected genes and a list of gene symbols per organism is the only required starting information. 

Since this pipeline queries Ensembl database to retrieve genomic information like 

nucleotide or protein sequences in the next steps, corresponding Ensembl gene IDs were retrieved 

using mygene package in R (Mark and Thompson 2017). This package is developed for gene 

annotations and ID mappings. Moreover, mygene obtains annotation data from various publicly 

available databases like NCBI Entrez, Ensembl, UniProt and University of California Santa Cruz 

genome browser (UCSC genome browser) and its annotation data regularly updated whenever a 

new release is available (C. Wu, MacLeod, and Su 2013; Mark and Thompson 2017).  

 Obtaining Protein Sequences and Homologous Sequences 

The next step in the pipeline is retrieving corresponding protein sequences for the list of 

genes. To do so, the BioMart package in R was used (Steffen Durinck and Huber 2017). This 

package provides an interface to query various public databases including Ensembl, NCBI Entrez 

and UniProt. Using BioMart, the list of all protein product IDs for each gene in the previous step 

was retrieved, then the longest protein sequence on each list was selected and downloaded as the 

candidate translated protein (S. Durinck et al. 2005). The rationale behind choosing the longest 

protein sequence is that firstly, this sequence has the highest amount of coverage on the exons of 

its corresponding gene and therefore would more likely match to homologous protein sequences 

in the next step of the pipeline. Furthermore, it is likely that other isoforms – protein sequences 

translated with different coding segments from a single gene – are subsequences of the longest 

isoform; thus, yielding less sequence information.  

All of the downloaded protein sequences form a dataset of proteins corresponding to the 

genes that are differentially expressed with the presence of the input toxins. After obtaining the 

protein sequences for all target organisms, for each of the protein sequences downloaded for each 

target organism, homolog sequences in all other target organisms were retrieved. A pair of genes 

would have a homology relationship if they share a common ancestral nucleotide sequence (Fitch 

1970). Two homolog genes can be separated by a speciation or a genetic duplication event. In the 

former case, the homolog genes would have an orthology relationship and would normally share 

the same functions. While in the latter case, the two genes would be paralogs and they would have 

possibly related but not the same functions (Koonin 2005; W.-H. Li, Yang, and Gu 2005). 
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Hence the purpose of finding evolutionarily conserved genes responding to environmental 

stress, in this pipeline finding ortholog genes are important. Predicting orthologs can be done using 

searching for Reciprocal Best Hits (RBH). RBH is a commonly used as a surrogate for orthology 

in evolutionary genomics (Ward and Moreno-Hagelsieb 2014). That is, in order to find the 

ortholog for a specific gene in the genome of an organism of interest, first, the target gene is 

searched against the genome of the other organism using a BLAST-like algorithm. Then, the gene 

with the highest score among the hits is searched against the genome of the organism with the 

target gene. If the highest-scoring hit were the same as the initial gene, then the two genes are 

deemed orthologs. While this is an acceptable and basic method to infer orthology relationships 

between arbitrary genes, in this pipeline BioMart was used to query Ensembl for their pre-defined 

orthologous sequences. 

Ensembl has a database of orthologs identified and maintained by a multi-step pipeline. The 

Ensembl pipeline also finds more complex relations like many-to-many or one-to-many 

orthologies (Vilella et al. 2008). Therefore, using BioMart to obtain orthologs from Ensembl is a 

convenient and efficient choice. After querying Ensembl for orthologs, for all retrieved ortholog 

genes and the corresponding proteins, the protein sequence was retrieved using BioMart package 

and added to the dataset of affected protein sequences.   

 Clustering Protein Sequences 

Clustering all obtained protein sequences into groups of orthologous genes is the next step 

in this pipeline. Doing so using the results from the previous step, produces gene clusters sharing 

the same function. This is a crucial step in the pipeline since such groups indicate genes with 

evolutionarily conserved functions that may be interacting with the input chemicals. In this 

pipeline, there are two options to perform the clustering: Orthologous Matrix project (OMA) or 

OrthoFinder (Emms and Kelly 2015; Altenhoff et al. 2015). 

OMA infers pairwise orthology relationships between genes in every two species in the 

input, then by identifying sets of orthologs spanning multiple species extends the orthology 

relationships. This way, each orthology relationship inferred by OMA is deemed as one-to-one 

relationship. While OMA ensures clusters of orthologous genes (referred as orthogroups or OGs) 

have no two genes with a paralog relationship, it also creates hierarchical orthogroups (HOGs) 

(Dessimoz et al. 2011). HOGs are defined as “sets of genes that have descended from a single 
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common ancestor within a taxonomic range of interest” (Altenhoff et al. 2013). HOGs contain 

orthologous genes with same functions as well as potentially paralogs for some genes in the group. 

Therefore, HOGs are useful in comparative genomics and evolution dynamics studies. 

OrthoFinder, on the other hand, does not rely solely on pairwise orthology relationships 

and infers orthology relationships like OrthoMCL (Emms and Kelly 2015). OrthoFinder, computes 

similarity scores among sequences in all input species using BLAST. Afterwards, uses Markov 

Clustering (MCL) algorithm to group the data into clusters of high-similarity sequences. MCL is 

an unsupervised clustering algorithm – names or tags for clusters are inferred from the data and 

are not predefined by the user – based on iterations of random flow simulations in graphs. Meaning 

that this algorithm, using Markov chains, iteratively calculates random walks on its input graph 

looking for flow trends. MCL finds clusters according to the observed flow trends (van Dongen 

2000). This approach grants OrthoFinder a higher rate of recall for finding orthogroups, while 

OMA would have higher precision in finding orthology relationships. Lastly, the recall and 

precision in OrthoFinder and OrthoMCL are dependent on length of input genes. Specifically, the 

precision of long sequences and the recall rate for short sequences are low. OrthoFinder addresses 

this issue with normalizing phylogenetic distance and lengths of sequences. This normalizing 

ensures that best scores between two phylogenetically distant species and the best scores between 

two closely related species are the same (Emms and Kelly 2015).  

Regardless of the chosen clustering method, the results of this step are a list of orthogroups 

based on all protein sequences retrieved in the previous step. These results are represented in CSV 

files and are further analyzed to infer statistics by the code in the pipeline. One of the important 

features of orthogroups at this stage is the number of species having at least one protein sequence 

in them. Based on this feature orthogroups with all species ‘present’ can be identified. These 

orthogroups represent genes that are evolutionarily conserved within the input organisms and are 

differentially expressed with the presence target chemicals. But, the accuracy of the results can be 

further increased with supplementary information and probabilistic reasoning in the next steps. 
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 Finding Related Pathways and Bayesian Network Construction 

2.2.4.1 Biological pathways 

This step in the pipeline retrieves biological pathways from Kyoto Encyclopedia of Genes 

and Genomes (KEGG) database (M. Kanehisa 2000; Minoru Kanehisa et al. 2017, 2016). 

Biological pathways are networks of interactions in a cell consisting of cellular products, 

biomolecules and states of the cell. Activation of pathways would trigger cellular changes, like 

production of biomolecules or turning genes on or off (Watterson, Marshall, and Ghazal 2008). 

The KEGG database contains genomic and functional information in the forms of meaningful 

molecular networks (i.e., biological pathways). To obtain these pathways, BioMart and 

KEGGREST were used (Tenenbaum 2017). For all genes in each orthogroup, this pipeline 

retrieved a list of all genetic pathways including them. Next, for each orthogroup, the number of 

pathways containing any of its genes per species were counted. This information can be useful in 

identifying orthogroups that activate pathways that are related to environmental toxicity. 

Moreover, further statistical analysis can be done on the retrieved pathways and their orthogroups 

to infer meaningful information on evolutionarily shared response among the input organisms to 

the target chemicals. 

