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Abstract 

Glossina morsitans morsitans (Diptera: Glossinidae) is a haematophagous insect vector 

responsible for transmitting African trypanosomes, the causative agent of human African 

trypanosomiasis (HAT) and ‘nagana’ in both domestic and wild animals respectively. 

Despite its place as one of the most important organism for transmitting ‘sleeping 

sickness’, the lack of available information about its genetic make-up limits research with 

this vector. The disease entails an intimate relationship, between the mammalian host, the 

insect vector and the protozoan parasite, tentatively regulated by matching gene systems. 

Over the past five years, the International Glossina Genome Initiative (IGGI) has 

coordinated the generation of 125,000 expressed sequence tags (ESTs) from 11 cDNA 

libraries, namely head, mid-gut, reproductive, salivary glands, larvae, pupae, fatbody and 

four wholebody libraries. With only one genomics resource for Glossina with limited 

annotation, we set out to generate functional genomic analyses and an interactive resource 

for researchers working in the Trypanosomiasis field.  

Using protein clustering methodology such as MCL, insect proteomes were clustered and 

families containing glossina transcripts were annotated. Orthology was confirmed with 

ML phylogenetic tests. Statistically significant enrichment of transcripts by functional 

class or according to tissue location was robustly assessed. 

 

A public resource Glossina ESTMAP (“G-ESTMAP”) was developed for storing and 

analyzing EST data from G. morsitans and other insect species. Using Galaxy, an open-

source web-based pipeline framework. The system consists of an Apache HTTP server 

with a MySQL relational database as the back-end and PHP, HTML and PERL as the 

front-end. Additionally, the web server offers a central repository for accession functional 

genomics and annotated Glossina genomics data. 

 

We report the implementation of a statistical approach to infer GO term enrichment 

across tissues and illustrate this approach as a reliable starting point for GO term 

enrichment and visualization. More than 20% (4,680 out of 22,940 EST sequences) of the 

Glossina transcriptome is not represented in completely sequenced insect genomes while 

8% (1,338) constitute the conserved core, a subset conserved across the insect genomes 
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under this study. About 19% (7,205) of the transcriptome can be assigned to homologues 

of known structure. Innate-immune system in insects uses a wide range of gene families 

and pathways, some of which have other biological and molecular functions. This 

research identified 190 uncharacterized immunity-responsive EST transcripts and their 

cognate pathways using transcriptome-wide analyses of tsetse ESTs and identified 

evidence of purifying selection. Additionally, we propose 63 surface-exposed or exported 

proteins as potential vaccine candidates. This study implemented a Combinatorial 

Statistics (CS) algorithm for comparing the abundance of transcripts in cDNA libraries 

based upon the frequencies with which transcripts occur in cDNA libraries. At least 1894 

Glossina transcripts were differentially expressed in specific tissues (p < 0.05). Thirty one 

transcripts were shown not be differentially expressed in salivary gland and conflicted 

with previously published data. Nine previously uncharacterized endonucleases were 

identified in the Glossina transcriptome data.  

 

This study has successfully identified transcripts differentially expressed in the salivary 

gland and midgut and provides candidate genes that are critical to response to parasite 

invasion. Furthermore, an open-source Glossina resource (G-ESTMAP) was developed 

that provides interactive features and browsing of functional genomics data for 

researchers working in the field of Trypanosomiasis on the African continent. 
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1.1 Sleeping sickness (“nagana”): the problem 

Sleeping sickness (HAT) is caused by protozoan parasites of the subphylum 

Mastigophora belonging to the genus Trypanosoma. The disease is transmitted to both 

human and livestock by the biting tsetse fly of the genus Glossinidae. Human 

trypanosomiasis is caused by three parasite species namely Trypanosoma brucei brucei, 

T. brucei rhodesiense and T. brucei gambiense. The protozoan parasite T. brucei 

gambiense accounts for 95% of the cases while T. brucei rhodesiense represents less than 

5% of the reported cases of sleeping sickness (WHO Factsheet, 2009). Trypanosoma 

congolense and T. vivax cause the animal form (“nagana”) of trypanosomiasis.  

1.1.1 Epidemiology of the disease 

Demographic figures indicate that sleeping sickness occurs in 36 sub-Saharan Africa 

countries where there are tsetse flies (Figure 1.1). For example, the world health 

organzation (WHO Factsheet, 1995) expert committee report indicated that 60 million 

people were at risk with an estimated 300,000 new cases per year in Africa. There were 

less than 30,000 cases diagnosed and treated. By 2004, the number of new disease 

incidences dropped to 17,616 while estimated cumulative rate dropped to between 50,000 

and 70,000 cases (Figure 1.2). The number of cases reported in 2009 has dropped below 

10,000 cases (Simarro et al., 2010). 

1.1.2 Mode of Transmission 

Infective forms of trypanosomes are transmitted to mammalian hosts by bites of infected 

tsetse flies. Mechanical mode of transmission entails direct transmission from infected to 

uninfected host following a blood meal. This observation supports the hypothesis that 

tsetse fly vectors behave like “live syringes” in the transmission of the disease (Ribeiro, 

1995). Biological transmission involves an incubation period in the vector during which 

the parasite undergoes development to acquire an infective morphology. The disease can 

also be transmitted through mother to child infection, blood transfusion and laboratory 

accidental infections (WHO Factsheet, 2009). Following inoculation by an infected fly, 

the parasite migrates into the lymphatic system leading to inflammation of the lymph 

glands. It further migrates into the central nervous system via the blood stream.  
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Figure 1.1. The atlas of sleeping sickness during the period from 2000-2009 (Simarro et 

al., 2011). 
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Figure 1.2. Incidence of human African trypanosomiasis (1998–2009) (Simarro et al., 

2010). The number of cases reported in 2009 has dropped below 10 000. 

1.1.3 Tsetse fly vector and the Trypanosome parasite 

The principal vectors implicated in HAT include Trypanosoma brucei brucei, T. brucei 

rhodesiense, and T. brucei gambiense, which are highly pathogenic to man. HAT is 

characterized by an early on-set of “trypanosomal fever” and a later stage that affects the 

nervous system. Gambian sleeping sickness, causative agent T. brucei gambiense, is 

found in West and Central Africa (Figure 1.1). It is transmitted mainly by Glossina 

palpalis, G. fuscipes, and G. tachinoides (all palpalis group flies) while Rhodesian 

sleeping sickness, causative agent T. brucei rhodesiense, is found in East Africa and in 

the Zambezi river basin. Its principal vectors are G. morsitans, G. swynnertoni and G. 

pallidipes (morsitans group), but G. fuscipes and G. tachinoides (palpalis group) are also 

implicated. In the case of Rhodesian sleeping sickness, G. pallidipes may be a 

particularly efficient vector (FAO, 1982).  
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Large epidemic outbreaks of Gambian sleeping sickness have been previously reported. 

For example, an epidemic occurred in Uganda in 1902-1907, which caused over 200,000 

deaths in humans. There have been scanty reports of epidemics of Rhodesian sleeping 

sickness although the disease causes an acute infection in man than Gambian sleeping 

sickness. African animal trypanosomiasis (AAT) occurs in both domestic and wild 

animals (“nagana”). The main causative agents include Trypanosoma vivax, T. 

congolense, T. uniforme, T. simiae, T. suis and T. brucei in livestock and are transmitted 

following a bite from infected flies (Figure 1.3). 

 
 

 
Figure 1.3. Life cycle of  T. brucei.  
T. brucei is the principal causative agent of HAT (Vickerman, 1985). 
 
 
 
 
 
 
 

 

 

 

 



6 

1.2 Expressed Sequence Tag (EST) sequencing  

Many EST sequencing projects are underway for numerous organisms, to identify and 

characterize genes and additionally complement whole genome sequencing efforts. The 

International Glossina Genome Initiative (IGGI) has coordinated the generation of 

125,000 expressed sequence tags (ESTs) from eleven cDNA libraries. Although partial 

and error prone, ESTs remain, a powerful means for identifying genes that may mediate 

Glossina (“tsetse”) vector competence and disease transmission. This section briefly 

reviews the procedure for EST generation, possible sources of error and the bottlenecks 

of EST analysis. 

ESTs are generated by sequencing complementary DNA (cDNA) from the messenger 

RNA (mRNA) molecules (Figure 1.4). Since cDNA libraries are generated from mRNA, 

they represent the transcriptome of the tissue or cell type of interest. cDNA libraries are 

randomly sequenced to obtain 5' and 3' ESTs. These are short single-pass reads generated 

from cDNA libraries. They are typically, 200–800 nucleotide bases in length and they are 

a valuable resource for transcriptome exploration namely, gene discovery, complement 

genome annotation, gene structure identification, alternatively spliced gene identification, 

guide single nucleotide polymorphism (SNP) identification and facilitate proteome 

analysis (Nagaraj et al., 2007). EST data have been used as a source of genes where 

genomes were too expensive to sequence i.e., polyploid species. However, ESTs are 

highly fragmented, error-prone and because they are partial, they often account for only 

60% of an organism’s genes (Boguski et al., 1993; Bonaldo et al., 1996; Wolfsberg and 

Landsman, 1997). This fact makes downstream annotation difficult. 
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Figure 1.4. An overview of EST generation. Adopted from NCBI: 

http://www.ncbi.nlm.nih.gov/About/primer/est.html. 

 

cDNA library clones contain redundancies that compromise the integrity of the data. For 

example, the libraries may contain clones that: comprise of very short inserts, chimeric 

clones or clones exclusively made up of poly-A tails. As a rule-of-thumb, the frequency 

of occurrence of a cDNA clone in a library is equivalent to that of its corresponding 

mRNA in the cell. Bonaldo et al. (1996) introduced cDNA library normalization and 

subtraction techniques to reduce over-representation of abundant mRNA species while 

facilitating gene discovery by increasing the representation of less abundant transcripts. 

The molecular basis of normalization utilizes the fact that during polymerase chain 

reaction (PCR) amplification, rare cDNAs re-anneal less rapidly than abundant 

transcripts, and that single-stranded cDNA subsequently become progressively 

normalized. Subtraction involves the hybridization of a single-stranded cDNA (ss-cDNA) 

library (the “tracer”) with a collection of PCR–amplified cDNAs to be eliminated (the 

“driver”). Although the “non-normalized” libraries pose some advantages such as the 

ability to carry out transcript quantification and comparison, clones containing more rare 

transcripts (“normalized”) might be poorly represented or completely missing from the 

library. 
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1.2.1 EST clustering and assembly 

EST sequence data is considered to be of low quality. An individual raw EST is 

biologically uninformative, however, computational analysis enables the reconstruction 

of the transcriptome of an organism. There are several protocols and computational tools 

for EST analysis, although, most terminate prior to downstream functional annotation 

(Nagaraj et al., 2007).  

Clustering of ESTs entails sequential steps of pre-processing, clustering and post-

processing of EST data to yield higher quality transcript information and reduce 

redundancies. For example, the STACK (Sequence Tag Alignment and Consensus 

Knowledgebase) tool set not only performs clustering based on alignment but also carries 

out tissue-specific partitioning of ESTs and differential expression analysis (Christoffels 

et al., 2001). In this dissertation, an EST cluster refers to a set of transcripts derived from 

different sources but they map to the same gene or gene isoform based on pair-wise 

sequence similarity between them. Each cluster should represent only one gene, and all 

transcripts that map to the same gene should be in a single cluster. Briefly, clustering 

entails measuring pair-wise sequence similarity between a set of ESTs. Similarity 

(distance) metric can be measured using algorithms such as: 

i) Pair-wise alignment algorithms: the Smith-Waterman algorithm (Smith and 

Waterman, 1981), which is slow, accurate and sensitive but time consuming 

while heuristic algorithms, such as Basic Local Alignment Search Tool 

(BLAST) and FAST-All (FASTA), are fast but less sensitive. 

ii) Non-alignment (word) based scoring algorithms such as the d2-cluster 

algorithm relies on k-mer comparison to cluster EST transcripts (Burke et al., 

1999). More recently, Hazelhurst et al (2008) developed the wcd tool to 

improve on the original d2_cluster algorithm. This tool is based on suffix 

arrays to provide a distance measure that speeds EST clustering. 

A binary distance similarity matrix is created based on whether there is a significant 

match or not. This similarity measure is used for inclusion or exclusion of a set of ESTs 

in the cluster. This is followed by the accurate alignment of sequences within each 

cluster. Ptitsyn and Hide (2005) introduced two clustering algorithms – “Stringent” and 
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“Loose” clustering approaches that employ single-linkage clustering method based on a 

pairwise similarity matrix (Figure 1.5). 

Figure 1.5. Basic EST clustering steps (Ptitsyn and Hide, 2005) 

 

Stringent clustering algorithm is strict in terms of pair-wise sequence similarity. It uses a 

fast and strict algorithm to group ESTs resulting in clusters that are more accurate but 

they have low coverage of expressed genes. Loose algorithm allows redundancies of 

repetitive low quality transcripts to generate longer consensus sequences with high 

coverage of expressed genes. StackPACK tool set (Miller et al., 1999; Christoffels et al., 

2001) applies loose clustering algorithm while TIGR Gene Indices (Lee et al., 2005), 

adopts stringent clustering algorithm to generate EST clusters. Additionally, CAP3 

(Huang and Madan, 1999) and PHRAP (Ewing and Green, 1998) clustering tools have 

been extensively used to cluster ESTs. 

1.2.2 Expressed sequence tag databases 

The main EST repository is the National Center for Biotechnology Information (NCBI) 

dbEST. To date, over 69 million ESTs have been deposited in publicly available dbEST 

from over 1400 different species of eukaryotes. The advent of high-throughput 

sequencing technologies has further increased the volume of EST data. These ESTs have 

been used to complement genome sequencing projects or as an alternative for low-cost 

gene discovery. 
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Other EST databases include UniGene (contains data from 86 species as of May 2011) 

the TIGR Gene Indices (92 species) (Wheeler et al., 2001) and PartiGeneDB (14 species) 

(Peregrin-Alvarez et al., 2005). 

1.2.3 Transcript quantification and its limitations 

Overlapping transcripts need to be assembled into contigs to remove redundancy, reduce 

the frequency of sequencing errors and extend the length of consensus sequence 

(“contig”) derived from each mRNA species based on pair-wise sequence similarity 

metric (Min et al., 2005). EST sequences are placed in the same cluster if they map to the 

same gene or gene isoform.   

Conceptually, ESTs correspond to transcripts of protein-coding genes but not all ESTs 

encode proteins: mRNA has untranslated regions at both ends, and many ESTs do not 

actually correspond to genes. EST sequencing only provides partial coverage of the 

transcriptome and they often account for only 60% of an organism’s genes (Burke et al., 

1999; Hazelhurst et al., 2008). This implies that a naive sampling process of the mRNA-

transcripts would probably sample many identical transcripts of highly expressed genes 

and miss out on transcripts with low abundance. Identifying gene-coding transcripts and 

their levels of expression comprises an essential part of this dissertation. Difference in the 

abundances of a transcript among libraries can arise due to; firstly, the transcript can be 

constitutively expressed in all libraries hence differences in the abundance may be 

attributed to sampling errors. Second, these differences can reflect true biological 

fluctuation or cyclical differences of gene expression. 

1.2.4 Finding coding regions using EST data 

Although most eukaryotic genes are interrupted by exons and introns gene-discovery has 

been accelerated through direct sequencing of EST transcripts from which intronic 

sequences have been spliced, and open reading frames (ORFs) can more easily be 

deduced (Adams et al., 1995; Lander et al., 2001; Nadershahi et al., 2004). 

Computational identification of eukaryotic protein coding genes has been previously 

accomplished through prediction of the ORF of the protein they encode. 

It is more challenging to predict the protein-coding region or ORF within an EST 

consensus sequence than within a full-length cDNA. So far, the methods for predicting 
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coding regions within assembled consensus EST sequences focus on identifying 

translation initiation sites (TIS) but if the consensus sequence lacks the TIS (AUG triplet 

codon), relying solely on Kozak's consensus would result in false prediction of the 

initiation site (Nadershahi et al., 2004). Computational tools have been developed for 

identification of TIS. For example, ESTScan implements a fifth-order hidden markov 

model (HMM) to scan for intrinsic features of the sequence (Iseli et al., 1999). It uses 

oligonucleotide frequencies and statistical biases in the nucleotide sequences associated 

with codon usage frequency to recognize coding sequences (CDS) and correct sequence 

errors resulting in frameshifts within the CDS. Additionally, ESTScan predicts the 

beginning of the sequence, which more than often, corresponds to TIS.  

1.3 Functional annotation 

Reed et al. (2006) described four dimensions of annotation using a genome-centric 

approach. One-dimensional annotation is also referred to as genome annotation while 2-

dimension annotation entails analysis of cellular components identified in 1-dimensional 

annotation. The third-dimension entails decoding intracellular arrangement and 

localization of chromosomes and other genome structures while the fourth-dimension 

entail analysis of genome sequence changes arising from adaptive evolution.  

Peptides are better templates for identifying protein domains and motifs using Pfam 

(Bateman et al., 2004), protein localization using tRNAScan (Lowe and Eddy, 1997) and 

to assign gene ontologies (GO) (Ashburner et al., 2000) and metabolic pathways 

(Kanehisa et al., 2002; Nagaraj et al., 2007). The first step to protein-centric annotation 

following ESTScan translations is to match against non-redundant database, motif and 

family databases using Interproscan and to assign GO annotation.  

1.3.1 Nucleotide-level annotation 

Nucleotide-level annotation of genomic sequences involves mapping of genomic 

landmarks such as genes, microRNAs (miRNA) and regulatory regions, repetitive 

elements, segmental duplications and variations followed by functional assignment. This 

annotation level involves predicting sequence regions that function as genes and 

transcription start sites (TSS), define extent of primary transcript (polyadenylation site), 
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define precisely the exon-intron structure of the primary transcript, define open reading 

frames (ORFs) and detect possible alternatives for each of these.  

Several approaches have been documented for annotation of genomic information 

including high throughput bioinformatics techniques for identifying specific gene-centric 

features such as open reading frames, splice site junctions and CpG islands. Identification 

of protein coding genes forms the bulk of nucleotide-level annotation and it requires 

running a combination of ab initio and evidence-based gene prediction tools to generate 

gene models. Ab initio gene prediction identifies CDS in a DNA sequence based on a 

model of genes and a given genomic sequence. 

An evidence-based gene prediction approach is increasingly being extended by the 

inclusion of comparisons between large genomic regions of two different species. ESTs 

are aligned to the genomic sequence with an alignment model which uses the codon 

translation and scoring parameters that weights gaps introduced by putative introns 

differently from alignment gaps (Stajic, 2006). Bioinformatics algorithms used include ab 

initio gene prediction algorithms such as GLIMMER (Salzberg et al., 1998; Salzberg et 

al., 1999) and GENSCAN (Burge and Karlin, 1997) and sequence-homology search tools 

such as BLAST (Altschul et al., 1990), FASTA (Pearson and Lipman, 1988) and 

HMMER (Eddy, 1998). Other non-homology-based algorithms including gene neighbour 

(Bowers et al., 2004), gene cluster (Overbeek et al., 1999), Rosetta stone (Marcotte and 

Marcotte, 2002) and phylogenetic profiles (Wu et al., 2003) have commonly been applied 

for functional annotation based on comparison of patterns across multiple genomes. Gene 

expression studies and protein-protein interaction maps (Bandyopadhyay et al., 2008) 

have been used to identify functionality related proteins based on the hypodissertation of  

“guilt by association”. This hypodissertation means that genes showing similarity in 

expression pattern may be functionally related and under the same genetic control 

mechanism.  

Elucidation of gene structure involves similarity searches with either cDNA or proteins 

against genomic sequences to define the exon-intron boundaries in addition to other 

forms of insertions/deletions (indels) and possible frame shifts. Tools such as 

EST2GENOME, which does full alignment of spliced to unspliced DNA with a simple 

model of introns based on recognition of invariant dinucleotides in the splice sites (Mott, 
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1997), and SIM4, which achieves similar results but at higher speeds based on its use of 

BL2AST heuristics have been documented (Florea et al., 1998).  

Despite advances in bioinformatics methods, a large fraction of the ESTs in EST 

repositories such as dbEST have an unknown function. The ESTs in these databases are 

highly redundant, non-clustered or unassembled. Subsequently, homology searches 

against such databases will almost certainly return redundant sequences mapping to the 

same gene, paralogs, and orthologs.  

1.3.2 Protein-level annotation 

Computational approaches documented for protein level annotation essentially rely on 

similarity between well-characterized sequences within the transcriptome and the 

genomes from fully sequenced model organisms and other insect genomes. One of the 

major pitfalls of this approach is that, of these EST transcripts, only a small fraction 

corresponds to known, well-characterized proteins. Majority of proteins are mosaic, 

containing two or more different domains, which can occur in different combinations in 

different proteins. For example, a domain analysis of the proteins encoded by three 

eukaryotic genomes D. melanogaster, C. elegans and yeast revealed disparities in 

abundance of protein families and only the C2H2-type zinc finger proteins and protein 

kinases were the most common class of proteins (Rubin et al., 2000).  Furthermore, the 

core proteome sizes of these species were found to be very similar. The results 

strengthened the hypothesis that the complexity in metazoans apparently is not achieved 

by the sheer number of genes, but for a large extent by domain fission and fusion of 

complex proteins. It suffices to mention here that large-scale analysis of proteins at the 3-

dimensional level, commonly referred to as “Proteomics”, covers the functional analysis 

of gene products or “Functional Genomics”. Proteomics analysis includes experimental 

and computational methods to analyze the function of proteins. Such analysis include 2-D 

gel electrophoresis, protein-protein interactions using protein micro-arrays, large scale 

protein affinity columns and the yeast two-hybrid system as well as automated facilities 

for the analyses of the three dimensional structure of proteins using x-ray 

crystallography, tandem mass spectrometry etc. 
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1.4 Protein families 
Sequence database similarity search tools such as FASTA (Pearson and Lipman, 1988), 

BLAST or SSEARCH (Altschul et al., 1990; Pearson, 2000) have been used successfully 

to identify sequence homologs. These tools compute pair-wise alignments for each 

sequence in the database with the query sequence and retrieve sequences with significant 

hits. BLAST and FASTA are heuristic algorithms that generally have much faster 

running time than SSEARCH as they avoid computing the alignment of every sequence 

in the database by first screening for sequences that have identical sub-sequences.  

Although orthologs can differ in function between species, only the molecular function of 

a protein can be transferred by analogy (Bork et al., 1998). Gandbhir et al (1995) 

documented convergent evolution of amino acid usage, but protein sequence search space 

(defined by all possible permutations of amino acid sequences) during database similarity 

searches must be large enough such that any significant similarity identified can only be 

attributed to shared evolutionary ancestry (Gogarten and Olendzenski, 1999). To reduce 

erroneous annotation, identification and masking of intrinsic sequence features such as 

low-complexity and coiled-coil regions preceded database similarity searches using 

methods such as SEG (Wootton and Federhen, 1996). 

1.4.1 Domain analysis  

Various database (DB) searching techniques and DBs that contain fingerprints of well-

characterized domains have been developed to identify functional domains. The PFAM 

database (Bateman et al., 2004) contains Hidden Markov Model (HMM) profiles and 

alignments for protein families that are searchable using the HMMER software tool 

(Eddy, 1998).  PRINTS (Attwood et al., 1994) is a collection of short protein motifs that 

describes protein folds and domains; PROSITE database (Hofmann et al., 1999) contains 

longer protein signatures known as profiles. ProDom (Corpet et al., 1998) contains 

protein domains derived from position specific iterated blast (PSI-BLAST) (Altschul and 

Koonin, 1998); the SMART database is a collection of mobile protein domains, (Ponting 

et al., 1999); and BLOCKS (Henikoff et al., 2000) a database of conserved protein 

regions and their multiple alignments. InterPro (Apweiler et al., 2001) is an integrated 

database for annotating protein families, domains and functional sites. It is a cross-
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referencing resource for PFAM, PRINTS, PROSITE, ProDom, BLOCKS and SMART 

databases. It is searchable using InterProScan local or SOAP services (Quevillon et al., 

2005). Querying this resource retrieves equivalent hits from these databases, collect the 

matching domains and families, and then translate each into a unique InterPro entry and 

allocates to it the corresponding SWISS-PROT and TrEMBL, (Bairoch and Apweiler, 

2000) proteins including literature references. Apart from the slow and accurate 

InterProScan DB, similarity searches against such databases are very rapid, though the 

accuracy of the EST assembly may affect the quality of the matches obtained. 

1.4.2 Clusters of orthologous proteins 

Analysis of orthologous and paralogous genes is not only instrumental in transcriptome 

annotation but also helps in explaining genome evolution since orthology and paralogy 

are connected with evolutionary events such as speciation and duplication, respectively. 

Orthologs are genes originating from a single ancestral gene in the last common ancestor 

of the compared genomes. Their prediction is an integral part of transcriptome 

annotation. The gold standard phylogenetic approaches incorporate a tree reconciliation 

strategy to cluster proteins into Cluster of Orthologous Groups (COGs) but they cannot 

be easily automated for transcriptome or genome-wide analysis because multiple 

sequence alignments and phylogenetic tree construction are computationally intensive 

and difficult to interpret. Therefore, similarity searches using a reciprocal-best-hits 

(RBH) approach are applied to identify orthologs at the genome-wide scale. The 

disadvantage of RBH is that it will erroneously predict a paralog as an ortholog 

particularly when incomplete genome sequences or gene loss is involved (Fulton et al., 

2006).  

Although various approaches have been developed to delineate proteins into COGs in an 

automated fashion, for example the COG system (Tatusov et al., 2003), there are inherent 

problems associated with these strategies. For example, Eulenstein et al (1998) used a 

phylogenetic approach that incorporates a tree reconciliation strategy to cluster proteins 

by reconciling a gene tree with a species tree based on the parsimony principle. The 

assumption being that the reconciled tree is a reflection of orthologous relationships. 

However, the principal setback of phylogenetic approaches for ortholog identification is 
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the prevalence of laterally acquired genes, transposable elements and horizontal gene 

transfer (HGT), especially in prokaryotes (Koonin, 2005).  

The COG system consists of:  

(i) An all-against-all BLAST comparison of multiple genomes.  

(ii) Clustering of inparalogs.  

(iii) Identification of genome-specific RBH 

(iv) Merging RBH to form COGs.  

Koonin (2005) suggested that this COG approach tends to lump in-paralogs and 

outparalogs and to group unrelated COGs. Given the difficulties associated with previous 

approaches to delineate orthologous and paralogous clusters, current approaches such as 

INPARANOID (Remm et al., 2001) and OrthoMCL (Li et al., 2003) apply methods 

based on sequence similarity to derive genome-specific RBH. The INPARANOID 

algorithm distinguishes paralogs based on similarity search for genome-specific RBH. 

However, it does not clearly differentiate between in-parologs and true (one-to-one) 

orthologous relationships. For example, INPARANOID lumps all in-paralogs in one 

species as orthologs to the related gene in the second species because comparisons are 

limited to two species.  

OrthoMCL is an algorithm that clusters sequences into COGs based on RBH approach 

where each group consists of orthologs or “recent” paralogs from at least two species. To 

distinguish in-paralogs and many-to-many orthologous relationships, OrthoMCL applies 

the Markov Cluster algorithm (Li et al., 2003), which is based on probability and graph 

flow theory. MCL simulates random walks on a graph using Markov matrices to 

determine the transition probabilities among nodes of the graph. The algorithm has been 

extensively benchmarked and found to perform better than available methods for 

identifying COGs ( Rubin et al., 2000; Hulsen et al., 2006; Kuo et al., 2008). Enright et al 

(2002) used MCL algorithm to detect and cluster protein families within the draft human 

genome, where it was found to be reliable in dealing with multi-domain proteins. Li et al 

(2003) applied MCL to successfully analyze the proteomes from multiple genomes, 

including human, fruit fly, Caenhorhabditis elegans, Saccharomyces cerevisiae, 

Arabidopsis thaliana, Plasmodium falciparum, and Escherichia coli. In this thesis 

orthologos transcripts were identified that are shared by all seven species, herein referred 
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to as the “core” transcriptome while the remainder, herein referred to as “dispensable” 

transcriptome consisted of patchy many-to-many associations. These associations were 

further analyzed to infer a species tree and delineate protein families. 

1.4.3 Computational pipelines for annotation 

Strategies for whole genome analysis can be categorized into, first, purely computational 

or automated analysis utilizing evidence from a combination of bioinformatics 

applications. Second, on-line annotation also known as “framework annotation”, is based 

on analyses contributed by the research community. This form is particularly applicable 

to large-genome sequencing efforts in which data are released incrementally. The third is 

“manual annotation” which is based on curation by experts using evidence such as 

sequence homology searches to support an integrated approach.  Manual (re) annotation 

of a sequenced genome is agreed upon as the ‘gold standard’ to provide reliable genome 

annotation (Curwen et al., 2004). However, given the rate at which new genomes are 

being sequenced, an automated sequence annotation framework is a necessity to keep up 

with the pace at which new data is being generated. Manual annotation is based on 

evidence derived from ab initio gene prediction methods and literature searches that can 

be a slow process. Hence, an automated annotation system is a necessity since it is 

relatively rapid and easily scalable, that is, it can be updated to accommodate new data. 

Ensembl (Curwen et al., 2004) and the National Center for Biotechnology Information 

(NCBI) annotation pipelines are purely computational while the University of California 

Santa Cruz (UCSC) genome browser (Kent et al., 2002) and the Distributed Annotation 

System (DAS) (Dowell et al., 2001) use “framework annotation” approaches that are 

adoptable to collaborative groups that share data as it accrues. Genome community 

databases such as Saccharomyces genome database (SGD) for Saccharomyces cerevisiae, 

ACeDB for Caenorhabditis elegans (Stein and Thierry-Mieg, 1998) and FlyBase for 

Drosophila melanogaster (FlyBase Consortium) have chosen manual annotation by 

experts. Automated annotation involve the use of several applications linked together in a 

pipeline to take the output from one program, analyze the data, and format it for input 

into another program. Such a setup is required to deal computationally with the 

unprecedented volume of sequence data with minimal manual intervention. A typical 
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annotation pipeline will first involve software implementing sequence comparison and 

gene prediction algorithms followed by functional assignment using database homology 

searches. For example Stajic (2006) recommended that to implement sequence 

comparison, first the coding sequence (exons) must be obtained from the genomic DNA 

sequence and translated into a protein sequence using the genetic code translation table. 