2.2.4.2 Bayesian network learning 

The next step in this pipeline is learning a Bayesian network based on pathway data. This 

pipeline finds a Bayesian network that would describe the probabilistic relationships between 

presence of toxicants and pathways and genes in the target organisms. This Bayesian network, has 

a corresponding variable for every pathway retrieved and a binary variable for each input chemical 

or chemical group. For ! input organisms, each pathway variable would have ! + 1 states. States 

of pathway variables indicate the number of species having an affected gene in that pathway; 

therefore, the domain of pathway variables would be {0,1,2…!}. The binary variables for each 

input chemical indicate presence or absence. This way the Bayesian Network provides information 

on which pathways and chemicals are correlated and the group of pathways that are affected by all 

input chemicals as well as suggesting probabilities for each pathway having affected genes among 

all or any number of target species. 
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To run a Bayesian network learning algorithm, a dataset of observations is needed. This 

dataset is created using the obtained orthogroups and pathways. Each orthogroup is regarded as an 

observation. Since each orthogroup contains a list of genes and each gene is present in a list of 

pathways, for each pathway that has an affected gene in that orthogroup, the number of organisms 

having an affected gene in that pathway would indicate the state of the corresponding variable to 

that pathway. The state of the input chemical affecting genes of that orthogroup would be present 

and the state of all other input chemicals would be absent. Therefore, an orthogroup, would 

essentially indicate an observation of the states of all of its corresponding pathways and all the 

input chemicals. Note that each observation would have exactly one input chemical with a present 

state. Figure 2.3 shows an example schema of the observations dataset file in Excel format. 

In this pipeline, Libra Toolkit was used for Bayesian network learning (Lowd and 

Rooshenas 2015). This toolkit provides various learning and inference algorithms for several 

probabilistic graphical models such as Markov Networks, sum-product networks, Bayesian 

networks and arithmetic circuits. The algorithm implemented for Bayesian network learning in 

this toolkit is based on the work by Chickering et al. where they described a Bayesian approach to 

learn Bayesian networks with decision-graph representations for their CPDs (Chickering et al. 

1997). This algorithm essentially introduces a scoring function for Bayesian networks, then 

starting from an empty Bayesian network, greedily expands the network and searches for an 

optimal network describing the probabilistic relationships among the variables in the dataset and 

having the highest score.  

This pipeline enables users to select any subset of pathways to construct the observations 

dataset and learn Bayesian networks. This feature particularly is useful to analyze a subset of the 

most enriched pathways shared amongst the target organisms.  

 Representation of the Results 

The output Bayesian network from the previous step can be analyzed using the WinMine 

Toolkit from Microsoft (available at https://www.microsoft.com/en-us/research/project/winmine-

toolkit/). Moreover, the pipeline converts the output into a Simple Interaction Format (SIF) file. 

This file can be analyzed using Cytoscape software as well (Shannon 2003). The SIF file would 

be used to link to the entries of the pathways in KEGG database. 
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Also, this pipeline creates an Excel file for each of the orthogroups. This Excel file contains 

the protein names, IDs and sequences in the orthogroup as well as related gene name and ID, all 

relating Gene Onthology terms and pathways. For each orthogroup, the most repeated pathway is 

also presented to provide a better insight into the it. Moreover, Multiple Sequence Alignments for 

sequences of each orthogroup can be done using Clustal Omega as well as creation of Minimum 

Evolution tree based on the mentioned alignment.
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Figure 2.1. Sample chemical–gene interactions output from CTD in an Excel format. Note that only 20 top rows of 
the file are shown in this figure.  
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Figure 2.2. Sample chemical–gene interactions output form CTD on ctdbase.org website. 
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Figure 2.3. An example schema for the observations dataset. Each row indicates an orthogroup and an observation. Each column is either a 
pathway or an input chemical. For “pathway columns”, each cell is the number of organisms having at least a gene for which its corresponding 
protein sequence is present in the orthogroup in the row of that cell and in the pathway in column of that cell. For “toxin columns”, each cell is 
binary value indicating the orthogroup was created based on the information retrieved reagarding that chemical or not. 
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2.3 Results 

A testcase dataset of phylogenetically distant taxa, namely Mus musculus, Danio rerio, 

Drosophila melanogaster and Caenorhabditis elegans, with input chemical groups of heavy-

metals and dioxins were chosen as the input data for the pipeline. In this section, the results 

generated by the pipeline in each of its steps are provided. 

 Obtaining Initial List of Affected Genes 

The number of retrieved affected genes obtained from CTD for heavy-metals and dioxins 

are shown in Table 3.1 below1. The initial number of affected genes found in D. melanogaster (67 

heavy metal interactions; 0 dioxin interactions) and C. elegans (65; 0) are much less than those of 

M. musculus (1,898; 12,257) and D. rerio (933; 1,407) because significantly fewer studies have 

been done on the toxicogeomic reponses of D. melanogaster and C. elegans compared with M. 

musculus and D. rerio. Figure 3.1 shows the numbers of retrieved genes that are differentially 

expressed with presence of heavy-metals and dioxins. These numbers yield standard deviations of 

873.07 and 5931.20 for genes affected by heavy-metals and dioxins per organism. Therefore, the 

coefficient variations of these numbers are 1.17 and 1.73 respectively, indicating a high variance 

among the numbers in this distribution. 

 

 M. musculus D. rerio D. melanogaster C. elegans 

Heavy Metals 1898 933 67 65 

Dioxins 12257 1407 0 0 
Table 2.1. Number of chemical-gene interactions retrieved from CTD 

  

 

                                                
1 Curated chemical–gene interactions data were retrieved from the Comparative Toxicogenomics Database (CTD), 

MDI Biological Laboratory, Salisbury Cove, Maine, and NC State University, Raleigh, North Carolina. World Wide 

Web (URL: http://ctdbase.org/). [June, 2017]. 
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 Obtaining Protein Sequences and Homologous Sequences 

In the next step of the pipeline, protein sequences were retrieved as well as orthologs for 

each initially input gene in each organism in all other organisms. The number of orthologs 

retrieved from Ensembl are presented in Table 3.2. Also, Figure 3.2 and Figure 3.3 show the total 

number of affected genes after obtaining orthologs. It is noticeable that the total numbers of genes 

in target organisms have a significantly lower variance. The coefficient variations of numbers of 

retrieved genes and orthologs for heavy-metals and dioxins are considerably decreased and are 

0.31 and 0.57 respectively.   

 

 M. musculus D. rerio D. melanogaster C. elegans 

Heavy Metals 927 1857 1377 1711 

Dioxins 350 11879 4577 4160 
Table 2.2. Number of orthologs retrieved from Ensembl based on the gene list obtained from CTD 

 

 Clustering Protein Sequences 

Next OrthoFinder was used to cluster obtained protein sequences to orthogroups. A total 

number of 8700 and 34101 protein sequences for heavy-metals and dioxins was retrieved. Based 

on these sequences, 1866 and 7740 orthogroups were formed respectively with their corresponding 

genes. The distribution of genes in these orthogroups are shown in Figure 3.4 and Figure 3.5. For 

heavy-metals, 7780 corresponding genes out of 8700 total genes were in orthogroups. From 1866 

orthogroups, 7 were species-specific ones consisting only of genes from a single organism; the 

total number of genes in these orthogroups was 27. Moreover, 702 orthogroups had genes from all 

fours species and 329 of these orthogroups were single-copy ones, having exactly one gene from 

each species. The mean size of orthogroups was 4.2 and the median size was 4. Also, from 34101 

genes affected by dioxins, 30288 was formed into orthogroups. Moreover, there were only 131 

genes in 21 species-specific orthogroups. The number of orthogroups with all species present was 

2487 and 1161 of those were single-copy ones. Lastly, the mean and median size for orthogroups 

was 3.9 and 3. 
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Alternatively, OMA was used to cluster protein sequences and infer orthogroups. Doing 

so, 2260 and 9764 orthogroups inferred for heavy-metals and dioxins respectively. Maximum size 

of each of the mentioned orthogroups was 4, the number of target organisms. As expected, there 

were no species-specific orthogroups in the results. The number of orthogroups with all species 

present were 435 and 1528 for heavy-metals and dioxins, respectively. All of mentioned 

orthogroups were single-copy ones. Also, the mean size of orthogroups for heavy metals and 

dioxins was 2.6 and 2.4 while the median size being 2 for both chemical groups. Figure 3.6 and 

Figure 3.7 show the distribution of genes in the orthogroups retrieved by OMA. 