The protein sequence must be output in a format supported by sequence analysis tools for 

further downstream analysis such as similarity search. These steps are executed 

sequentially as computer instructions such that sequences can be input at the beginning of 

the pipeline and the results collected at the end. These steps should run seamlessly to the 

end while still giving the user final control over which annotations should be included. 

1.5 Thesis Rationale 

Sleeping sickness (“nagana”) entails an intimate relationship, between the mammalian 

host, the insect vector and the parasite. Understanding the tripartite (mammalian host, 

insect vector and trypanosome parasite) relationship during the establishment of 

infections in the fly is central for the development of vector based novel approaches. 

Despite the scarcity of genomic resources for the Glossina species, another 

haematophagous vector has been extensively sequenced and studied namely the 

mosquito, Anopheles gambaie. Studies using mosquitoes have demonstrated that innate-

immune system in insects uses a wide range of gene families and pathways, some of 

which have other physiological or developmental functions to counter invasive agents 

(Christophides et al., 2002). Moreover, genome annotation of A.gambaie identified 

mosquito-specific gene duplications in immune-related genes suggesting novel functions 

in response to infection (Christophides et al., 2002). However, little is known about the 

control of immune-responsive genes. For example, De Gregorio et al (2002) used 

microarray studies to show that anti-microbial peptide (AMP) encoding genes are 

regulated by the TOLL and Imd pathways. These pathways also demonstrate that the 

insect innate-immune system is remarkably conserved from flies to mammals (Hoffmann, 

2003).  

Unraveling the protein interactions among mammals, insects and vectors require a 

comprehensive catalog of genes and functions for human, the Glossina vector and the 
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trypanosome parasite. An accurate gene build exist for humans (ENSEMBL release 62) 

and recently the genome assembly and annotation of Trypanosoma brucei gambiense, the 

causative agent of sleeping sickness was published (Jackson et al., 2010). In contrast, 

there is limited genomic information for the insect vector, Glossina. Since 2006 the 

International Glossina Genome Initiative (IGGI) has developed cDNA libraries for the 

head, midgut, reproductive, larvae, pupae, whole body, fat body and salivary glands for 

G. morsitans. A total of 125,000 ESTs were generated during the past four years of which 

two libraries namely salivary gland and reproductive tissues were the focus of tissue-

specific expression studies (Alves-Silva et al., 2010; Attardo et al., 2010). The collection 

of 125,000 ESTs sampled from 11 tissues in the absence of a sequenced genome 

provided the impetus to predict a putative transcriptome profile of Glossina and predict 

novel tsetse fly tissue-specific responses to parasite invasion. The data emanating from 

this thesis would provide the basis for a comprehensive annotation of a newly sequenced 

Glossina morsitans genome. 

 

1.5.1 Aims of the study 
(i) Predict the protein families in Glossina morsitans using available transcripts. 

(ii) Annotate and identify genes involved in insect-immunity 

(iii)  Implement a combinatorial statistic to predict transcripts abundance in specific 

tissues 

(iv)  Validate differentially expressed transcripts using GO gene enrichment 

(v) Develop a public web resource for storing and analyzing Glossina transcriptome 

data. 
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1.5.2 Outline of the dissertation 
The content of this thesis is divided into six sections: 

Chapter 1 briefly reviews the procedure for EST generation and the bottlenecks of 

EST analysis. Additionally, this chapter provides an overview of EST clustering, 

annotation and computational pipelines for EST analysis. 

 

Chapter 2 describes sub-clustering of orthologs at the transcript level which is a critical 

step for finding corresponding functionally equivalent genes across genomes. 

Furthermore, the concept of bacterial “pan-genome” was extended to higher taxonomic 

units to evaluate tsetse transcriptome plasticity and delineate the “dispensable” and the 

“core” transcriptome. Additionally, this chapter introduces a generic method for gene set 

enrichment and visualization based on GO terms. 

 

In chapter 3, variation of EST expression levels was analyzed across eleven cDNA 

libraries and differentially expressed transcripts reported. A combinatorial statistics (CS) 

algorithm is presented for comparing the abundance of transcripts in cDNA libraries 

based upon the frequencies with which transcripts occur while using the total cDNA 

library counts for background correction. We assessed the adaptability of this algorithm 

and its suitability as a viable and cost effective alternative to microarray technology for 

orphan genomes. 

 

In Chapter 4 of this thesis, we predicted uncharacterized tsetse fly responses to parasite 

invasion and identified immunity-related peptides and their putative gene families. 

Furthermore, robust phylogenetic analysis of immunity-associated transcripts was 

undertaken to highlight the degree of selection operating on the immune system.  

 

Chapter 5 addresses the challenges inherent in storing and manipulating EST data, such 

as providing intuitive yet comprehensive access through user-friendly web interfaces to 

an automated comparative genomics pipeline to annotate and identify functional 

elements, to organize data from the genome-sequencing project and provide easy access 

to annotation information. 
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Chapter 6 is the general discussion and conclusions. This chapter discusses the status of 

the Glossina morsitans transcriptome, the lessons learnt and the challenges to be 

addressed in the future. 
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2.0 Abstract 

Glossina morsitans morsitans is a dipteran insect vector that transmits African 

trypanosomes, the causative agent of Human African Trypanosomiasis (HAT) and tsetse-

borne ‘trypanosomosis’ in both domestic and wild animals. During a blood meal the 

parasite traverses the tsetse midgut and salivary gland as part of its maturation. During 

this time, genes are switched on in the tsetse fly in response to the invading parasite. 

Comparison of the transcriptome of G. morsitans and the proteomes of three sequenced 

mosquitoes and Drosophila melanogaster, which diverged about 250-300 million years 

ago, revealed significant similarities and differences of the tsetse fly to the non-

haematophagous fruit fly. 

Tsetse fly assembled EST collections were screened against selected insect proteomes, 

Aedes aegypti, Anopheles gambiae, Apis mellifera, Tribolium castaneum, Drosophila 

melanogaster and Ixodes scapularis, with the objective to quantify divergence, annotate 

assembled transcripts and better understand factors that influence vector competence. 

Twenty percent (4,680 out of 22,940 EST sequences) of the transcriptome is not 

represented in completely sequenced insect genomes while 8% (1,338) constitute the 

conserved core, a subset shared across the insect genomes under this study. Based on 

sequence similarity, the predicted extent of functional annotation for the tsetse 

transcriptome is 71%, but only 44.5% could be assigned to standard sequence motifs, 

38% code for unknown proteins and 6.1% (1,405) encode tsetse-specific proteins. GO 

annotation of the tsetse-specific transcripts identified transcripts that were enriched for 

iron binding proteins, proteases and cyclase-associated proteins. Among the tsetse-

specific transcripts were 63 signal peptides. Structural characterization of the transcripts 

shows that 19% (7,205) of the transcriptome can be assigned to homologues of known 

structure.  

Conclusions: The functions associated with tsetse-specific expression such as cyclase 

proteins and iron-binding proteins relates to response to parasite invasion. These findings 

underscore the importance of the tsetse fly genome for comparative analysis of the 

human host, the insect vector and the pathogenic parasite. 
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2.1 Introduction 

Adult tsetse flies (G. morsitans) transmit trypanosomes (protozoan organisms that cause 

trypanosomiasis) when they feed on the blood of their vertebrate hosts. Recently, tsetse 

flies challenged with parasites-infected blood meal identified a list of genes that are 

preferentially switched on in the midgut such as transferrin (Lehane et al., 2004). 

Understanding the vector-parasite relationship during the establishment of infections in 

the fly is central for the development of vector-based approaches (Aksoy, 2003).   

 

Different subgenera of tsetse fly, the fusca group (Austenina), the palpalis group 

(Nemorhina), and the morsitans group (Glossina), harbour distinct populations of 

trypanosomes but only members of the palpalis and morsitans are important vectors of 

trypanosomes. G.m. morsitans is the vector of Trypanosoma congolense (Harley and 

Wilson, 1968) while G. palpalis is the main vector of Trypanosoma brucei gambiense, 

the causative agent of human African trypanosomiasis (HAT). Variability in vector 

competence (the ability to acquire the parasite and transmit it to a mammalian host) 

depends on the species of Glossina and trypanosome (Geiger et al., 2007). These facts 

underscore the pressing need to establish a model system for developing and applying 

algorithms directed at problems of comparative annotation in blood-feeding insects. A 

whole genome sequence is not available for Glossina morsitans morsitans (tsetse fly); 

hence, annotation has relied on available ESTs and protein sequences from completely 

sequenced insect species. There is no sequenced blood-feeding insect that is 

evolutionarily more similar to G. morsitans than the non-blood feeding D.melanogaster – 

250-300 million years of divergence (Grimaldi and Engel, 2004; Wyder et al., 2007; 

Zdobnov and Bork, 2007).   

  

ESTs have been previously used as a primary resource for gene discovery in cyprinids, 

zebrafish and mosquito (Kriventseva et al., 2005; Christoffels et al., 2006; Patil et al., 

2009) and they are an alternative in the absence of a sequenced genome (Rudd, 2003). 

Conceptually, ESTs correspond to the transcripts of protein-coding genes but not all 

ESTs encode proteins: messenger ribonucleic acids (mRNA) have untranslated regions at 

both ends, and many ESTs do not actually correspond to genes. We used D. 
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melanogaster as a starting point for our analysis because of evolutionary relatedness with 

tsetse fly even though the two species might have diverged 250-300 million years ago.  

Accurate gene structure annotation is still a bottleneck in genomics. The best predictions 

have been achieved with a combination of ab-initio predictions and sequence-based 

methods. Ab-initio gene prediction algorithms include GLIMMER, GlimmerM (Salzberg 

et al., 1998; Salzberg et al., 1999), AUGUSTUS (Stanke and Waack, 2003) and 

GENSCAN (Burge and Karlin, 1997). Sequence-based methods such as EST2GENOME 

(Mott, 1997) and SIM4 (Florea et al., 1998) aligns cDNAs or multiple ESTs to a 

reference genome (Dong et al., 2005). These methods align spliced to unspliced DNA 

with a simple model of introns based on recognition of invariant dinucleotides in the 

splice sites. 

 

Many attributes of genomes are shared across species, so there is great potential in 

applying interspecies contrasts to identify conserved genomic features (Boffelli et al., 

2003; Kellis et al., 2003; Waterhouse et al., 2008). Paralogous sequences encoding 

features that are only shared with other related species from the same taxon might 

represent functions associated with taxon-specific innovations. On the other hand, 

orthologous sequences that are highly conserved across many other species offer valuable 

resources for performing more in-depth analyses (Peregrin-Alvarez and Parkinson, 2009).  

Orthologs have a strong functional conservation and provide a reliable measure of 

function of newly sequenced un-annotated genomes (i.e. orthology assignment).  

 

Several databases and algorithms for predicting orthologs have been developed. For 

example, OrthoMCL-DB, the COG databases (Li et al., 2003; Tatusov et al., 2003) and 

EnsemblCompara (Vilella et al., 2009) databases were curated from whole genome 

comparisons, HomoloGene (Zhang et al., 2000) based on synteny while HOVERGEN 

and TreeFam (Duret et al., 1994; Li et al., 2006) databases were curated using data based 

on phylogenetic trees. The comparative performance of these methods has been reviewed 

and benchmarked (Chen et al., 2007; Altenhoff and Dessimoz, 2009). Phylogenetic 

approaches for ortholog identification tend to group together paralogous genes, for 

example, transposable elements and prokaryotic genes acquired through horizontal gene 
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transfer (HGT). The COG system of ortholog prediction tends to cluster in-paralogs and 

out-paralogs and to group unrelated COGs when handling amino acids that encode multi-

domain protein families (Koonin, 2005). The availability of over 125, 000 expressed 

sequence tags (ESTs) from 11 cDNA libraries (head, mid-gut, reproductive, larvae, 

pupae, whole body, fat body and salivary glands) of Glossina morsitans morsitans 

(tsetse) played an essential role in our attempts to analyze the transcriptome for potential 

coding Open Reading Frames (ORFs) and their tissue-specific patterns of expression.  

 

Analysis of the transcriptome entailed several steps such as pre-processing, clustering and 

assembly, database matching and functional annotation. While there is a deluge of tools 

available for each step (available online from http://biolinfo.org/EST), there is no clear 

protocol for choosing the right tool for each step of the analysis and the subsequent 

downstream annotation at DNA or protein level. We report the development of a generic 

method to infer GO term enrichment and illustrate that this approach is a reliable starting 

point for GO term enrichment and visualization. The novel aspects of the method include 

internal validity using appropriate statistical tests such as Fisher’s exact test, False 

Discovery Rate (FDR) to estimate or control the false discovery rate, the expected 

proportion of tests called significant that are truly null and Bonferroni correction for 

multiple testing (Section 2.2.6). 

In this study, tsetse fly assembled EST collections were clustered with sequenced insect 

proteomes: Aedes aegypti (A. aegypti), Anopheles gambiae (A. gambiae), Apis mellifera 

(A. mellifera), Tribolium castaneum (T. castaneum), Drosophila melanogaster (D. 

melanogaster) and Ixodes scapularis (I. scapularis), with the objective to annotate tsetse 

assembled transcripts and better understand factors that influence vector competence. In 

this chapter, we introduce biological concepts and computational methods relevant to 

transcriptome annotation. The objective of this chapter was to predict the proteome of G. 

morsitans and to quantify the divergence of protein families. The second objective was to 

define a subset of the transcriptome that contains transcripts responsible for Glossina-

specific features. The first step towards achieving this objective was to define 

orthologous relationships, build EST-based gene models using ab initio and sequenced 
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based methods. Additionally, we determined tissue specific cDNA library functional 

enrichment using Gene Ontology (GO) terms (Ashburner et al., 2000).  

2.2 Materials and Methods 

The IGGI consortium provided 125,000 G. morsitans EST sequences that were clustered 

into contigs using STACK (Christoffels et al., 2001) (Table 2.1) while insect genomic 

datasets were downloaded from public databases (Table 2.2). There were 22,940 

translated peptides (11,980 consensus “contigs” sequence + 10,960 singletons) and 

38,111 sequences. A consistency quality check of assembled EST data was performed 

prior to analysis. For example, correspondence of sequence identifiers between EST 

sequences and translated peptides and presence of putative splice variants. This resulted 

in a decrease in the numbers of the dataset from 22,940 to 17,631. Data from related 

insect species was screened for the presence of paralogs and alternative splice variants as 

a pre-requisite to mapping ESTs to genomic regions. The methods described in this 

chapter were implemented using in-house perl scripts as outlined in Figure 2.1. 

 

Table 2.1. G. morsitans cDNA-library sequence statistics. 

Tissue Nomenclature Contigs Singletons Total ESTs per library 
Fatbody GLA 17359 771 18130 
Head GMhe 1192 102 1294 
Larvae LAR 2359 1475 3834 
Midgut Tse 14835 1209 16044 
Wholebody PUF 6941 124 7065 
Wholebody PUM 7009 202 7211 
Pupae PUP 2427 999 3426 
Reproductive GMre 2218 304 2522 
Saliva GMsg 15348 5501 20849 
Wholebody TUF 139 127 266 
Wholebody TUM 168 146 314 
Total  69,995 10,960 80,955 
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Table 2.2. Public repository data sources used in this study. 