Furthermore, OMA infers Hierarchical orthogroups as well. The number of Hierarchical 

orthogroups for heavy-metals and dioxins were 1825 and 7904. Again, there were no species-

specific orthogroups among the results and there were 518 and 1892 orthogroups with all species 

present for heavy-metals and dioxins respectively. Among these orthogroups 247 and 955 were 

single-copy ones. The mean and median size of orthogroups were 2.79 and 3 for heavy-metals and 

2.63 and 2 for dioxins. Figure 3.8 shows a comparison between the results by OrthoFinder and 

OMA. 

Lastly, OrthoFinder built gene trees for each orthogroup and species trees based on the 

organism. Although it is not feasible to include all 9606 orthogroups (or 3189 orthogroups with 

all species present), a tabular representation of the CSV file corresponding to one of the resulted 

orthogroups is shown in Table 3.3. Figure 3.9 depicts the related phylogenetic tree built by 

OrthoFinder using FastTree algorithm. FastTree generates an unrooted maximum-likelihood 

phylogenetic tree based on the multiple sequence alignment of nucleotide or protein sequences 

(Price, Dehal, and Arkin 2010). The phylogenetic tree is visualized using Phylo.io (O. Robinson, 

Dylus, and Dessimoz 2016). This phylogenetic tree contains a two-to-two orthology relationship 

between impa1 and impa2 genes in mouse and zebrafish. The gene pair of impa1 in mouse and 

impa2 in zebrafish are in-paralogs as well as impa2 in mouse and impa1 in zebrafish. Moreover, 

there are four paralogs of the inositol monophosphatase 1 activity related gene in D. melanogaster 

and only one gene in C. elegans. It is notable that all genes in the orthogroup are variants of inositol 

monophosphatase activity related genes and their common GO molecular function is “inositol 

monophosphate activity” and “metal ion binding”. The common GO biological functions include 

“phosphatidylinositol phosphorylation” and “signal transduction”. 
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 Bayesian Network 

Related pathways for each of the genes in orthogroups inferred by OrthoFinder were 

retrieved. Using BioMart and KEGGREST, 101 KEGG pathways were retrieved for heavy-metals 

and 125 KEGG pathways were retrieved for dioxins. It is remarkable that combining both sets of 

pathways would yield a set of 125 pathways, meaning that all of the pathways retrieved for heavy-

metals are included in the 125 pathways for dioxins as the target chemical. Afterwards, for each 

pathway, the number of genes from each target organism in resulted orthogroups were counted. 

This number is a good candidate to determine how important a pathway is as a response mechanism 

in presence of the input chemicals. After adding these numbers for each input chemical, pathways 

were ranked. Figure 3.10 and Figure 3.11 depicts the number of genes in pathways per input 

species. Also, Table 3.4 has the pathways ranked by the number of genes in the them. 

Next, ten pathways with highest number of affected genes were selected. For each 

orthogroup, the number of organisms with at least a gene in each of these ten pathways was 

counted. Each orthogroup representing an “observation of effect” of chemicals on target 

organisms. These observations are used to learn a Bayesian network. Note that orthogroups with 

genes in none of the ten pathways were omitted to normalize the input dataset for the Bayesian 

network learning. The directed acyclic graph representation of the Bayesian network is shown in 

Figure 3.12. Note that a Bayesian network has probability tables (or a similar data structure) for 

each note. Using WinMine toolkit the output Bayesian network can be analyzed by the user. A 

snapshot of the Bayesian network and the mentioned probability tables are compressed using 

decision trees are shown in Figure 3.13 and Figure 3.14.  

This Bayesian network can be used to infer correlations between enrichment of pathways 

and presence of input chemicals. Moreover, using the probabilities in each node of the Bayesian 

network the likelihood of a pathway being affected by any subset of input chemicals can be 

computed. For example, in the probabilistic distribution of variables in the Bayesian network in 

the mTOR signalling pathway node (Figure 3.14), it can be observed that if none of the target 

organisms have any differentially expressed genes in PI3K-Akt signalling pathway and presence 

of dioxin toxicity is known to be absent, then the probability of none of the organisms having their 

mTOR signalling pathway activated is 0.995. Meaning that according to the Bayesian network, if 

activation of mTOR signalling pathway was observed in any of the input organisms, and their 
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PI3K-Akt signalling pathway was also known to be inactive, it can be inferred with a probability 

of 0.995 that the target organisms are not facing dioxin toxicity. 

The SIF file created from the Bayesian network can be used in Cytoscape for further 

analysis. This file is essentially the DAG in the Bayesian network with links to the pathway entries 

in the KEGG database. A snapshot of the Cytoscape environment is provided in Figure.  
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Figure 3.1. Number of affected genes retrieved from CTD for heavy-metals and dioxins in M. musculus, D. rerio, D. 
melanogaster and C. elegans 
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Figure 0.1 Initial number of affected genes and number of homologs retrieved from Ensembl for heavy-metal 
interactions in M. musculus, D. rerio, D. melanogaster and C. elegans  

 
Figure 0.2 Initial number of affected genes and number of homologs retrieved from Ensembl for dioxins interactions 
in M. musculus, D. rerio, D. melanogaster and C. elegans 
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Figure 3.5. Orthogroups inferred by OrthoFinder of genes affected by heavy-metals categorized by the 
number of species having at least a gene in them. 

Figure 3.4. Orthogroups inferred by OrthoFinder of genes affected by dioxins categorized by the number of 
species having at least a gene in them. 
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Figure 3.6. Orthogroups inferred by OMA of genes affected by heavy-metals categorized by the number of 
species having at least a gene in them. 

Figure 3.7. Orthogroups inferred by OMA of genes affected by dioxins categorized by the number of 
species having at least a gene in them. 
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Figure 0.3 Number of orthogroups inferred by OrthoFinder and OMA for heavy-metals and dioxins. 

7

707

450
702

0

1322

503 435

0

885

422 518

0

200

400

600

800

1000

1200

1400

1 2 3 4

Nu
m

be
r o

f o
rt

ho
gr

ou
ps

Number of Species

Heavy Metals

OrthoFinder OMA OMA - Hierarchical OrthoGroups

21

4025

1207

2487

0

6630

1606 1528
0

4816

1196
1892

0

1000

2000

3000

4000

5000

6000

7000

1 2 3 4

Nu
m

be
r o

f o
rt

ho
gr

ou
ps

Number of Species

Dioxins

OrthoFinder OMA OMA - Hierarchical Orthogroups



 40 

 

 

 

GO: Cellular 
Component GO: Biological Process GO: Molecular Function Description Gene Name Ensembl Protein ID Ensembl Gene ID Organism 

cytoplasm 

signal transduction, phosphatidylinositol 
phosphorylation, inositol metabolic process, 

inositol phosphate dephosphorylation, inositol 
biosynthetic process 

inositol monophosphate 1-phosphatase activity, inositol 
monophosphate 3-phosphatase activity, inositol monophosphate 4-

phosphatase activity, protein binding, magnesium ion binding, 
protein homodimerization activity 

inositol (myo)-1(or 4)-
monophosphatase 2 Impa2 ENSMUSP00000025403 ENSMUSG00000024525 

mouse 

cytoplasm 

phosphatidylinositol phosphorylation, inositol 
phosphate dephosphorylation, 

phosphatidylinositol biosynthetic process, 
phosphate-containing compound metabolic 

process, signal transduction 

inositol monophosphate phosphatase activity, inositol 
monophosphate 1-phosphatase activity, lithium ion binding, 
manganese ion binding, protein homodimerization activity, 

identical protein binding, protein binding, magnesium ion binding 

inositol (myo)-1(or 4)-
monophosphatase 1 Impa1 ENSMUSP00000068174 ENSMUSG00000027531 

mouse 

cytoplasm 
phosphatidylinositol phosphorylation, inositol 
metabolic process, signal transduction, inositol 

phosphate dephosphorylation 

inositol monophosphate 1-phosphatase activity, magnesium ion 
binding 

inositol 
monophosphatase 1 Impa2 ENSDARP00000018348 ENSDARG00000003517 

zebrafish 

cytoplasm 
phosphatidylinositol phosphorylation, inositol 
metabolic process, signal transduction, inositol 

phosphate dephosphorylation 

inositol monophosphate 1-phosphatase activity, magnesium ion 
binding 

inositol(myo)-1(or 4)-
monophosphatase 2 impa2 ENSDARP00000076958 ENSDARG00000059411 

zebrafish 

NA phosphatidylinositol phosphorylation, 
dephosphorylation inositol monophosphate 1-phosphatase activity NA CG17027 FBpp0305753 FBgn0036553 

fruitfly 

NA phosphatidylinositol phosphorylation, 
dephosphorylation inositol monophosphate 1-phosphatase activity NA CG17028 FBpp0291655 FBgn0036552 

fruitfly 

NA phosphatidylinositol phosphorylation, 
dephosphorylation inositol monophosphate 1-phosphatase activity NA CG17029 FBpp0305752 FBgn0036551 

fruitfly 

NA phosphatidylinositol phosphorylation, 
dephosphorylation inositol monophosphate 1-phosphatase activity NA CG17026 FBpp0075268 FBgn0036550 

fruitfly 

cytoplasm 

protein localization, chemotaxis, protein 
localization to synapse, thermotaxis, inositol 

phosphate dephosphorylation, inositol 
biosynthetic process, phosphatidylinositol 

phosphorylation 

metal ion binding, hydrolase activity, magnesium ion binding, 
inositol monophosphate 1-phosphatase activity, manganese ion 

binding, lithium ion binding, inositol monophosphate 3-
phosphatase activity, inositol monophosphate 4-phosphatase 

activity, inositol monophosphate phosphatase activity 

Inositol 
monophosphatase ttx-7 ttx-7 F13G3.5a.2 WBGene00008765 

nematode 

Table 2.3. A sample orthogroup among the results created by orthofinder for dioxins responding genes in M. musculus, D. rerio, D. melanogaster and C. 
elegans 
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Figure 3.9. The phylogenetic tree built from translated protein sequences from IMPA1 and IMPA2 genes and 
their orthologs in the orthogroup using FastTree algorithm, Leaf names are in the format of <gene 
name>|<organism name>|Ensembl gene ID. Also, for the available genes (all but D. melanogaster genes) 
the gene description has been provided below the leaf name as well. The bar can be used to scale the branch 
lengths. 
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Figure 3.10. Pathways affected by heavy-metals in C. elegans, D. melanogaster, D. rerio and M. musculus. 
Vertical axis corresponds to the number of genes from each pathway that are present in the orthogroups. 
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Figure 3.11. Retrieved pathways colour-coded by their type. The bigger a circle is, the more genes its 
corresponding pathway has within the dataset. 
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Kegg 
Pathway 

ID 
Pathway Name 

Number of genes in the dataset 

and in the pathway 

00230 Purine metabolism 402 

04150 mTOR signalling pathway 310 

00240 Pyrimidine metabolism 279 

04151 PI3K-Akt signalling pathway 263 

00010 Glycolysis / Gluconeogenesis 218 

00480 Glutathione metabolism 203 

00561 Glycerolipid metabolism 184 

00564 Glycerophospholipid metabolism 179 

00720 Carbon fixation pathways 176 

00520 Amino sugar and nucleotide sugar metabolism 165 

00982 Drug metabolism - cytochrome P450 164 

00500 Starch and sucrose metabolism 161 

00020 Citrate cycle (TCA cycle) 157 

00071 Fatty acid degradation 157 

00270 Cysteine and methionine metabolism 152 

00620 Pyruvate metabolism 152 

00980 
Metabolism of xenobiotics by cytochrome 

P450 
150 

00380 Tryptophan metabolism 149 

04070 Phosphatidylinositol signalling system 143 

00680 Methane metabolism 140 

00640 Propanoate metabolism 131 

00052 Galactose metabolism 124 

00627 Aminobenzoate degradation 121 

00051 Fructose and mannose metabolism 119 

00030 Pentose phosphate pathway 118 

00562 Inositol phosphate metabolism 112 
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04660 T cell receptor signalling pathway 107 

00650 Butanoate metabolism 106 

00590 Arachidonic acid metabolism 102 

00710 Carbon fixation in photosynthetic organisms 99 

00140 Steroid hormone biosynthesis 98 

00310 Lysine degradation 97 

00260 Glycine, serine and threonine metabolism 95 

00330 Arginine and proline metabolism 95 

00970 Aminoacyl-tRNA biosynthesis 95 

00250 Alanine, aspartate and glutamate metabolism 93 

00670 One carbon pool by folate 91 

00830 Retinol metabolism 89 

00513 Various types of N-glycan biosynthesis 88 

00220 Arginine biosynthesis 84 

00983 Drug metabolism - other enzymes 84 

00591 Linoleic acid metabolism 83 

00232 Caffeine metabolism 81 

00280 Valine, leucine and isoleucine degradation 81 

00600 Sphingolipid metabolism 77 

00760 Nicotinate and nicotinamide metabolism 77 

00860 Porphyrin and chlorophyll metabolism 74 

00510 N-Glycan biosynthesis 72 

00592 alpha-Linolenic acid metabolism 68 

00630 Glyoxylate and dicarboxylate metabolism 68 

00062 Fatty acid elongation 66 

00190 Oxidative phosphorylation 59 

00350 Tyrosine metabolism 58 

00511 Other glycan degradation 54 

00900 Terpenoid backbone biosynthesis 54 
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00360 Phenylalanine metabolism 53 

00410 beta-Alanine metabolism 52 

00565 Ether lipid metabolism 51 

00790 Folate biosynthesis 48 

00531 Glycosaminoglycan degradation 45 

00053 Ascorbate and aldarate metabolism 43 

00521 Streptomycin biosynthesis 43 

00910 Nitrogen metabolism 41 

00604 Glycosphingolipid biosynthesis - ganglio series 38 

00040 Pentose and glucuronate interconversions 36 

00061 Fatty acid biosynthesis 35 

00450 Selenocompound metabolism 33 

00340 Histidine metabolism 32 

00281 Geraniol degradation 31 

00400 
Phenylalanine, tyrosine and tryptophan 

biosynthesis 
31 

00603 
Glycosphingolipid biosynthesis - globo and 

isoglobo series 
31 

00770 Pantothenate and CoA biosynthesis 30 

00950 Isoquinoline alkaloid biosynthesis 30 

00362 Benzoate degradation 27 

00430 Taurine and hypotaurine metabolism 27 

00460 Cyanoamino acid metabolism 27 

00534 
Glycosaminoglycan biosynthesis - heparan 

sulfate / heparin 
26 

00660 C5-Branched dibasic acid metabolism 26 

00930 Caprolactam degradation 25 

00253 Tetracycline biosynthesis 24 

00254 Aflatoxin biosynthesis 24 
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00750 Vitamin B6 metabolism 24 

00960 
Tropane, piperidine and pyridine alkaloid 

biosynthesis 
24 

00120 Primary bile acid biosynthesis 23 

00072 Synthesis and degradation of ketone bodies 21 

00730 Thiamine metabolism 21 

00401 Novobiocin biosynthesis 19 

00524 
Neomycin, kanamycin and gentamicin 

biosynthesis 
19 

00623 Toluene degradation 19 

00903 Limonene and pinene degradation 19 

00920 Sulfur metabolism 16 

00100 Steroid biosynthesis 15 

00514 Other types of O-glycan biosynthesis 15 

00261 Monobactam biosynthesis 12 

00332 Carbapenem biosynthesis 12 

00625 Chloroalkane and chloroalkene degradation 11 

00626 Naphthalene degradation 11 

00780 Biotin metabolism 11 

00130 
Ubiquinone and other terpenoid-quinone 

biosynthesis 
10 

00440 Phosphonate and phosphinate metabolism 10 

00471 D-Glutamine and D-glutamate metabolism 10 

00905 Brassinosteroid biosynthesis 10 

00940 Phenylpropanoid biosynthesis 9 

00563 
Glycosylphosphatidylinositol (GPI)-anchor 

biosynthesis 
8 

00643 Styrene degradation 8 

00909 Sesquiterpenoid and triterpenoid biosynthesis 8 
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00073 Cutin, suberine and wax biosynthesis 5 