 

 

 

 

Organism   Data source Release 

D.melanogaster ftp://ftp.ensembl.org/pub/release-

49/fasta/drosophila_melanogaster/ 

Drosophila_melanogas

ter.BDGP5.4.49.pep.al

l.fa.gz 

A.gambiae ftp://ftp.ensembl.org/pub/release-

49/fasta/anopheles_gambiae/ 

Anopheles_gambiae.A

gamP3.49.pep.all.fa.gz 

A.aegypti  ftp://ftp.ensembl.org/pub/release-

49/fasta/aedes_aegypti/pep/ 

Aedes_aegypti.AaegL1

.49.pep.all.fa.gz 

A.mellifera  ftp://ftp.ncbi.nih.gov/genomes/Apis_mellifera  

G.morsitans ftp://ftp.sanger.ac.uk/pub/pathogens/Glossina/morsit

ans/WGS/single_fly 

 

T.castaneum ftp://ftp.ncbi.nih.gov/genomes/Tribolium_castaneum  
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Figure 2.1. Generic EST annotation workflow. 

This workflow was used to estimate orthologs, EST-based gene models and functional 

annotation of EST sequences. In-house PERL scripts were used for each sequential step. 
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2.2.1 Sequence similarity search  

A total of 17,631 G. m. morsitans ESTscan predicted open reading frames were screened 

against D. melanogaster and GenBank non-redundant (NR) database using BLASTP 

search algorithm with a criteria imposed at a cut-off expectation value (e-value) of 1e-5. 

Furthermore, we conducted a BLASTP search against the protein data bank using G.m. 

morsitans ORFs as the query. Only hits to insect genomes, including G.m. morsitans, 

were taken into account. EST sequences that did not have a match to any NR sequence 

were classified as Glossina specific (“ORphan” ORFs).  

2.2.2 Alignment to D. melanogaster genome 

An in-house comparative annotation pipeline was applied to identify coding potential of 

ESTs. G.m. morsitans EST sequences were searched against D. melanogaster genomic 

sequences using TBLASTN algorithm that applied a stringent cut-off e-value of 1e-5. 

Spliced homologous genomic regions and EST sequences were used as input to 

EST2GENOME EMBOSS package. EST2GENOME was run using default parameters 

except for the option “-space” was set to 2500000 for computational memory 

management incase of long input sequences. The results were parsed into General 

Feature Format version 3 (GFF3) file format.  

2.2.3 Open reading frame (ORF) prediction 

EST data was analyzed by a combination of in silico ORF predictions using GENSCAN 

(ab initio) and homology-based ORF mapping from annotated Drosophila melanogaster 

genome to the G.morsitans ESTs. First, EST sequences were scanned for legitimate 

translation start (ATG) and stop (TAA, TAG and TGA) codons and for a contiguous 

stretch of nucleotides in between. Alternative start codons (Non-ATG: CTG, GTG and 

CTC) were also included. Genscan was run on grouped data using a vertebrate training 

sequence model with criteria imposed to take into account only protein coding genes, and 

transcription units were assumed to be non-overlapping. GENSCAN predicted ORFs, 

were searched against GenBank non-redundant database using blastp algorithm with a 

criteria imposed at a cut-off expectation value of 1e-5.  
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2.2.4 Orthology Group Prediction 

OrthoMCL version 1.4 was run in mode 1 using protein fasta files of the following 

species: D. melanogaster (14,141 sequences), A. mellifera (9,257 sequences), T. 

castaneum (9,833 sequences), A.gambiae (12,457 sequences), A.aegypti (15,419 

sequences), I. scapularis (17,742 sequences) and G.m. morsitans (17,631 translated 

EST’s). The parameters were set at e-value cut-off of 1e-05, percent identity 0, percent 

match cut-off 0, MCL inflation of 1.5 and maximum weight 316. When run in mode 1, 

OrthoMCL first performs sequence similarity search using BLAST and finally, applies 

the Markov Cluster (MCL) algorithm (Enright et al., 2002) to split big clusters. 

Reciprocal best hits (RBH) within each genome were classified as putative in-

paralog/recent paralog pairs and RBH across any two genomes as putative ortholog pairs. 

Search results from MCL were summarized using a Venn diagram while predicted 

orthologous gene clusters were subsequently used to define protein families based on 

InterProscan (Zdobnov and Apweiler, 2001; Quevillon et al., 2005) domain search. 

2.2.5 Gene structure prediction 

D. melanogaster was used as a reference genome while modeling EST-based gene 

structures. Gene structures were modeled based on evidence derived from known proteins 

and cDNA sequences (Curwen et al., 2004). First, the general profile of sequence 

similarity between tsetse ESTs and D. melanogaster chromosomes was established as 

described in section 2.2.2. Second, EST alignments to the genome were performed using 

the EMBOSS package EST2GENOME model (Mott, 1997). Sequence coordinates 

(positions) of the alignment of EST sequence to the genomic sequence were converted to 

General Feature Format version 3 (GFF3) file format. Thirdly, D. melanogaster whole 

genome annotations (release BDGP 5.4.49) in GFF3 format were compared to tsetse fly 

predictions to identify exon/intron boundaries. Comparisons were grouped into:  

• Exact match: the start and end positions of tsetse fly EST exon/intron boundaries 

coincide with those of the annotated D. melanogaster exon/intron boundaries  

• Partial match: the EST exon/intron boundaries share one of the edges with the 

reference genome.  
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• Internal match: an EST exon/intron boundary lies within D. melanogaster 

annotated exon/intron feature. EST-based gene model GFF3 files were uploaded 

to Gbrowse (Stein et al., 2002) for visualization. 

 

 
Figure 2.2. Workflow for tissue GO enrichment analysis.  

The sequential steps were implemented using PERL and R scripts. The 

arrows indicate the direction of execution. 

2.2.6 GO tissue enrichment analysis 

In order to assign an InterPro domain to each tsetse fly EST, G.morsitans peptides 

(17,478) were screened for the presence of protein signatures and functional motifs using 

command line INTERPROSCAN with default parameter settings. The output was parsed 

using in-house PERL scripts. Each transcript was assigned a GO term and an InterPro 

domain identifier.  

The frequencies of GO terms assigned to each tsetse fly transcript were compared to 

frequencies of the background set of GO-annotated transcripts in the entire transcriptome 

using hypergeometric distribution implemented in an in-house PERL script. A criteria 

was imposed to eliminate duplicates in each list separately. 

The script takes two lists of Interpro identifiers as input, for example, fat-body InterPro 

identifiers as list 1 and merged InterPro identifiers of the entire transcriptome as list 2 
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also referred to as the background set and converts them into two lists of GO terms using 

the corresponding gene-to-GO association table.  

Fisher's exact test was used to check for significant over- or under- representation of GO 

terms in the group of interest (tissue-specific data) with respect to the background based 

on p-values. The lowest p-value represent the significance of the EST set of interest, 

thereby dynamically setting the most sensitive Bonferroni cutoff p-value to account for 

the multiple hypothesis testing. To correct for the error rate associated with multiple 

testing, all the p-values were adjusted using False Discovery Rate (FDR, p < 0.05), that 

is, the expected number of false rejections among the rejected hypothesis (Altschul et al., 

1990). The results were validated using a published tool: FatiGO (Al-Shahrour et al., 

2004; Al-Shahrour et al., 2005). 

Terms for GO cellular, biological and molecular function were used in annotations and 

significantly, enriched GO terms (adjusted p-value < 0.05) were clustered using a custom 

hierarchical clustering R script and the results visualized as heat maps. 

2.2.7 Prediction of secreted proteins  

To identify potential secreted proteins, the N-terminal 50 amino acids of each predicted 

polypeptide (singleton and contig) was screened for the presence of a signal peptide using 

SignalP-NN 3.0 and TMHMM 2.0 (Bendtsen et al., 2004). Sixty-three putative G.m. 

morsitans specific signal peptides were aligned to known signal secretory peptides. Ten 

sequences from the L71 (pfam02448) family of insect proteins, each about 100 amino 

acids long and containing the characteristic six conserved cysteine residues with a 

predicted signal peptide were downloaded from NCBI Conserved Domain Database and 

aligned using ClustalW. An evolutionary relationship between putative 63 tsetse fly 

specific signal peptide and L71 (pfam02448) family of insect proteins was assessed using 

maximum parsimony (MP) method, as implemented in PAUP v.4.0 (Swofford, 2003).  

 

Under MP, the optimality criterion for selecting the best tree is based on variations of the 

characters at the terminal nodes of a given tree. The most parsimonious tree (MPT) is the 

tree with the least number of character transformations that explains the observed data. 

Criticism has been leveled against MP including lack of statistical support for the 

 

 

 

 



41 

observed tree and long branch attraction that results in lack of convergence on the correct 

tree with addition of more data (Felsenstein, 1978). Huelsenbeck et al. (2008) justified 

the use of MP method for phylogenetic inference by comparing several stochastic models 

of character change using both MP and Maximum likelihood (ML) methods. There is a 

correspondence between the MP method and the ML method of phylogenetic inference of 

tree topologies when stochastic models are implemented in a ML framework (Tuffley et 

al., 1997). We performed an additional ML analysis to compare the 

consistency/inconsistency of tree topologies for the MP and maximum likelihood 

methods. A discrete Gamma distribution was used to model evolutionary rate differences 

among sites (5 categories (+G, parameter = 2.7619)). The rate variation model allowed 

some sites to be evolutionarily invariable ([+I], 0.0010% sites). The analysis involved 73 

nucleotide sequences. Codon positions included were 1st+2nd+3rd. All ambiguous 

positions were removed for each sequence pair. There were 2,654 positions in the final 

dataset. Evolutionary analyses were conducted in the Molecular Evolutionary Genetics 

Analysis (MEGA) software version 5.0 (Tamura et al., 2007).  

2.2.8 Biochemical pathway annotation 

The Kyoto Encyclopedia of Genes and Genomes (KEGG) database (Kanehisa et al., 

2002) provides a list of UniProt protein sequences, which have a KEGG Orthology (KO) 

number. We used this list to create a UniProt-KEGG specific subset of protein sequences, 

which were formatted as a BLAST searchable database against which similarity searches 

were performed using BLASTX search algorithm. The cut-off e-value was set at 1e-5 and 

the number of hits per query sequence was set at 50. For each G.m. morsitans sequence, 

annotation entries that are supported by one or more hits and match the defined cut-offs 

were collected after filtering out self-hits. The BLAST results were parsed and the 

corresponding annotations for the KEGG biochemical pathways retrieved from a flat-file 

database. The annotation of biochemical pathways was based on the KO identifier, which 

is a unique identifier assigned to the corresponding biochemical pathway. The following 

information was captured: EST name, the KO identifier, the corresponding biochemical 

pathway to the KO identifier and a short description of the pathway. 
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2.3 Results 

Mapping of EST transcripts to their homologues in other dipteran species provided 

insight into conserved evolutionary processes. 

2.3.1 Sequence similarity search  

ORFs for G.m. morsitans were screened against NR database. A total of 16,292 (71%) 

ESTScan predicted ORFs were identified in NR. Approximately 7,249 out of 16,292 

ORFs (31.5%) had a function assigned to them of which 2,851 (12.4%) matched G.m. 

morsitans sequences and 38% code for proteins with unknown annotation. Furthermore, 

structural characterization of the transcripts shows that 7,205 (19%) of the transcriptome 

can be assigned to homologues of known structure.  

2.3.2 Mapping G.m. morsitans ESTs to D. melanogaster genome 

We used D. melanogaster as a starting point for this analysis because of evolutionary 

relatedness with tsetse fly, even though the two species might have diverged 250-300 

million years ago. The biting tsetse fly is a member of the order Diptera, genus 

Glossinidae. It is related to D. melanogaster (Diptera), one of the most commonly used 

model organism for which extensive genomics data is available (Adams et al., 2000). 

Despite the biology of the 2 flies being so different, particularly blood-feeding and 

viviparous reproduction in tsetse, this relationship accelerated transcriptome analysis and 

consequently, will help with the genome assembly process.  

First, the general profile of sequence similarity between tsetse transcripts and the 

chromosomes of Drosophila was established using similarity in a TBLASTX analysis. 

Second, EST alignments to the genome were performed with EMBOSS package 

EST2GENOME model (Rice et al., 2000).  Consistent with previous findings (Zdobnov 

et al., 2002), there were significantly more orthologues shared between genes on 

chromosome 3R of D. melanogaster and tsetse transcripts, with an overall 70% average 

sequence identity but the percentage coverage of the tsetse transcripts remained well 

below 40% (Figure SF1.3). This is attributed to sequence divergence between Glossina 

and Drosophila.  
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2.3.3 Gene structure prediction 

A total of 280 one-to-one ortholog pairs between G. morsitans and D. melanogaster were 

used to model gene structures (see section 2.2.5). 

The results from EST2GENOME mapping captured 9% (25 out of 280) G.m. morsitans 

transcripts having strong support for existing gene models with D. melanogaster while 

the remainder could not be anchored into the existing D. melanogaster annotations 

(release BDGP 5.4.49). Nevertheless, the 255 orthologs had significant identity for a 

pairwise alignment. Among the Glossina contigs that were mapped to the Drosophila 

genome were examples where a Glossina coding sequence merged two Drosophila gene 

models (Figure 2.3). The absence of a Glossina genome assembly limited our ability to 

verify this genomic region in G.morsitans. Close scrutiny of the pairwise alignments 

between the one-to-one orthologs of Drosophila and G.morsitans showed the absence of 

coding regions in the Drosophila transcript, suggestion skipped exons in Drosophila or 

exon insertion in G.morsitans. Coulombe-Huntington et al. (2007) reported intron gain or 

loss in Drosophila. Further validation of these exon insertion/deletions in G.morsitans 

will require scrutiny of the G.morsitans genome assembly as soon as it is available.  

 

 

 

 

 

 

Figure 2.3. Gene model of G.m. morsitans contig cn1813.  

D.melanogaster gene structures for CG12142 (Tsp42Eg) and CG12844 (Tsp42Eh) are 

indicated by grey boxes (exons) and lines (introns). G.m. morsitans contig (cn1813) 

(blue) spans the two Drosophila genes (Tsp42Eg and Tsp42Eh).  
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Figure 2.4. Protein sequence alignment between Glossina contig (cn1813) and its 

Drosophila ortholog CG12142 (Tsp42Eg).  

These overlapping regions confirm the merger of the two Drosophila gene models. 

 

2.3.4 Comparison of Insect proteomes  

Analysis of orthologous and paralogous genes are not only instrumental in genome 

annotation but also helps in explaining genome evolution since orthology and paralogy 

are connected with evolutionary events such as speciation and duplication, respectively.  

Seven insect proteomes including Glossina were clustered using MCL program (Enright 

et al., 2002) (section 2.2.4) to identify protein families with 1:1 orthologous relationships 

and 1-to-many relationships. A total of 12,704 MCL clusters of orthologous groups 

(COGs) were identified (Figure 2.6 and Figure 2.7).  

 

One-to-1 orthologs: We identified 1,326 ortholog clusters (9,282 transcripts) that were 

shared across the 7 insect genomes including Glossina out of which 221 COGs (1,338 

transcripts) are shared between tsetse fly, fruit fly, and mosquito (Figure 2.5 and Figure 

2.6). Conserved single-copy orthologues represent the basic proteome of the respective 

genome and are often involved in “house-keeping” functions. They are well suited for 

measuring differences in genome evolutionary rates because the perceived pressure for 

conservation might be due to the associated biological importance and selective pressure 

to remain single copy.  
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Figure 2.5. Mapping tsetse fly transcripts onto the D. melanogaster chromosomes.  

There were more orthologues shared between chromosomal arm 3R and G.m. morsitans 

ESTs with a 70% average sequence identity.  

 

 

 
Figure 2.6. Venn diagram showing overlapping COGs between four insect species.   
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Figure 2.7. Distribution of orthologues across the insect genomes. Shared orthology is 

indicative of functional convergence or divergence at various levels despite the species 

having diverged at least 250-300 million years ago (Grimaldi and Engel, 2004; Wyder et 

al., 2007; Zdobnov and Bork, 2007). 

2.3.5 Distribution of protein-domains  

Protein domains within the transcriptome were predicted using InterProscan (Zdobnov 

and Apweiler, 2001; Quevillon et al., 2005). The frequency of a domain family in each 

species was enumerated as the number of domains belonging to that particular domain 

family (Figure 2.8) and duplications of the same domain within the same sequence were 

ignored. A total of 58% (13,456 out of 22,940) of G. morsitans peptides had a functional 

domain assigned to them. The relatively high frequency of protein domains in tsetse fly, 

such as endonucleases, that are absent or have relatively low frequencies in 

D.melanogaster leads to conclusions about gene duplication being the predominant mode 

of tsetse fly protein evolution. The large number of DNA/RNA non-specific 

endonuclease NAD (P)-binding domain and zinc-finger ESTs suggests that this family is 

massively duplicated in G.m. morsitans compared to Drosophila (Figure 2.8 and Table 

S1.1, Appendix 1).  

Buljan and coworkers (2009) quantified domain gains and losses by applying maximum 
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parsimony method to infer phylogeny using the assumption of equal frequencies of 

domain gain and loss. An alternative method to infer domain gain and loss is the Dollo 

parsimony (Farris, 1977), which allows only one domain gain per tree to quantify domain 

gains (Basu et al., 2008). The relative frequencies of gain and loss of protein domains 

differs between Drosophila and Glossina. An appropriate approach to prove that a 

domain gain (duplication) in Glossina could possibly be a loss in Drosophila would have 

been to apply the Dollo parsimony method coupled with the power-law function to 

approximate frequency distribution of domain family sizes.  

 
 

Figure 2.8. Empirical distribution of protein domains.  

The family of non-specific endonucleases, NAD(P)-binding domain, Peptidase S1/S6, 

WD40/YVTN repeat-like-containing domain and EF-Hand type domains probably 

underwent duplication and expansion in the tsetse fly genome . 
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2.3.6 Glossina morsitans specific transcripts  

Clustering of insect proteomes using MCL algorithm (Enright et al., 2002) identified 301 

clusters where tsetse peptides did not cluster with any other insect proteome (see section 

2.2.4). These 301 clusters consist of 4,677 out of 4,680 transcripts that putatively encode 

tsetse-specific genes (Figure 2.1). An additional 221 COGs consisting of 1,338 transcripts 

common to tsetse fly, fruit fly, and mosquitoes (Figure 2.6). Species-specificity for 

Glossina was validated by searching against GenBank NR database (see section 2.2.1). 

Out of 4,677 tsetse fly specific transcripts, 1,338 had no detectable similarity in Genbank, 

67 had hits to G.morsitans transcripts, 847 had similarity to D.melanogaster, while the 

remainder had similarity to other insect species.  

In total 1,405 peptides (1,338 + 67) were predicted to be G.morsitans specific and were 

assigned InterPro (Zdobnov and Apweiler, 2001; Quevillon et al., 2005) identifiers (see 

Table S1.1, Appendix 1) and GO (Ashburner et al., 2000) terms as described in section 

2.2.6.  

The frequencies of GO terms assigned to tsetse fly specific transcripts were compared to 

frequencies of all GO-annotated transcripts in the transcriptome using hypergeometric 

distribution (see section 2.2.6). After Bonferroni correction for multiple tests, this 

analysis identified significant enrichment for molecular functions including binding 

(44%) (88 transcripts), catalytic activity (21%) (41 transcripts), DNA binding (13%) (27 

transcripts), structural molecule activity 11% (23 transcripts), transcription regulator 

activity (6%) (12 transcripts), transporter activity (4%) (8 transcripts) and signal 

transducer activity (2%) (3 transcripts) (Figure 2.9). Approximately 60% of all tsetse 

specific transcripts were assigned to GO intracellular location (Figure 2.10).  These 

transcripts are also statistically enriched for developmental (22%) and metabolic (20%) 

processes (Figure 2.11).  
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Figure 2.9. Distribution of stastistically enriched GO molecular function categories for 

G. morsitan specific EST sequences. 

 

 

  
Figure 2.10 Distribution of stastistically enriched GO cellular component categories for 

G. morsitan specific EST sequences. 

Majority of tsetse-specific transcripts were located intra-cellular while 18% were located 

in the extra-cellular region or they encode proteins that are secreted. 
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Figure 2.11. Distribution of stastistically enriched GO biological process categories for 

G. morsitan specific EST sequences. 

 

2.3.7 Tissue-specific patterning of statistically enriched functions 

Statistically enriched GO categories as reported in the previous section were stratified 

according to G.morsitans cDNA library (see Table 2.1). GO terms of four whole body 

cDNA libraries were merged before clustering. 

Hierarchical Clustering: statistically significant GO terms (Bonferroni, p < 0.05) of 

1,405 tsetse-specific peptides were clustered according to the cDNA library using a 

hierarchical clustering approach. Terms of the third to ninth level of GO cellular, 

biological and molecular function were considered and visualized using unsupervised 

hierarchical clustering of the adjusted p-values. Cluster analysis was performed using a 

custom R script and the results visualized as heatmaps (Figure 2.12 - 2.14).  
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Figure 2.12. Heatmap displaying statistically significant GO biological process terms for 

Glossina-specific transcripts.  

Significant depletion of certain fuctions for transcripts expressed in reproductive tissue. 

Functions such as follicle cell migration and epidermis morphogenesis are depleted in 

transcripts expressed in the midgut only. Hierarchical clustering was done based on 

Bonferroni adjusted p-values<0.05. 
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Figure 2.13. Heatmap displaying statistically significant GO molecular function 

terms for Glossina-specific transcripts. 

Iron transport function is enriched in the head and salivary gland tissues. Other 

functions such as hydrolase activity is depleted in fatbody, reproductive and salivary 

gland tissues. 
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Figure 2.14. Heatmap displaying statistically significant cellular component GO terms 

for Glossina-specific transcripts.  

2.3.8 Prediction of secreted proteins 

Description of secreted or surface-exposed proteins of G.m. morsitans should be of value, 

because these peptides provide good vaccine candidates. We screened tsetse EST data for 

potentially secreted proteins using SignalP version 3 (Bendtsen et al., 2004). Starting 

with 22,940 translated tsetse contigs, SignalP predicted 2,426 of the proteins to have a 

signal peptide out of which 63 are tsetse fly specific. We validated the predicted putative 

signal peptides by aligning them to signal peptides of annotated secretory proteins. The 

10 most conserved L71 (pfam02448) family of insect proteins, each about 100 amino 

acids long from NCBI Conserved Domain Database (Marchler-Bauer et al., 2009; 

Marchler-Bauer et al., 2011) were aligned to putative tsetse fly signal peptides using 

(Thompson et al., 1994). Evolutionary relatedness among 63 tsetse fly specific putative 

signal peptide and L71 (pfam02448) family of insect proteins was assessed using 

maximum parsimony (MP) method, as implemented in PAUP v.4.0 (Swofford, 2003). 

The frequency distribution of randomly generated trees was plotted to test for the 
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presence of a phylogenetic signal (fdtype=histogram) and a heuristic search method was 

performed using the Nearest Neighbor Interchange (NNI) tree swap algorithm. In these 

analyses, gaps were treated both as missing data and fifth character because indels might 

be phylogenetically informative; all sites were equally weighted. The neighbor-joining 

(NJ) search was conducted (1000 replicates) from a 73 taxa by 1047 character matrix of 

MP genetic distance topologies. Two distinct clades are evident; both with 100% 

bootstrap support (Figure SF1.1, Appendix 1).  

Furthermore, a Maximum likelihood tree generated to circumvent the problem of long-

branch attraction that is associated with MP method of reconstructing phylogeny. The 

tree topology was consistent with the results generated by MP method although internal 

nodes had lower bootstrap support (Figure SF1.2). 
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2.4 Discussion 

Interspecies comparison of the transcriptome of G. morsitans with the genomes of three 

sequenced mosquitoes and Drosophila melanogaster, which diverged about 250-300 

million years ago (Grimaldi and Engel, 2004; Wyder et al., 2007; Zdobnov and Bork, 

2007), revealed significant similarities and differences of the tsetse fly to the non-

haematophagous fruit fly. The conserved single-copy orthologs (9,282 transcripts) 

identified in this study represent the basic proteome needed for survival of Glossina and 

are often involved in “house-keeping” functions. They are well suited for measuring 

differences in genome evolutionary rates because the perceived pressure for conservation 

might be due to the biological importance and selective pressure to remain single copy.  

Consistent with previous findings (Zdobnov et al., 2002), there were significantly more 

orthologues shared between D. melanogaster chromosome 3R and tsetse transcripts, with 

an overall 70% average sequence similarity. This observation demonstrates that 

G.morsitans-D. melanogaster homologous segments may be as a result of uniform 

genome rearrangement events that are independent of function. 

Numerous tsetse fly ORFs included in our analysis did not overlap with existing 

Drosophila gene models. The results from est2genome mapping captured 9% (25 out of 

280) G.m. morsitans transcripts having strong support for existing gene models with D. 

melanogaster. EST gene builds are challenging because ESTs are prone to sequencing 

errors and they may be chimeric or contaminated with genomic sequence (Curwen et al., 

2004). The large evolutionary distance of G.m. morsitans from Drosophila (which 

diverged approximately 250-300 million years) restricted use of orthology in predicting 

gene models. 

A major outcome of this study was the prediction of 1,405 expressed transcripts that were 

tsetse fly specific and did not have similarity to known genes. Sixty-three of these are 

secreted protein products. Transcripts without significant homology to sequences present 

in the public databases (unknown genes) possibly represent unique functions associated 

with tsetse fly vectorial competence. GO annotation of Glossina-specific transcripts 

revealed enrichment of binding proteins (44%) such as odorant and pheromone binding 

proteins.  
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The main reason for delineating protein domain families was to better understand 

transriptome function. A protein family contains 2 or more domains arranged in a specific 

manner; new protein families arise from domain shuffling and recombination within a 

genome (Basu et al., 2008). Gene duplication results in the expansion of domain super-

families in terms of their abundance in the transcriptome (Vogel et al., 2005). A relatively 

high frequency of protein domains was observed in tsetse fly, for example, the 

DNA/RNA non-specific endonucleases, NAD (P)-binding domain and zinc-finger 

superfamily were duplicated in G.m. morsitans. The frequencies of these superfamilies 

enable one to infer that proteins encoded by the tsetse transcriptome have undergone 

domain duplication. 

2.5 Conclusions 

Our data analysis provides independent proof for the presence of a large number of 

transcribed regions of the G.m. morsitans transcriptome. The predicted extent of 

functional annotation for the tsetse transcriptome was 71% (a total of 16,292 out of 

22,940 translated ESTs were predicted as putative coding ESTs), but only 44.5% of the 

transcriptome can be assigned to standard sequence motifs, 38% code for unknown 

proteins and 6.1% encode uncharacterized tsetse-specific proteins. Structural 

characterization of the transcripts showed that 19% (7,205) of the transcriptome could be 

assigned to homologues with known structure. These findings underscore the importance 

of the G. morsitans transcriptome for comparative analysis of the human host, the insect 

vector and the pathogenic parasite.  

In this study, 1,405 tsetse-specific transcripts are possibly represent unique functions 

associated with tsetse fly vectorial competence. Sixty-three of these were secreted 

peptides. The secreted transcripts were mapped on to the Glossina draft genome and 

validated to be secreted by localization of the signal peptide. Furthermore, the large 

evolutionary distance of G. morsitans from other sequenced genomes (which diverged 

approximately 250-300 million years) restricted use of orthology in predicting gene 

structures. Despite the biology of the 2 flies being so different, particularly blood-feeding 

and viviparous reproduction in tsetse, this relationship accelerated transcriptome analysis 

and consequently, will help with the genome assembly process.  
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The discovery of tsetse-specific novel transcripts could lead to new vector control tools.  

The relative frequencies of gain and loss of protein domains differs between Drosophila 

and Glossina. An appropriate approach to prove that a domain gain (duplication) in 

Glossina could possibly be a loss in Drosophila would have been to apply the Dollo 

parsimony method coupled with the power-law function to approximate frequency 

distribution of domain family sizes. EST transcripts are partially sequenced and may not 

represent the entire gene from which they are derived; Comparison of domain 

architectures requires accurate gene predictions. However, inferring loss of a domain in 

one species rather than gain in the other relies on accurate phylogenies. In general, it is 

rare for an organism to loose a gene or domain than gain. It is less likely for pre-existing 

genes to lose their functional domains than for new genes to acquire functional domains. 
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3.0 Abstract  

Background: The generation and analysis of expressed sequence tags (ESTs) remains a 

viable approach to elucidate the transcriptome of an organism. Glossina morsitans 

morsitans (“tsetse fly”) is an insect vector for the protozoan trypanosome parasite, the 

causative agent for trypanosomiasis in humans and animals. Unlike mosquitoes, both 

male and female adult flies are obligate blood feeders and they transmit the parasite 

following a blood meal. The transcriptome of this economically and medically important 

insect vector was sampled from 11 cDNA libraries using Sanger sequencing. 

Conceptually, the number of ESTs present in a specific consensus sequence should 

approximate the transcriptional expression level in the source tissue. The goal of this 

chapter was to identify tsetse fly transcripts that showed tissue-specific differential 

expression patterns that could reflect responses to an invading parasite whose life cyle 

requires exposure to the salivary gland and midgut of the fly. Robust statistical tests were 

applied to infer tissue specificity and constitutive expression of the transcripts.  

Methods: Tissue-specific transcript expression levels were estimated by calculating the 

frequencies of EST transcripts in 11,940 consensus sequences (contigs) assembled from 

11 normalized tsetse fly cDNA libraries. ESTs were partitioned according to tissues of 

origin thereby generating an 11x 69,995 binary frequency matrix based on presence or 

absence of an EST in the assembled contigs. The general chi-square (χ2) Goodness of fit 

test was applied on the matrix to identify ESTs that are differentially expressed at 95 % 

confidence limit. The False Discovery Rate (FDR) was performed to correct for multiple 

comparisons (multiple hypothesis tests). The expression specificity of putative 

differentially expressed ESTs was validated by comparison to G. morsitans publicly 

available tissue specific (salivary gland) gene expression data mined from literature. This 

was followed by the accurate alignment of sequences within each cluster and inference of 

phylogentic trees. 