00290 Valine, leucine and isoleucine biosynthesis 5 

00300 Lysine biosynthesis 5 

00532 
Glycosaminoglycan biosynthesis - chondroitin 

sulfate / dermatan sulfate 
5 

00533 
Glycosaminoglycan biosynthesis - keratan 

sulfate 
5 

00473 D-Alanine metabolism 4 

00550 Peptidoglycan biosynthesis 4 

00633 Nitrotoluene degradation 4 

00642 Ethylbenzene degradation 4 

00785 Lipoic acid metabolism 4 

00908 Zeatin biosynthesis 4 

00966 Glucosinolate biosynthesis 4 

00523 Polyketide sugar unit biosynthesis 3 

00525 Acarbose and validamycin biosynthesis 3 

00540 Lipopolysaccharide biosynthesis 3 

00363 Bisphenol degradation 2 

00740 Riboflavin metabolism 2 

00512 Mucin type O-glycan biosynthesis 1 

00601 
Glycosphingolipid biosynthesis - lacto and 

neolacto series 
1 

Table 2.4. KEGG pathways retrieved for the genes in all orthogroups. The number of genes in pathways was 
counted and used as a proxy for how effective a pathway is in stress response to target chemicals. The cells with a 
blue shade are environmental signaling pathways and the one with a green shade is an organismal systems 
pathway, others are metabolic pathways. 

. 
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Figure 3.12. DAG representation of the Bayesian network learned from observations data 
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Figure 3.13. The WinMine toolkit can be used to view resulted Bayesian networks. WinMine proivedes an 
interactive environment to analyze the structure and the probabilistic distribution of the variables in the Bayesian 
network. 
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Figure 3.14. The conditional probability tables in the “mTOR signalling pathway” (top) and “Glutathione 
metabolism” (bottom) nodes in the resulted Bayesian network has been represented using decision trees. 
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Figure 3.15. The pathway network based on the DAG from the resulted Bayesian network shown in Cytoscape. 
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2.4 Discussion 

 Obtaining Initial List of Affected Genes 

2.4.1.1 Data Distributions in the Databases 

The Comparative Toxicogenomics Database is an appropriate starting point to obtain an 

initial list of affected genes. The ever-growing number of curated studies on toxicology provides 

a large starting dataset. On the other hand, the data in CTD is highly unbalanced. Considering only 

the test-case dataset, there are 740 references in CTD for heavy-metal interactions in M. musculus; 

while there are 35, 34 and 32 for D. rerio, D. melanogaster and C. elegans respectively. Also, 

there are 668 and 68 studies referenced in CTD for M. musculus and D. rerio on dioxin toxicity 

and no records for the latter two organisms. It is observable that the number of chemical–gene 

interactions for mouse is considerably higher than other organisms. Since  mouse is the “premier 

genetic model organism” (Nguyen and Xu 2008) and CTD is mainly focused on the effect of 

environmental exposures on human health (Mattingly et al. 2003), this unbalanced number of 

references and subsequently affected genes is justified. According to CTD data, there are only 522 

organisms with an entry in the database2. Table 4.1 shows the top 30 organisms with the most 

references in CTD. Also, Figure 4.1 depicts the numbers of all organisms as a bubble chart and a 

bar chart for the top 20 most referenced organisms in CTD. The vast difference between the top 3 

most referenced organisms – Homo sapiens, Mus musculus and Rattus norvegicus – and other 

organisms in CTD is striking. Furthermore, although all input organisms in the test-case dataset 

are in among the most referenced organisms in CTD, there were very few, if any, chemical–gene 

interactions in the database. Therefore, expanding the initial dataset obtained from CTD in every 

run of the pipeline, regardless of the input species, is crucial. Addition of ortholog genes is a logical 

approach to expand the initial dataset. But in cases with no model organism present in the dataset, 

this approach wouldn’t be as effective. Since the more ‘uncommon’ target organisms are, the fewer 

experiments and studies are done on them, and therefore, less data would be available for them in 

CTD.  

                                                
2 Curated reference data were retrieved from the Comparative Toxicogenomics Database (CTD), MDI Biological 
Laboratory, Salisbury Cove, Maine, and NC State University, Raleigh, North Carolina. World Wide Web (URL: 
http://ctdbase.org/). [October, 2017]. 
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2.4.1.2 Binary Genomic Data 

Another feature of the data obtained from CTD is that only presence of a responding gene 

can be inferred from CTD. Although CTD consists of curated toxicogenomic studies, and they rely 

on genomic approaches like RNA-seq experiments, the database does not have any field for 

differential expressions. Consequently, the differential gene expression levels cannot be mined. 

On the other hand, CEBS provides additional information regarding microarray experiment results 

or thresholds of toxicological endpoints like LC50. But CEBS does not contain as much data and 

as many curated studies compared to CTD. Moreover, CEBS is not as straightforward as CTD to 

mine. Due to the mentioned issues, the data used in this pipeline is binary – i.e., only presence or 

absence of differential expression in genes are inferred or suggested. Nonetheless, this pipeline 

can be altered to handle non-binary data related to differential gene expression levels. To do so, a 

parameter needs to be introduced for every gene in the dataset, corresponding to the degree of 

differential expression of that gene. The value of this parameter would either be obtained from the 

initial data or inferred from the ortholog genes in other organisms in the dataset. Using these 

parameters for every gene in orthogroups, a measure of ‘activation’ can be assigned to them based 

on the relative expression levels of the genes in it. This measure can be very useful in detecting 

highly affected genes and orthogroups. 

2.4.1.3 Variations in the Study Methods  

Although the source of data in CTD is curated results of scientific experiments and studies, 

the methods used to obtain those results vary. While samples of small organisms, like those in the 

Insecta class, are usually prepared by lysing and homogenizing many individuals (Gao et al. 2016; 

Liu et al. 2017), the samples for vertebrates like mouse and rat are based on specific organs or 

tissues – e.g. kidney, brain, liver or skin (Bussotti et al. 2016; B. Li et al. 2017). Furthermore, 

several other factors including genetic variations among individual organisms, sex and age may 

affect the results of the studies (R. R. White et al. 2015; Dugo et al. 2016) hence the starting data 

points in this framework.  
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 Obtaining Protein Sequences and Homologous Sequences 

2.4.2.1 Reference Database 

Retrieving corresponding protein sequences for the obtained gene list from the previous step 

can be done querying databases like RefSeq, UCSC, NCBI Entrez, UniProt and Ensembl. The 

protein sequence retrieval part of the pipeline should be automated considering the large numbers 

of genes it would be processing. There are several Application Programming Interfaces (APIs) 

available to query these databases, such as Entrez Programming Utilities (E-utilities) for NCBI 

Entrez, REpresentational State Transfer (REST) services for UniProt website and knowledge base 

as well as a Java API for UniProt and BioMart web interface as well as BioMart R package. Due 

to the modular design of this pipeline, scripts based on different reference databases can be written 

and integrated into the pipeline. Nevertheless, Ensembl was chosen to be the reference database in 

the current version of the pipeline. According to Zhao and Zhang in their 2015 review of such 

reference databases, Ensembl, RefSeq and USCS share almost 22000 gene annotations and 

Ensembl, with almost 33000 unique data points, has more annotations than the others (Zhao and 

Zhang 2015). Moreover, Ensembl contains a pre-compiled dataset of 98 organisms and the 

orthology relationships among their genes (Zerbino et al. 2018). This makes Ensembl a convenient 

choice for the next part of this step of the pipeline. Additionally, BioMart which has a web interface 

dedicated to Ensembl database, provides query services to several other databases via its R package 

(Steffen Durinck and Huber 2017). This feature facilitates linking additional information like Gene 

Ontology annotations to the data points. Thus, the combination of Ensembl and BioMart is a 

convenient choice for browning data, sequence, and further information retrieval.   