Results: A total of 5,563 contigs (46.4%) were merged into a non-redundant set of 1,707 

super-contigs based on pair-wise sequence similarity with Genbank NR data.  A chi-

squared test identified 1,894 contigs that were differentially expressed (p < 0.05 with 

Bonferonni correction for multiple testing), out of which 1,235 were overrepresented in 

single tissues. This analysis identified 31 transcripts that conflicted with observations 
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from published data. The 31 transcripts were previously predicted to be upregulated only 

in the salivary gland but our results showed that they were also expressed in other 

libraries. Furthermore, 18 tsetse fly transcripts encode proteins with sequence similarity 

to endonucleases out of which nine were previously identified in Glossina. Putative 

endonucleases reported in this study were verified through identification of genetic 

signatures such as the 10 amino acids that comprise the active centre region that interacts 

with the substrate. Functional annotation of the differentially expressed transcripts in 

salivary gland showed gene ontology enrichment for binding function (47%) and enzyme 

catalytic activity. Validation of differential expression of tsetse fly ESTs using data from 

literature mining identified about 1,663 transcripts that were possibly associated with 

blood feeding. 

Conclusion: This study has successfully identified transcripts differentially expressed in 

the salivary gland and midgut and provide candidate genes that are critical to response to 

parasite invasion. However, our analysis does not support published data of Alves-Silva 

and coworkers (2010) in that only 40 of the 71 Glossina transcripts were confirmed to be 

differentially expressed in the salivary gland. 
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3.1 Introduction  

The generation and analysis of ESTs remains the most definitive and viable approach to 

elucidate the transcriptome of eukaryotic genomes. Furthermore, their utility to 

complement genome sequencing, gene discovery and microarray probe design justify the 

increasing use of ESTs in most genome projects. The motivation behind EST sequencing 

is the assumption that it is much easier to identify genes in a whole genome by directly 

examining the transcribed messenger RNA (mRNA).   

The relative abundance of ESTs in a cDNA library is a direct measure of the mRNA 

abundance in the tissue from which the library was constructed (Okubo et al., 1992). 

Difference in the abundances of a transcript between cDNA libraries can be attributed to; 

first, the transcript can be constitutively expressed in all libraries. Hence, differences in 

the abundance may be due to sampling errors. Second, these differences can reflect true 

biological fluctuation or cyclical differences of gene expression.  

Cyclic variation in the EST frequencies can be used to infer gene expression levels and to 

build a gene's transcripts profile. Additionally, comparison of EST frequencies between 

two or more libraries can identify transcripts that are differentially expressed between the 

tissues. Several studies have used the relative abundance of an EST sequence to estimate 

gene expression levels in several species, for example, G. morsitans (Alves-Silva et al., 

2010; Attardo et al., 2010), Schistosoma mansoni (Franco et al., 1997), mouse (Lord-

Grignon et al., 2004), rice (Ewing et al., 1999) and Medicago truncatula (Journet et al., 

2002). Alves-Silva et al. (2010) focused on the sialome of G. morsitans and identified 

over 250 proteins essential for blood feeding, 59 of which were over-represented in the 

salivary gland library, suggesting tissue-specifc expression while Attardo et al. (2010), 

characterized 51 proteins specific to the reproductive EST library and were associated 

with the tsetse fly’s viviparous reproductive life. 

A certain proportion of these insect vectors are refractory to parasite infection. Their 

innate immunity affects trypanosome development and is a potential target of innovative 

trypanosomiasis control strategies (Beard et al., 1993; Aksoy et al., 1997; Hao et al., 

2001; Aksoy, 2003; Hu and Aksoy, 2006; Geiger et al., 2007; Alves-Silva et al., 2010). 

For example, Haines et al. (2010) localized the expression of tsetse EP protein, a 
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determinant of vector competence, to the mid-gut tissue of the tsetse fly, G. morsitans 

and G. palpalis palpalis.  

Transcript expression profiling using EST counts entails large amount of data. Hence, the 

use of robust statistical approaches is necessary to clearly distinguish the level of 

significance in the observed difference in EST sequence counts (Audic and Claverie, 

1997; Greller and Tobin, 1999; Stekel et al., 2000; Romualdi et al., 2001; Romualdi et al., 

2003). The choice of method depends largely upon the required level of sensitivity and 

the number of tissues from which the library was constructed. Several bioinformatics 

tools have been developed for high-throughput identification of EST differential 

expression profiles and tissue specificity. Tissuelnfo (Skrabanek and Campagne, 2001), 

BodyMap (Okubo et al., 1992) and ExQuest (Brown et al., 2004) utilize counts of ESTs 

in libraries to identify deregulated transcripts in cDNA libraries.   

3.1.1 Statistics of differential EST expression analysis  

Several statistical tests have been used to predict differentially expressed EST sequences 

in multiple cDNA libraries and determine the transcription profile of the encoded genes. 

These tests can be divided into two based on the number of comparisons they can 

perform simultaneously that is, those implementing pair-wise tests and those 

implementing multiple tests. For example, Fisher's exact test used by the digital 

differential display (DDD) at the Cancer Genome Anatomy Project (CGAP) (O'Brien, 

1997), Audic and Claverie pairwise test (Audic and Claverie, 1997), Greller and Tobin 

test (Greller and Tobin, 1999), R test (Stekel et al., 2000), and the 2X2 Chi squared test 

and general Chi squared test.  

3.1.1 Pair-wise Statistical Tests 

The Audic and Claverie test statistic is based on conditional distribution of p(y|x) for 

accepting or rejecting the null hypothesis (H0) if y is large or small relative to the 

expected under p(y|x). The derivation of conditional probabilities of p(y|x) assumes an 

equal or uniform prior distribution of tags. Briefly, the conditional probability of 

observing y number of tags in library B, given that x tags have been observed in library 

A, if NA and NB are the total number of tags for, respectively, library A and B, under the 

hypothesis of equal expression of the considered gene in conditions A and B. The smaller 
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the conditional probability (Equation 1), the more differentially expressed is the gene 

over the two libraries (Romualdi et al., 2001). 
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Fisher’s exact test is a non-parameteric test used for testing the hypothesis that there is a 

statistically significant difference between two groups. The test is suitable for testing 

independence on a two-way contingency table where sample sizes are small (the expected 

cell count less than or equal to 5). It is an exact test because it uses an exact distribution 

and does not make approximations. A two-way contingency table for all possible library 

comparisons over all transcripts is a prerequisite for its application. Because of the 

multiple library comparisons, this test should be corrected for the number of comparisons 

over all the transcripts.  

The chi-squared (χ2) test is a non-parametric test for pair-wise comparisons. The test is 

applicable to two-way contingency tables to investigate whether EST tags fall into two 

mutually exclusive categories. Chi-square test is based on frequency; a count of observed 

events in nominal (categorical) or ordinal data and it is used to determine if the 

distribution of observed frequencies differs from the theoretical expected frequencies. 

The value of the chi-square test statistic is calculated by the formula in equation (2). 
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  Equation (2) 

Whereby:  

Null Hypothesis (H0): observed group mean minus expected group mean = 0, that is, 

there is no difference between the two groups. 

Alternative Hypothesis (HA):  observed group mean minus expected group mean does 

not equal 0, that is, there is a difference between the two groups. A disadvantage of the 

traditional Chi Squared test is that it is unreliable when the EST counts are low (Susko 

and Roger, 2009). 
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3.1.2 Multiple Statistical Tests  

The R statistic is a new statistical test applied to detect outliers when profiling differential 

expression patterns of transcripts within multiple cDNA libraries simultaneously (Stekel 

et al., 2000). The test works by considering two main factors contributing the observed 

differences in transcript expression: the null hypothesis states that differences in the 

abundance may be attributed to sampling errors while the alternative hypothesis states 

that differences in the transcript abundance reflect true differences in gene expression due 

to biological fluctuation or physiological perturbation. Comparison of the likelihood of 

the two hypotheses is computed by subtracting the logs of the likelihoods to generate a 

log likelihood ratio. The ratio of the two hypotheses generated is a relative measure of the 

extent to which the differences in transcript expression correspond to heterogeneity of the 

libraries as opposed to random sampling variability (Stekel et al., 2000). The R statistic 

(likelihood ratio test) is given by: 

! 

R = "2LogA            Equation (3) 

Where-by A is the ratio of the maximized likelihoods of the alternative and null 

hypotheses. R tends asymptotically towards a chi-square distribution. The R statistic is 

derived form the following equation:  
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Where m is the number of cDNA libraries, xi, j is the number of EST copies of the ith 

library and Ni is the total number of ESTs in the ith library while fj is the frequency of 

EST copies of contig j in all of the libraries. 
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       Equation (5) 

In a library in which there are no observed counts of a particular EST, that is, xi, j = 0, its 

contribution to Rj is zero. 

Greller and Tobin (GT) test (Greller and Tobin, 1999), developed a test statistic to 

compare transcript differential expression levels across more than two libraries based on 

detection of outlier (markedly high or markedly low) transcript expression levels. The 

technique uses a statistical discordancy test as a decision function to weight the number 
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of tags per contig or gene. The resulting value is used as a decision rule to classify ESTs 

with strong, moderate or weak differential expression. This test is suitable for outlier 

detection 

The chi-squared test (χ2) for multiple comparisons is used to determine whether there is a 

significant difference between the expected frequencies and the observed frequencies in 

multiple cDNA libraries. It uses contingency tables with more than 2 libraries to compare 

the observed with the expected frequencies in each category using the chi-square (χ2) 

distribution. The statistical decision is based on whether the deviations between the 

observed and the expected counts are too large to occur just by chance. The chi-square 

test statistic is given by equation (6), whereby, O is the observed and E the expected 

frequencies. 
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There have been attempts to compare the efficiency of these statistical methods with 

valid criticism of the various statistical tests, (Man et al., 2000; Stekel et al., 2000; 

Romualdi et al., 2001). Statistical tests can be compared by assessing their efficiency in 

terms of specificity, power and robustness (Fisher and van Belle, 1993). Specificity is 

measured by alpha, type I error or false positive error rate, which is the probability of 

erroneously rejecting the null hypothesis when it is true (Hog and Craig, 1995). The value 

of alpha is determined by the level of significance, usually set at 0.05 or 5%. The smaller 

the alpha the higher the specificity. Power, type II error rate, is the probability of 

correctly rejecting the null hypothesis when it is not true. A statistical test is robust if the 

computed alpha is close to the hypothesized significance level. Robustness of a test 

determines the number of type I errors committed.  

A good statistical test should have higher power and robustness at the same level of 

significance and be able to detect the same or smaller differences between multiple 

libraries while using the same or smaller sample size (Fisher and van Belle, 1993). Man 

et al. (2000) used Monte Carlo simulation to compare the Chi-squared test, Fisher's exact 

test, and AC Bayesian method.  
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Although Audic criticized the use of Fisher’s exact test in the Digital Differential Display 

tool (DDD) (O'Brien, 1997) both Audic and Claverie’s (AC) test and Fisher’s exact test, 

can only be used to quantify differentially expressed genes between two libraries but 

when comparing more than two libraries they both use their test repeatedly to perform 

multiple comparisons – a procedure which is statistically invalid, (Stekel et al., 2000).  

This in effect leads to the same gene being tested in multiple libraries as well as the test 

being applied repeatedly on many genes. The CGAP’s analysis (DDD) tool multiplies the 

p-values by the number of transcripts/genes tested as well as the number of comparisons 

made as a measure to remedy multiple comparisons, but the generated p-values do not 

reflect true probabilities of the events - some tags would have significant p-values, even 

if the data were truly random. The GT test, (Greller and Tobin, 1999), uses a fold-change 

approach to identify a tag whose expression in one library differs markedly from its 

expression in the others. Hence, it does not indicate the global patterns of different 

expression. 

The underlying motivation behind EST sequencing is the assumption that it is much 

easier to identify genes in a whole genome by directly examining the transcribed mRNA. 

At the start of this project a completely sequenced genome was not available for Glossina 

morsitans morsitans; hence, annotation relied on available ESTs and protein sequences 

from sequenced insect species. Transcripts were tested for differential expression across 

the 11 cDNA libraries using chi-square (χ2) Goodness of fit test with correcton for 

multiple correction (p < 0.05). The differentially expressed genes were compared to 

recently published differentially expressed genes for the salivary gland (Alves-Silva et al. 

2010). 
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3.2 Materials and methods 

EST clusters are known to contain 20% redundancy i.e., multiple clusters correspond to 

the same gene (Burke et al., 1999). Cyclic variation of EST expression levels was 

analyzed across eleven cDNA libraries (Table 2.1) using robust statistical approaches 

(Audic and Claverie, 1997; Greller and Tobin, 1999; Stekel et al., 2000; Romualdi et al., 

2001; Romualdi et al., 2003). The choice of the statistical method depends largely upon 

the required level of sensitivity and the number of tissues from which the library was 

constructed. 

3.2.1 Transcript Expression Profile 

To predict differentially expressed EST transcripts, a combination of Perl scripts and R 

statistical scripts were developed to implement the workflow shown in Figure 3.1. 

Transcript expression profiles were estimated by calculating the frequencies of EST 

sequences in each of the 11,980 consensus sequences (“contigs”) assembled from 11 

normalized tsetse fly cDNA libraries. Contigs containing fewer than two ESTs were 

excluded from the analysis prior to screening against the GenBank non-redundant (NR) 

database using TBLASTX search algorithm with a criteria imposed at a cut-off 

expectation value (e-value) of 1e-5 and percent identity of above 90%. The -v and -b 

options of BLAST were set to 5. Contigs that mapped to the same gene were selected 

from the top five hits and merged into the same cluster. All clusters were normalized 

using the sum (row-wise and column-wise) total of the reads in each library. 

Consequently, a master data table of 11 x 69,995 binary frequency matrix of EST 

expression profile was generated whereby contigs were arrayed in rows and cDNA 

libraries in columns. This information was used to compute significant expression of 

ESTs in different tissue categories in the form of p-values.To improve the power of 

statistical sensitivity, the four cDNA libraries (PUF, PUM, TUF and TUM) derived from 

the whole body were merged (PUM was joined with PUF and TUF with TUM) and a new 

master data frequency table of 9 x 55,738 was generated.  
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3.2.2 Testing of statistical significance 

All clusters were normalized as described in section 3.2.1. The chi-square (χ2) Goodness 

of fit test with 2000 replicates but without continuity correction was applied on the matrix 

to identify ESTs that were significantly differentially expressed (p-value < 0.05). The 

Goodness of fit means that a test (“hypothesis test”) is conducted to determine how well a 

statistical model fits a set of observed events. The null hypothesis (H0) was that the 

observed frequency of EST sequences does not differ from the theoretical expected 

frequencies. The alternative hypothesis (H1) was that the observed frequencies differ 

from the theoretical expected frequencies. For each contig (row) and each library 

(column), a chi-square “computed test statistic” was calculated using Equation (6) while 

a “hypothesized test statistic” was based on the degrees of freedom (number of categories 

minus 1) and the theoretical chi-square distribution. This test was conducted to compare 

the observed and the expected counts of EST sequences to determine if the distribution of 

the observed frequencies differs from the theoretical expected frequencies.  The decision 

rule to either accept or reject the null hypothesis was set at 95 % significance level. If the 

H0 is true, the distribution of the test statistic fits the theoretical chi-square distribution. 