2.4.2.2 Longest Protein Sequence 

Since there may be many messenger RNA variants for each gene due to alternative splicing 

(Black 2000), many proteins can be translated from the various transcripts of a single gene. These 

alternative splicing events may be due to skipping exons, retention of introns or presence of 

mutually exclusive exons in gene transcription. Thus, eventually different protein variants or 

isoforms may be translated from genes. These protein isoforms may have the same function or 

may vary by having different functional domains (Lopez 1998). 
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This matter should be taken into account when retrieving protein sequences for a specific 

gene. Although there is no set guideline on which protein isoform to select, usually researchers 

choose the longest protein sequence as the representative translation for any gene. This way, the 

representative protein isoform would have maximum sequence information and would not be a 

partial sequence. There are several instances of researchers doing so, for instance, McLysaght et 

al., in their 2002 study on chordate evolution chose the most extended protein sequences to 

represent genes and built phylogenetic trees based on those sequences (McLysaght, Hokamp, and 

Wolfe 2002). Moreover, Peri et al. chose the longest proteins sequences while developing Human 

Protein Reference Database (Peri et al. 2003); also, in Mammalian Gene Collection (MGC) the 

same approach has been taken (The MGC Project Team et al. 2009). In more recent work, this is 

the method of choice as well. For example, Cheng and Perocchi adopted the same approach in the 

prediction of mitochondrial protein function in their phylogenetic study (Cheng and Perocchi 

2015), Wilson et al. did so their isoform mammalian protein characterization study (Wilson et al. 

2014). 

It is important to note that the longest protein sequence may not be the dominant isoform. 

Villanueva-Cañas et al. showed this approach in comparative analyses would yield an 

overestimation of the sequence fractions in sequences with positive selection (Villanueva-Cañas, 

Laurie, and Albà 2013). Furthermore, there has been promising research attempting to cope with 

this issue. Rodriguez et al. have developed APPRIS, a database of principal isoforms in the human 

proteome. They infer principle isoform based on molecular functions associated with the protein 

variants and their evolutionary history (Rodriguez et al. 2013). In the most recent update of the 

database, a few model organisms like zebrafish and mouse have also been included. (Rodriguez et 

al. 2018). Nonetheless, since the data in APPRIS is still limited, the longest protein sequence was 

chosen as the representative and principal protein for the genes in the dataset.  

2.4.2.3 Retrieving Orthologs  

As mentioned before, the basic approach to obtain ortholog genes is using their reciprocal 

best hits for representing protein sequences. This approach can be implemented with ease. There 

is also simple software developed to perform reciprocal alignment searches, finding ortholog 

sequences. For instance, Rapoport and Neuhof have developed RecBlast based on reciprocal 

BLAST searches of protein sequences (Rapoport and Neuhof 2017). There is a drawback in 
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adopting this method, and that is the overhead processing time of repeatedly doing BLAST 

searches. Therefore, using databases of pre-compiled orthology or homology relationships among 

different organisms is a better approach. 

While there are a few such databases like NCBI Homologene and OrthoDB, many of them 

do not cover a wide range of taxa, are not well-annotated and are not maintained 

(NCBI Resource Coordinators 2017; Zdobnov et al. 2017). In this pipeline, Ensembl database of 

orthologs was queried using BioMart to retrieve ortholog protein sequences. In summary, Ensembl 

defines the orthologs for a gene with the steps below: 

 

1. Load the longest protein translation of the input gene as its principal isoform.  

2. Run NCBI BLAST+ (Camacho et al. 2009) on the principal isoform against the 

proteome of the target. 

with parameters: -num_threads 1 -use_sw_tback -max_hsps_per_subject 1 -seg no  

3. Build a graph of gene relationships based on BLAST scores, then cluster using 

hcluster_sg2 (H. Li et al. 2006). 

with the outgroup of Saccharomyces cerevisiae   

with parameters: -w0 -O -s 0.34 -m 750 

4. Build multiple sequence alignment for each cluster using M-Coffee3 (Wallace 2006) 

or using Mafft4 (Katoh and Standley 2013) if the cluster is too large. 

5. Based on the MSA, build a phylogenetic tree using TreeBeST5 (H. Li et al. 2006) and 

reconcile it with the species tree in NCBI taxonomy database 

(NCBI Resource Coordinators 2017). 

6. Based on the gene tree, infer orthologs and paralogs. 

 

Based on this method, Ensembl infers three types of orthology relationships: one-to-one, 

one-to-many and many-to-many. Comparing with the definition of in-paralogs by Altenhoff, a 

many-to-many orthology relationship is necessarily the relationship between two in-paralog genes 

(from different organisms). More specifically, in case of many-to-many orthology, the gene has 

been duplicated in the lineage of both organisms. However, all of the descended copies have a 

common ancestral gene, and that is the last common ancestor of the species (Altenhoff et al. 2015). 

Also, a one-to-many orthology relationship is a particular case of a many-to-many orthology 
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relationship in which one of the organisms only has one single copy of the orthologous gene in its 

lineage. 

Therefore, orthologous sequences retrieved from Ensembl database would also involve in-

paralogs. This is not a significant issue, even in the case user wants to avoid in-paralogs, since 

using OMA in the next step of the pipeline would essentially disregard the in-paralog sequences. 

Also, using the RBH approach would yield no in-paralogs in the results of this step but at the cost 

of extended processing times. 

 Clustering Protein Sequences 

2.4.3.1 OrthoFinder vs OMA: accuracy and performance 

As mentioned, the main difference between OrthoFinder and OMA is how they deal with 

orthologs in their orthogroups. However, these methods differ in processing times and accuracy. 

OrthoFinder processed the test-case dataset in roughly 5 hours on a 2011 MacBook Pro (2.4 GHz 

Intel Core i5 processor with 3 MB cache, 8GB RAM) while using OMA, the same dataset took 

almost 250 hours on a HP Z800 Workstation (3 GHz Intel Xeon Hexa-Core processor with 12 MB 

cache, 48 GB RAM). Moreover, based on the 8700 genes in the dataset that are affected by the 

presence of heavy metals, OrthoFinder found a total of 1866 orthogroups with 7780 genes in them 

cumulatively. While OMA found 1825 orthogroups with 5881 genes in them in total. This yields 

an 89.4% rate of genes grouped for OrthoFinder and 67.6% rate for OMA. Furthermore, based on 

34102 genes affected by dioxins in the dataset, OrthoFinder grouped 30288 genes in 7740 

orthogroups while OMA grouped 24178 genes in 7904 orthogroups. This means an 88.8% and 

70.9% ratio for grouping genes for OrthoFinder and OMA respectively. It could be observed that 

OrthoFinder has better accuracy compared to OMA. Conveniently, Emms and Kelly also claim 

OrthoFinder has higher accuracy compared to OMA based on the OrthoBench benchmark dataset 

results (Emms and Kelly 2015). 