The False Discovery Rate (FDR) (Benjamini and Hochberg, 1995) was performed to 

correct for multiple comparisons (multiple hypothesis tests).  

The resulting p-values formed a measure to describe ESTs that were significantly 

differentially expressed in a particular tissue. This analysis identified 1,894 transcripts 

that were significantly differentially expressed at 95% significance level (Figure 3.1). 

3.2.3 Comparison of differentially expressed transcripts with published G. 

morsitans differentially expressed transcripts 

The expression profiles of the published transcripts (Alves-Silva et al., 2010) were 

compared to the profiles of significant differentially expressed Glossina transcripts 

generated in this study (section 3.2.2). We identified 71 transcripts that had been 

previously predicted as differentially expressed in the salivary gland library by Alves-

Silva and coworkers (2010) that were subsequently BLAST searched against 1,894 

transcripts identified in section 3.2.2. Table 3.1 provides a summary of the list of tissues 

with significantly-expressed contigs. GO annotation for all Glossina transcripts that were 
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differentially expressed in the salivary gland was performed as described in section 2.2.6 

and the results were displayed as a pie chart (Figure 3.4).  

 

 
Figure 3.1. Overview of the computational steps taken to determine 

differentially expressed EST sequences.  
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3.3 Results and discussion 

This chapter focuses on the application of cDNA libraries to identify ESTs whose 

expression significantly differs between the tissue sources of the libraries. Glossina 

cDNA libraries were utilized to identify ESTs whose expression significantly (chi-square 

(χ2); p-value < 0.05) differs between the tissue sources of the libraries. These EST 

sequences were assumed to display tissue-specific transcription or expression patterns 

suggesting a specific function in this tissue. This was followed by a comparison of the 

differentially expressed EST-based predictions with results from published data. Finally, 

GO annotation of differentially expressed contigs was used to evaluate tissue-specificity. 

 

The transcriptome dataset of 11,980 contigs was used to interrogate the GenBank NR 

database to identify overlapping contigs that mapped to the same Genbank entry. Contigs 

were placed in the same cluster if they mapped to the same gene or gene isoform.  There 

were 5,563 (46.4 %) of the 11,980 contigs that overlapped known GenBank entries (e-

value threshold of 1e-5 and percentage coverage of above 50%) and were merged into 

1,707 super clusters. The remaining 6,417 out of 11,980 contigs that did not overlap were 

retained with the 1,707 supercontigs for use in the subsequent analysis.  

 

In this chapter, “merging” of contigs to form supercontigs was used to refer to the 

procedure of summing up the expression profiles of constituent ESTs of 2 or more 

contigs that mapped to the same Genbank entry. The purpose of this approach was to 

further combine variable alleles of the same gene and increase the statistical power of the 

analysis. 

3.3.1 Differential expression of G.morsitans transcripts 

In this analysis (see section 3.2.2), the chi-square (χ2) Goodness of fit test identified 

1,894 contigs that were significantly differentially expressed (p < 0.05) out of which 

1,235 contigs were tissue-specific i.e. the EST sequences that form the contigs were 

derived from a single tissue (Table 3.1).  

A chi-square test at 95 % C.I. confirmed 37% (4445) of the contigs to be unique to a 

specific tissue and significantly enriched in that tissue. Merging of contigs only resulted 
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in 39.7% (4757) a 2.9 % marginal improvement of tissue-specificity while inclusion of 

data from the combined “wholebody” library resulted in 40.2 % (4815) increase in tissue-

specificity. 

3.3.2 Comparison of differentially expressed transcripts with published data 

The abundance of EST transcripts in cDNA libraries was quantified based upon the 

frequencies with which ESTs occurred in contigs.  

Comparison of 1,894 significantly differentially expressed contigs with the salivary 

gland-specific dataset inferred by Alves-Silva and cowokers (2010) confirmed 40 out of 

71 published contigs to be specifically expressed in the salivary gland (p < 0.05; Table 

3.2). However, the remainder 31 transcripts conflicted with published results and showed 

expression in a range of tissues (Table 3.3). In addition, Alves-Silva and colleagues 

(2010) reported differential expression of 9 full-length G. morsitans transcripts encoding 

endonucleases. This study identified 18 transcripts encoding endonucleases that were 

differentially expressed (Figure 3.1 and Figure 3.2) 6 of which had not been previously 

characterized.  

 

Table 3.1. G. morsitans contigs that are enriched or depleted from specific cDNA 

libraries. 

EST Library Over-represented contigs Under-represented contigs 

Fatbody (GLA) 121 159 

Reprod (GMr) 75 0 

Salivary (GMs) 120 193 

Head (GMh) 90 0 

Larvae (LAR) 292 4 

Puapae (PUP) 258 5 

MidGut (Tse) 147 113 

Whole body  (WB) 216 101 

Total (N) 1,319 575 

Total (N + N) 1,894* 

* Of the 1,894 contigs 1,235 were tissue-specific and without redundancy 
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Table 3.2. Transcripts predicted to be differentially expressed in salivary gland by Alves-

Silva et al. (2010) but verified in this analysis to be expressed in a range of tissues. 

Glossina ID*  
Glossina 
ID** GLA GMr GMs Gmh LAR Pwhole Twhole PUP Tse Total 

GM-544 cn10286 0 0 13 0 0 0 0 0 0 13 
GM-541 cn10286 0 0 13 0 0 0 0 0 0 13 
GM-5870 cn8873 0 0 3 0 0 0 0 0 0 3 
GM-537 cn8877 0 0 6 0 0 0 0 0 0 6 
GM-2503 cn10350 0 0 13 0 0 0 0 0 0 13 
GM-2502 cn10350 0 0 13 0 0 0 0 0 0 13 
GM-1852 cn6713 0 0 4 0 0 4 0 0 16 24 
GM-1198 cn4273 18 0 2 0 2 2 0 0 2 26 
GM-1200 cn4273 18 0 2 0 2 2 0 0 2 26 
GM-8910 cn10986 0 0 2 0 0 0 0 0 0 2 
GM-8654 cn12305 4 0 0 0 0 2 0 0 0 6 
GM-16650 cn10440 0 0 1 0 0 13 0 0 0 14 
GM-1862 cn9673 0 0 20 0 0 0 0 0 0 20 
GM-485 cn513 11 0 47 0 0 19 0 0 17 94 
GM-486 cn512 0 0 2 0 0 0 0 0 0 2 
GM-591 cn7518 0 0 27 0 0 0 0 0 12 39 
GM-315 cn13091 0 0 10 0 0 0 0 0 0 10 
GM-8551 cn12834 0 0 7 0 0 0 0 0 0 7 
GM-313 cn13091 0 0 10 0 0 0 0 0 0 10 
GM-312 cn13091 0 0 10 0 0 0 0 0 0 10 
GM-04838 cn13091 0 0 10 0 0 0 0 0 0 10 
GM-0114 cn9756 1 0 28 0 0 0 0 0 0 29 
GM-1732 cn2516 2 0 18 0 0 4 0 0 3 27 
GM-6886 cn10610 0 0 4 0 2 0 0 0 0 6 
GM-2092 cn10361 0 0 11 0 0 0 0 0 0 11 
GM-5886 cn11490 0 0 0 1 0 0 0 0 0 1 
GM-4680 cn10283 0 0 6 0 0 2 0 0 0 8 
GM-3973 cn9840 0 0 4 0 0 9 0 0 0 13 
GM-586 cn5771 0 0 9 0 0 144 0 0 0 153 
GM-585 cn5767 1 0 33 3 4 69 0 0 7 117 
GM-5807 cn9427 0 0 4 0 5 0 0 0 0 9 
Total   55 0 332 4 15 270 0 0 59 735 

* Glossina identifiers derived from Alves et al. (2010). 

** Glossina identifiers derived from IGGI consortium dataset. 
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Figure 3.2. Alignment of C. pipiens endonuclease active center region.  

Column numbers represent the 10 amino acids making contact with the substrate, based 

on the Serratia marcescens crystal structure. The figure was generated using data from 

Alves-Silva et al. (2010) and nine additional G. morsitans. 

 

 

 
Figure 3.3. Phylogeny of the G. morsitans salivary endonuclease-like proteins.  

In this ML tree, evolutionary distances were computed using the JTT matrix-based 

method and are in the units of the number of amino acid substitutions per site.  
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3.3.3 Functional annotation of differentially expressed EST sequences 

Functional annotation of 1,894 contigs and 774 super-contigs of G. morsitans EST 

sequences that were predicted to be significantly differentially expressed in the cDNA 

libraries (Table 3.1) was performed as described in section 2.4.4 using GO terms of 

cellular, biological and molecular function. 29% (370 out of 1,264) of the contigs were 

assigned GO annotations while 51.3% (648 out of 1,264) mapped to known biochemical 

pathways. There was 6% (77 out of 1,264) contig mapping onto the amino acid 

metabolism pathway, 4.4% (56 out of 1,264) of the contigs mapped to the peptidase 

[E3.4.21.4] enzyme family while 3.3% (42 out of 1,264) mapped onto the xenobiotics 

biodegradation and metabolism biochemical pathway. Results for biological functions 

over-represented in the differentially expressed ESTs are shown in Figure 3.4. 
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Figure 3.4. Functional enrichment of GO terms identified in G.morsitans.  

(a) Molecular function b) Cellular component     c) Biological process 
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Table 3.3. Tissue distribution of EST sequences. 

Comparison of tsetse transcripts differentially expressed in the salivary gland. 34 

transcripts differentially expressed in salivary gland and verified in this analysis and that 

of Alves-Silva et al. (2010). 
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3.4 Evaluation of differentially expressed contigs 

EST clusters are known to contain 20% redundancy (Burke et al., 1999), i.e., multiple 

clusters correspond to the same gene. Consolidating EST sequences based on similarity 

to known sequences helps to improve gene coverage and reduce redundancy. 

Additionally, this approach helps to link splice-related ESTs (Christoffels et al., 2001; 

Ptitsyn and Hide, 2005). There were 5,563 (46.4 %) out of the 11,980 contigs that 

matched previously identified sequences (e-value threshold of 1e-5 and percentage 

coverage of above 50%) and were merged into 1,707 super clusters. 

 

A naive approach to identify putative tissue-specific EST sequences would be to search 

for contigs containing reads exclusively from one tissue, but this approach does not have 

a statistical validation. The expression profile of 1,894 contigs and 774 super-contigs of 

G. morsitans was reconstructed from 8,124 contigs using a rigorous chi-square Goodness 

of fit test (p-value<0.05). Tissue-specific expression levels of transcripts in a given 

cDNA library were inferred by the frequency of EST sequences per consensus sequence 

(“contig”) coupled to the chi-square (χ2) Goodness of fit test for statistical significance. 

Significantly differentially expressed transcripts across the cDNA libraries were selected 

at 95% confidence limit. In silico prediction identified 575 out of 1,894 contigs to be 

constitutively expressed in all libraries while 1,319 of the 1,894 contigs were up-

regulated in one or more libraries.  

It is a common practice to pool EST libraries from a common tissue type or 

developmental stage in order to increase the statistical power of testing and improve the 

gene coverage (Liu and Graber, 2006). In this analysis, contigs were merged based on 

sequence similarity while the four cDNA libraries that comprised of the “wholebody” 

library were pooled into two libraries. Pooling of the frequencies of contigs based on 

similarity only resulted in 39.7% (4757 contigs were significantly up-regulated at P-value 

< 0.05), a 2.9 % marginal improvement of tissue-specificity while inclusion of data from 

the combined “wholebody” library resulted in 40.2 % (4815) increase in tissue-

specificity. The most plausible explanation to this observation is that transcript 

expression profiles derived from sampling the pooled library is determined by the 

preparation of the cDNA library but the underlying distribution of EST frequencies will 
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remain the same.  Pooling libraries alters the frequency counts of the EST sequences in 

each library but the total ESTs that make up a library will remain constant. 

3.4.1 Comparison of the results with previous work 

The differentially expressed EST sequences were grouped into categories based on 

sequence comparison to published tissue-specific data sets. The expression specificity of 

these ESTs was validated by comparison to G. morsitans (salivary gland) expression data 

mined from literature (Alves-Silva et al., 2010; Attardo et al., 2010). However, our 

analysis does not fully support the results obtained by Alves-Silva and coworkers (2010). 

There were 40 out of 71 Glossina transcripts that were confirmed to be differentially 

expressed in the salivary gland. This was followed by the accurate alignment of 

sequences and inference of phylogeny. Functional classification of differentially 

expressed EST sequences identified a number of biologically relevant transcripts that 

might be associated with blood feeding (Table 3.3) as well as a number of un-annotated 

EST clusters. For example, 36 EST sequences were predicted to belong to the multi-genic 

Glossina specific salivary secreted GE rich protein family.  

 

The salivary gland transcriptome of the tsetse fly encodes majority of housekeeping and 

secreted polypeptides including endonucleases, exonucleases, protease inhibitors Kunitz 

and serpin families. Alves-Silva and coworkers (2010) predicted an exhaustive list of 

sialoproteins encoded by Glossina. The endonuclease gene family consisting of Tsal 1 

and Tsal 2 was the most up regulated in the sialotranscriptome (Li et al., 2001; Van Den 

Abbeele et al., 2007). Alves-Silva and colleagues (2010) reported differential expression 

of nine full-length G. morsitans transcripts encoding endonucleases. This study identified 

18 transcripts encoding endonucleases that were differentially expressed, out of which 

nine have never been characterized. Consistent with previous work by Alves-Silva and 

colleagues (2010), a multiple sequence alignment of the active center region of C. pipiens 

quinquefasciatus endonuclease with G. morsitans morsitans transcripts showed the 

reactive center loop. A phylogenetic tree that was inferred from the alignment confirms 

previous suggestion that a gene duplication event probably led to these proteins (Alves-

Silva et al., 2010) (Figure 3.2 and Figure 3.3). For example, clade I in figure 3.3 has 
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100% bootstrap support for two gene families. Additionally, this clade contains 2 MCL 

clusters (Enright et al., 2002), MCL19 and MCL97 (attached to the taxon names), hence 

providing further support for 2 closely related gene families. Clade II contains taxons 

derived from the same cluster (MCL19). There is high bootstrap support for 3 related 

genes but includes in the same family ESTs (GMsg157b07.q1k MCL19 and 

GMsg154c10.q1k MCL19) with 9% amino acid divergence. Similarly, clade 3 has 100% 

bootstrap support but includes members with more than 10% amino acid divergence. 

 

Differentially expressed ESTs were further grouped into categories using gene ontology 

(GO) terms (refer to Figure 3.4). Saliva binding protein (47%) and enzyme catalytic 

activity (26%) molecular functions associated with salivary gland transcripts were over-

represented. Within the GO binding category, there is an over-representation of catalytic 

activity (GO:0003824) compared to binding (GO:0005488) and nucleic acid binding 

(GO:0003676). Most proteins associated with saliva are enzymes required for blood-meal 

and amino acid metabolism. The midgut is also important: quote some go enrichment for 

the midgut.  