2.4.3.2 Species Trees and Orthogroup Gene Tree 

OrthoFinder also provides a phylogenetic representation based on the orthology 

relationships found among the protein sequences of input organisms in each run. Since there were 

two target chemicals in the input, OrthoFinder had two runs in the pipeline generating two distinct 
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trees. The trees suggested by OrthoFinder is provided in Figure 4.2 OrthoFinder uses DLCpar 

algorithm to infer the phylogenetic tree from the orthogroups as the most parsimonious reconciled 

tree (Y.-C. Wu et al. 2014). In this example, the phylogenetic organismal trees and the example 

gene tree from the sample orthogroup (shown in Figure 3.9) align.  

2.4.3.3 Further analysis of a random sample orthogroup 

In the random orthogroup selected among the results, shown in Figure 3.9 and Table 3.3, C. 

elegans has only one gene while other organisms have two or four paralogs. Since C. elegans is a 

simpler early-diverging organism compared to others, it makes sense that later diverging 

organisms have developed paralogs with slightly different functions in their course of evolution. 

In the mentioned orthogroup, all the genes share similar functions. This orthogroup 

essentially consists of impa1 and impa2 orthologs. According to NCBI Entrez gene summary for 

impa1 in Homo sapiens (link: https://www.ncbi.nlm.nih.gov/gene/?term=3612), this gene encodes 

the inositol monophosphatase 1 enzyme, which plays a crucial role in the phosphatidylinositol 

signalling pathway. This pathway triggers a signalling system by releasing calcium ion and is 

involved in cell metabolism and information processing in neuronal cells (Berridge 2009). Due to 

the essential role this enzyme has in the mentioned pathway, it has been used as a drug target for 

modulation and inhibition (Schloesser et al. 2008). 

Based on the GO terms retrieved for the proteins in the orthogroup, a common function 

among the orthogroup proteins is lithium and magnesium binding. However, the impa2 paralogs 

in mouse and zebrafish have a more general metal binding function as well as paralogs in D. 

melanogaster. This may indicate that the paralogs in more modern organisms are serving toxin 

responding functionality. There are a few ecotoxicological and toxicogenomic studies in the 

literature that can support this hypothesis: (1) Sharmin et al. in their study on chromium toxicity 

of Miscanthus sinensis (Chinese silver grass) identified several differentially expressed protein 

spots using gel electrophoresis and inositol monophosphatase was one of the observed proteins 

(Sharmin et al. 2012). (2) In another study on cadmium-induced Rhodobacter capsulatus it was 

shown that inositol monophosphatase binds to cadmium (Mohamed Fahmy Gad El-Rab, Abdel-

Fattah Shoreit, and Fukumori 2006). (3) Caselli et al. in their study on the kinetic mechanism of 

zinc-dependent aryl-phosphate activity in bovine brain tissue showed that zinc ions bind to 

translated impa1 proteins (Caselli et al. 2007). (4) Fletcher et al. studied 2,3,7,8-
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Tetrachlorodibenzo-p-dioxin effects on mRNA expression levels in Rattus norvegicus and 

observed increased expression levels of impa2 transcripts (Fletcher et al. 2005).  Although further 

investigations are required to confirm the role of impa2 genes on dioxin and heavy metal toxicity, 

these studies suggest that phylogenetically-distant taxa show similar responses of heavy-metal 

binding by impa2 proteins and enzymes. Nevertheless, this preliminary analysis led to a structured 

hypothesis and indicated possibility of existence of an evolutionarily shared response to toxins that 

has not been studied comprehensively yet. 

 Finding Related Pathways and Bayesian Network Construction 

2.4.4.1 Pathway Analysis 

The pathways retrieved from the genes in the test-case orthogroups indicate a large number 

of metabolic pathways and only three environmental signalling pathways and one organismal 

systems pathway. More specifically, 121 out of 125 pathways are metabolic pathways. However, 

the environmental signalling pathways are among the most populated pathways; two of the top 10 

most populated pathways are environmental signalling ones – mTOR signalling pathway and 

PI3K-AKT signalling pathway. 

The mammalian target of mTOR (rapamycin) signalling pathways plays important roles in 

survival, growth, metabolism and proliferation of cells. This pathway is activated in various 

cellular processes like insulin resistance, genotoxic stress and formation of tumors (Laplante and 

Sabatini 2009). The critical role of mTOR signalling pathway in cancer has established through 

extensive studies (Guertin and Sabatini 2007). Furthermore, the carcinogen effects of dioxins are 

well studied (Cole et al. 2003; Schwarz and Appel 2005), and have been identified by the 

International Agency for Research on Cancer (IARC) since 1997 (McGregor et al. 1998). 

Moreover, toxicogenomic studies in the literature confirm effects of heavy metal toxicity in 

humans and activation of mTOR signalling pathway as well as inositol 3-kinase (PI3K) and AKT 

(Chiarelli and Roccheri 2012; L Carpenter and Jiang 2013). Hence, there is evidence in the 

literature confirming the validity of results regarding mTOR signalling pathway suggested by this 

pipeline as a shared response to heavy metals and dioxins. It is noteworthy that initial affected 

gene list suggested by CTD did not contain any genes in D. melanogaster and C. elegans while 



 61 

mTOR and PI3K-AKT signalling pathways are in the most populated pathways in the results due 

to the orthologs in all input organisms. 

Although 96.8% of the retrieved pathways are metabolic ones, it does not mean that a 

majority of them are not showing a shared response to the heavy metal and dioxins toxicity. For 

instance, Bundy and Kille in their recent work on the role of phytochelatins – peptides that bind to 

metals and are essential in metal poisoning resistance – found that although phytochelatin peptides 

are mainly found in plants, fungi and algae as critical heavy metal toxicity responding measures, 

they are present in many nematodes including C. elegans. Remarkably, the phytochelatin synthase 

genes are present in a wide range of taxa that “cover the animal tree of life” (J. G. Bundy and Kille 

2014; Vatamaniuk et al. 2001). Being oligomers of glutathione, phytochelatins are synthesized 

from glutathione and by activation of glutathione pathways (Grill et al. 1989). Moreover, there is 

evidence in the literature on the role of glutathione in heavy metal toxicity in animals like mouse, 

rat and marsh frog (Singhal, Anderson, and Meister 1987; Eaton et al. 1980; Vogiatzis and 

Loumbourdis 1998). Furthermore, it is observed that induction of dioxins in human hepatocyte 

and mouse liver cultures, effects glutathione S-transferase and peroxidase levels (Schrenk et al. 

1995; Senft et al. 2002; S. S. White and Birnbaum 2009). It is notable that glutathione metabolism 

pathway is one of most populated pathways suggested by the pipeline. Therefore, it is highly likely 

that this pathway activates an evolutionarily conserved response mechanism to heavy metals and 

dioxins. This is an example of another testable-hypothesis generated from the results of this 

pipeline.  

2.4.4.2 Bayesian network and uncertain reasoning 

To expand the initial gene list retrieved from CTD, adding ortholog genes to the dataset is a 

logical approach. However, doing so would create an uncertain dataset. Since finding orthologs is 

essentially based on the assumption that a procedure based on reciprocal BLAST-like searches 

indicates orthology (Ward and Moreno-Hagelsieb 2014). Moreover, the addition of genes/protein 

sequences is based on the assumption of “if a study indicates differential expression of a gene in 

an organism with the presence of a certain toxin, its ortholog in another organism would also be 

differentially expressed”. Although the latter assumption is logical, especially in case of genes 

evolutionarily conserved in a wide range of taxa, it may not be true in a general case. 
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Considering this uncertain environment, having a pipeline with an uncertain reasoning 

approach can be beneficial. It was discussed that Bayesian networks are efficient tools in such 

situations and particularly in this pipeline Bayesian networks can be useful in distinguishing more 

crucial and conserved pathways within the data consisting of hundreds of retrieved pathways. The 

Bayesian network learned from the data in this pipeline can also be used to correlate activation of 

pathways to the presence of input chemicals. For example, the Bayesian network learned from the 

test-case data suggests that activation of drug metabolism – cytochrome P450 and amino sugar 

and nucleotide sugar metabolism pathway do not correlate with presence or absence of heavy 

metals. This type of analysis is of utmost importance for finding shared responses to the chemicals. 
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Organism Number of Refrences in CTD 
Homo sapiens 464219 
Mus musculus 256081 

Rattus norvegicus 219309 
Danio rerio 25116 

Caenorhabditis elegans 12505 
Oryctolagus cuniculus 6768 
Pimephales promelas 4147 

Sus scrofa 3092 
Bos taurus 2974 

Canis lupus familiaris 2912 
Xenopus tropicalis 2531 

Drosophila melanogaster 2401 
Platichthys flesus 2031 

Gallus gallus 1770 
Oncorhynchus mykiss 1661 
Mesocricetus auratus 1584 

Chloris chloris 1351 
Xenopus laevis 1186 
Macaca mulatta 926 

Cricetulus griseus 875 
Macaca fascicularis 867 

Micropterus salmoides 808 
Cavia porcellus 757 

Mizuhopecten yessoensis 748 
Ovis aries 690 

Gadus morhua 687 
Colinus virginianus 545 

Cyprinus carpio 525 
Gobiocypris rarus 512 
Oikopleura dioica 466 

Table 2.5. Top 30 most referenced organisms in CTD 
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Figure 4.1. A bubble chart representing the number of organisms in CTD. The size of the circles corresponds to the 
number of references for that organism in CTD. The bar chart also depicts the top 20 most referenced organisms in 
CTD.  
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Figure 4.2. Species trees suggested by OrthoFinder based on its two runs including (7740;1866) orthogroups 
and (34102;8700) amino acids for heavy metals and dioxins. The tree above is inferred based on protein 
sequences corresponding to genes affected by heavy metals and the tree below is inferred based on those 
affected by dioxins. Branch lengths are inferred using DLCpar. 
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3 Chapter 3: General Discussion and Conclusion 

3.1 Summary 

Ecotoxicological research has grown rapidly in the past decade thanks to the advent of high-

throughput sequencing and emergence of computational methods to analyze large transcriptomic, 

proteomic and metabolomic datasets (Poynton and Vulpe 2009). Ecotoxicogenomics, as defined 

by Snape et al. is a new subdiscipline formed of integration of ecotoxicology and genomics with 

the aim to overcome the drawbacks of traditional biomonitoring and environmental risk 

assessment methods (Snape et al. 2004). The reliance of basic ecotoxicological methods on critical 

endpoints to identify environmental stress prevents detection of toxicants in early stages of 

contamination as well as chronic toxicity and imposes higher risks to the environmental. Moreover, 

such methods do not provide a comprehensive link between the effects of contamination in 

populations and communities of organisms to cellular and biomolecular levels of biological 

organization (Artigas et al. 2012; Connon, Geist, and Werner 2012). Numerous ecotoxicogenomic 

studies have been published recently, successfully coping with the mentioned issues (e.g., Sharmin 

et al. 2012; Simon et al. 2013; Tsaboula et al. 2016; Ubrihien et al. 2017). However, in order to 

derive meaning from and comprehensively analyze the large datasets of transcriptomic studies like 

differential expression profiles of thousands of genes in a single study, a bioinformatic framework 

is required. Furthermore, comparative ecotoxicogenomic studies would also require a molecular 

evolutionary framework to combine results from various datasets efficiently. This thesis provides 

a modular framework to retrieve, assess and predict the transcriptomic response of an arbitrary set 

of species to environmental toxins. 

The conceptual description of the framework has been presented in this thesis, and the 

implementation of the pipeline has been run on a test-case dataset as a proof of concept as well as 

a demonstration of the framework in detail. The modular design of the pipeline grants the user the 

ability to choose a method of preference in each step of the pipeline as well as convenient 

modification possibilities. This pipeline would infer evolutionarily shared genes responding to 

presence of input chemicals in target organisms. In summary, the proposed pipeline would mine a 

database for curated toxicogenomic studies on each target organism and input chemicals. 

Obtaining a set of affected genes, it would expand the initial dataset with genomic information and 

orthologs. Then it would cluster the dataset into groups of ortholog genes and lastly, it would learn 
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a Bayesian network of the prominent pathways in the dataset to perform uncertain reasoning, 

showing linkages among pathways and presence of toxins.      

3.2 Limitations 

Despite the fact that transcriptomic response of a gene to a chemical can be measured via 

differential expression profiling, the current bioinformatics framework is based on presence or 

absence of response in genes to the target toxins and effectively employs a binary measure. The 

reason for this issue is that there is no comprehensive database available for curated 

ecotoxicogenomic studies having transcriptomic information of the experiments and exposure 

details for toxins. Moreover, the default database this pipeline uses, the comparative 

toxicogenomics database, is focused on effects of toxins on human health and is not completely 

suitable for ecotoxicogenomics research. Users and researchers should also consider the inherent 

uncertainty of the initial data due to the genetic variations and different experiment procedures as 

well as propagation of this uncertainty to suggested results.  

3.3 Future endeavors 

It has been demonstrated in the literature review of this thesis that historically, advances in 

ecotoxicology follow those in the field of toxicology; for instance, integration of genomics with 

toxicology and emergence of toxicogenomics preceded ecotoxicogenomics. Following this trend, 

a compilation of a database similar to the comparative toxicogenomics database, with detailed 

differential gene expression profiles would greatly benefit the field. Having such a database and 

as future work, this framework can be improved to handle non-binary data and to prioritize genes 

with higher differential expression, combine different effects of multiple chemicals on genes and 

generate more accurate results.  

Another possible improvement to this pipeline is adjusting the method of selecting 

representative proteins for the affected genes. In the current setting, following the trend in the field, 

the longest protein sequence is being selected. However, recently a database has been created for 

principal protein isoforms in a few organisms. This database, APPRIS, is growing and newer 

organisms are being added to it (Rodriguez et al. 2013). As a future endeavour, a comparative 

study of the pipeline can be done based on its default settings, inclusion and exclusion of paralogs 

and using the protein isoforms from APPRIS database. 
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This framework can be highly important for comparative toxicogenomics research. To 

facilitate the use of this pipeline, one crucial future work is to implement a graphical user interface. 

This scientific software could help several labs doing ecotoxicological and ecotoxicogenomic 

research to generate hypotheses for effects of toxins in model and non-model organism as well as 

providing a comprehensive tool to investigate and limit hypotheses. Also, this framework provides 

meaningful suggestions for design of transcriptomic experiments.  Additionally, this framework 

could be used to explore the evolutionarily conserved response of a larger set of organisms to 

various toxins for comparison with runs with fewer taxa in order to look for a set of ‘essential’ 

genes responding to the environmental stress. 

3.4 Conclusion 

The proposed bioinformatic framework is a starting point for the future biomonitoring 

programs and environmental research involving large-scale genomics data. The results from the 

predictions of this framework can be used to guide further experiments. For instance, it can be 

beneficial for designing primers/probes for targeted RNA-seq experiments for organisms without 

a sequenced genome. Moreover, this research is another complementary approach towards 

comprehensive biomonitoring; the more functional genomics experiments conducted, the more 

data would be generated and the more accurate this pipeline would predict.  

From a biomonitoring perspective, this framework, with a comparative transcriptomics 

approach, addresses the challenge of in linking results from various ecotoxicogenomic surveys. It 

is useful in combining results from studies on model and non-model organisms on various 

chemical targets to provide evolutionarily shared response in the target species. This would 

provide an important insight on essential genes responding to environmental stress which can be 

used as an “early warning” measure in environmental monitoring and risk assessment. 
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