3.4.2 Transcript quantification and its limitations 

Conceptually, ESTs correspond to the transcripts of protein-coding genes but not all 

ESTs encode proteins: mRNA has untranslated regions at both ends, and many ESTs do 

not actually correspond to genes. This can be partly attributed to by the error prone nature 

of ESTs, which are known to be highly fragmented, and because they are partial, they 

often account for only 60% of an organism’s genes. EST sequencing only provides partial 

coverage of the transcriptome, which in turn implies that a naive sampling process of the 

mRNA-transcripts would probably sample many identical transcripts of highly expressed 

genes and miss out on transcripts with low abundance. Difference in the abundances of a 

transcript among libraries can arise due to; firstly, the transcript can be constitutively 

expressed in all libraries hence differences in the abundance may be attributed to 

sampling errors. Second, these differences can reflect true biological fluctuation or 

cyclical differences of gene expression. 
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Cyclic variation in the EST frequencies can be used to infer gene expression levels and to 

build a gene's transcript profile. Additionally, comparison of EST frequencies between 

two or more libraries can identify transcripts that are differentially expressed between the 

tissues.  

3.4.3 Limitations of this study 

EST sequences are error prone and only represent a part of a gene. This analysis only 

gives an indication of genes that might be expressed at a particular time by the cell but 

the encoded proteins are post-translationally modified to be active or inactive. Hence, 

quantitative comparison of transcript expression may result in statistically significant but 

biologically meaningless results.  

3.4.4 Conclusion 

This study successfully identified transcripts differentially expressed in the salivary gland 

and midgut and provide candidate genes that are critical to response to parasite invasion. 

However, our analysis does not support published data of Alves-Silva and coworkers 

(2010) in that only 40 of the 71 Glossina transcripts were confirmed to be differentially 

expressed in the salivary gland. 
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Chapter 4 
Phylogenomic analysis of immunity-associated peptides 
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4.0 Abstract 
Background: Tsetse flies are the sole vectors of trypanosome parasites, the causative 

agents of Human African Trypanosomiasis (HAT) and Animal African Trypanosomiasis 

(AAT). Adult flies are obligate blood feeders that transmit the parasite following a blood 

meal. A certain proportion of these insect vectors are refractory to parasite infection. 

Their innate immunity affects trypanosome development and is a potential target of 

innovative trypanosomiasis control strategies. We investigated the utility of Glossina 

morsitans morsitans EST sequences for establishing evolutionary divergence within and 

between immunity-associated peptides from sequenced insect species, Aedes aegypti, 

Anopheles gambiae, Drosophila melanogaster and Culex pipiens quinquefasciatus. We 

hypothesized that immunity-associated peptides might have evolved under selection 

pressure imposed by the trypanosomes and are most likely involved in an evolutionary 

“arms race” (positive selection) or purifying selection, with the parasite.  

Methods: We collected 1,547 known insect immunity-related genes and gene families 

from the Immunology DataBase (http://cegg.unige.ch/Insecta/immunodb/) and from 

literature searches, and mapped them onto the tsetse fly transcriptome using Markov 

Chain clustering method as implemented in OrthoMCL. Furthermore, robust 

phylogenetic transcriptome analysis using a maximum likelihood-based approach was 

undertaken to highlight the degree of selection operating on the putative immunity related 

transcripts from Glossina morsitans. 

Results: Analysis of the tsetse fly transcriptome identified 190 putative immune related 

peptides. About 457 out of 1,547 annotated immunity genes clustered with tsetse fly 

transcripts to form 229 COGs. Overall, 318 transcripts were under selection out of which 

103 were tsetse fly transcripts.  

Conclusion: 

We predicted 190 previously uncharacterized tsetse fly transcripts that are likely 

associated with the innate immune responses to parasite invasion. One hundred and three 

tsetse fly transcripts were under selection tentatively because of the ever-changing 

pathogen and parasite challenge to which the organism must adapt. However, there is 

inadequate information that they evolve rapidly, or show signatures of adaptive 

evolution.  
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4.1 Introduction 
Adult tsetse flies are obligate blood feeders that transmit trypanosome parasites following 

a blood meal. A certain proportion of these insect vectors are refractory to trypanosome 

infection (Lehane et al., 2003). Their innate immunity affects trypanosome development 

and is a potential target of innovative trypanosomiasis control strategies. Furthermore, 

Lehane et al., (2004) provided experimental evidence that supports field observations that 

immune response in tsetse is pathogen specific.  

Phylogenies using ESTs are commonly being applied to answer evolutionary questions 

(Kullberg et al., 2007). Such studies are based on EST sequences and their orthologs 

from monophyletic species. These analyses are becoming a standard way to uncover past 

genome-wide events. Unlike amino acid sequences, ESTs contain a large number of 

characters that enable allow robust inference of organismal phylogeny (Hao et al., 2001; 

Geiger et al., 2007; Philippe et al., 2005; Rokas, 2006) although their use should be 

handled with caution. For example, Kuo et al., (2008) suggests that although genomic 

data can lower the level of noise in shorter molecular sequences, the large amount of 

associated character data can increase systematic biases (Phillips et al., 2004; Rodriguez-

Ezpeleta et al., 2007; Davalos and Perkins, 2008). 

Although the World Health Organization (WHO) demographic data indicate that tsetse 

fly transmitted Human African Trypanosomiasis (HAT) is on the decline, the disease has 

re-emerged at localized foci in Sub-Saharan Africa and poses a major public health crisis. 

There are no available vaccines and therapeutic drugs, such as, Pentamidine & Suramin 

(first stage treatment) and Melarsoprol & Eflornithine (second stage treatment) for 

control of parasite infections in the mammalian host are either less efficacious or 

extremely toxic. Furthermore, diagnosis and treatment of the disease requires specialized 

skills.  In contrast, control of the insect vector tsetse populations can effectively break the 

disease cycle Aksoy, (2003).  

The significant advancement of sophisticated computational tools and rigorous models of 

evolution (Kimura, 1980; Yang and Nielsen, 2000; Tamura et al., 2004; Tamura et al., 

2007; Yang, 2007) coupled with the availability of completely sequenced insect genomes 

(Figure 4.1) provides unique opportunities to investigate the effect of evolutionary forces 

on immune response genes that determinane vector competence, that is, the ability to 
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acquire the trypanosome parasite, nature it to maturation and transmit it to a mammalian 

host (Hao et al., 2001; Geiger et al., 2007). The extent and distribution of nucleotide 

diversity in peptides encoding immunity-associated proteins might provide insights into 

the evolutionary forces that dictate vector-to-parasite interactions and determine vectorial 

competence. Previous studies identified peptides that have an immuno-modulatory effect 

on trypanosome development in the fly, and therefore engage in an evolutionary “arms 

race” with the parasite (Hao et al., 2001; Aksoy, 2003; Geiger et al., 2007; Alves-Silva et 

al., 2010). Among the fastest evolving gene classes in insect genomes are immune 

response genes, partly due to the dynamic interplay between trypanosome parasite and 

host immunity leading to the fixation of new alleles (Hao et al., 2001; Aksoy, 2003; 

Geiger et al., 2007; Alves-Silva et al., 2010). Such events contribute towards the 

reduction of within species divergence while increasing interspecies divergence. 

Evolutionary patterns of sequence divergence were analyzed in tsetse fly ESTs, encoding 

immunity-associated proteins that are orthologous to experimentally validated immunity 

genes from Aedes aegypti, Anopheles gambiae, Drosophila melanogaster and Culex 

pipiens quinquefasciatus. 
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Figure 4.1. Phylogenetic relationships of completely sequenced insects genomes as of 

May 2011. It is anticipated that G. morsitans (Dipteran) genome will lie between the 

mosquito and fruit fly. Green represents fully sequenced genomes (more than 8x 

coverage), blue represents unfinished genomes, where the sequencing has not been 

completed (less than 8x coverage), (http://www2.bio.ku.dk/insect_genomics/project/). 

 

4.1.1 Insect Immunity-associated genes and gene families 
Insects have an elaborate mechanism for detection of parasites and pathogens and 

thereafter mount a concerted strategy to protect themselves using a plethora of inducible 

innate immunity-associated peptides. The molecular basis of these immune responses, 

many of which are shared among insects, have been investigated in great detail at the 

molecular level in Drosophila melanogaster (Gillespie et al., 1997; Tzou et al., 2002; 

Hoffmann, 2003; Hultmark, 2003; Brennan and Anderson, 2004; Lemaitre and 

Hoffmann, 2007). The first category of insect defense against infection is the behavioral 
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change to minimize infection while the second category of defense is the physical barrier 

to infection by the outer body wall, the cuticle and the endothelia Schmid-Hempel, 

(2005). The third category of defense is activated once the parasite or pathogen breaks 

the physical barriers to infection. This occurs if and only if the host recognizes the 

invading agents. The ensuing reaction cascade of insect immune defenses can be further 

compartmentalized into 3: the recognition, signal modulation, and effector systems 

(Figure 4.2). The compartment responsible for recognition of parasite and pathogen 

antigens consists of secreted protein molecules, such as peptidoglycan recognition 

proteins (PGRPs) and Gram-negative binding protein (GNBP) that act upstream of the 

Toll and Imd pathways via pattern recognition receptors (PRR). For example, recognition 

proteins involved in the sensing of gram-positive bacteria (PGRP-SA, PGRP-SD, and 

GNBP1), Glucan (GNBP3), and fungi respectively (Lemaitre et al., 2007). PGRPs 

modulate the immune system by scavenging on bacterial peptidoglycans (PGNs) and they 

are characterized by a 160 amino acid highly conserved PGRP domain. The C-type 

lectins (CTLs) are secreted, Ca+-dependent, sugar-binding proteins that mediate a variety 

of immune responses such as opsonisation, nodulation and melanization (Jomori and 

Natori, 1992; Yu and Kanost, 2000; Yu and Kanost, 2003). Scavenger Receptor (SCR) 

proteins contribute to host defense by their ability to recognize and bind both Gram 

negative and Gram-positive low-density lipoproteins such as lipopolysaccharide (LPS) 

and lipoteichoic acid (LTA) (Gough and Gordon, 2000; Gomes et al., 2009). There are 3 

main classes of SCRs based on the protein domain architecure: class A (Scavenger 

Receptor Cysteine-Rich (SRCR) domain): class B (CD36 domain) and class C 

(complement-control protein (CCP), MAM domain (Meprin A5 antigen and RPTP Mu) 

and somatomedin-B-like (BO) domain) (Christophides et al. 2002).  

Following antigen recognition, the signal for innate immunity is perceived and modulated 

by reaction cascades leading to activation of serine proteases and serine protease 

inhibitors (SERPINS). Additionally, CLIP domain serine proteases (CLIPs) activate Toll 

signaling cascades (for example, Persephone) and immune effector cascades (e.g. the 

phenoloxidase cascade) leading to eventual release of effectors that eliminate the 

invading antigens (Waterhouse et al., 2007; Tanaka et al., 2008). CLIPs are devided into 

5 groups A-E based on the presence or absence of the protease domain. CLIP-SPH 
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proteases are members of the CLIP protein family that contain a mutated CLIP domain 

while CLIP-SP consists of CLIP proteins with an intact domain (Yu and Kanost, 2000; 

Christophides et al., 2002; Yu and Kanost, 2003; Waterhouse et al., 2007). 

 

 
Figure 4.2. Components of the insect defense system.  

Recognition of parasite and pathogen antigens triggers a cascade of reactions that lead to 

elimination of the parasite or infection of the host (Schmid-Hempel, 2005). 

 

Serine protease inhibitors (SERPINS) are ubiquitous immunity related proteins found in 

all higher eukaryotes (Christophides et al., 2002; Dziarski, 2004; Waterhouse et al., 

2007). The secondary structure of SRPNs consists of about 350-400 amino acids with a 

flexible reactive center loop (RCL) located 30-40 residues from the C-terminal end 

(Gettins et al., 1992; Gettins, 2002a; Gettins, 2002b; Gettins and Olson, 2004). SERPINS 

are activated through cleavage when they bind to an active site of a protease. SRPNs have 

been implicated in the activation of the Toll signaling cascades (e.g. Persephone) and 

immune effector cascades (e.g. the phenoloxidase cascade) leading to eventual release of 

effectors that eliminate the invading antigens (Waterhouse et al., 2007; Tanaka et al., 

2008). D. melanogaster contains 3 welL studied SRPNs:Spn27A an inhibitor of 
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melanization, Spn43Ac controls the TOLL pathway and Spn4 which inhibits furin, a pro-

protein maturation enzyme (Christophides et al., 2002; Waterhouse et al., 2007).  

The 2 major players of cellular signaling in insects are the Toll and Imd pathways. Upon 

pathogen recognition, a cascade of reactions phosphorylates the TIR (Toll-interleukin 1-

Resistance) domain of the Toll receptor leading to the activation of transcription factors 

(TFs) that induce gene expression (Christophides et al., 2002; Hoffmann, 2003; Lemaitre 

and Hoffmann, 2007). The Toll and Imd pathways synergistically activate the expression 

of anti-microial peptides (AMPs) through the NFκB/Rel-related TFs, Dif and Relish, 

respectively, which in turn bind to NFκB response elements located in the promoter 

regions of AMP genes, thus promoting their transcription (Tanji et al., 2007; Hernandez-

Romano et al., 2008). 

 

4.1.2 Profile alignments 
The first step in the analysis of evolutionary history of organisms and genes is the 

generation of pair-wise or multiple sequence alignments (MSAs). This procedure 

becomes more challenging particularly when dealing with more divergent sequences 

(Brown et al., 2001; Smith et al., 2009). Several algorithms for MSA have been 

developed and benchmarked to generate accurate sequence alignments. The phylogenies 

built from MSA can be of two types, that is, either MSA based on model-corrected or 

MSA based on raw pair-wise distances (Hickson et al., 2000; Smith et al., 2009). These 

methods produce inaccurate phylogenies when aligning very divergent highly saturated 

sequences that may contain multiple mutations at the same site (Cammarano et al., 1999; 

Ogdenw and Rosenberg, 2006). The genetic code is degenerate whereby a single amino 

acid can be encoded by multiple codons. Consequently, it is preferable to align amino 

acid sequences rather than the corresponding DNA because it is more sensitivity at longer 

evolutionary distances and prevents the introduction of frame shifts into an alignment 

(Suyama et al., 2006). Codon-based DNA alignment methods (Stajich et al., 2002; 

Wernersson and Pedersen, 2003; Bininda-Emonds, 2005; Suyama et al., 2006) typically 

substitute each amino acid residue with its corresponding triplet nucleotide codon prior to 

MSA. These methods provide reliable alignments that circumvent this problem unless in 

ideal cases where the protein and the corresponding DNA match perfectly. The utility of 
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such codon alignments in DNA-based phylogenetic studies range from the assessment of 

the type (non-synonymous and synonymous) and rate (substitutions per site per year) of 

nucleotide substitutions in coding DNA to the identification of levels of selective forces 

acting on genes.  

In this study, multiple sequence alignment of functional classes of immunity-associated 

transcripts was performed using codon-based alignment method (Goldman & Yang, 

1994) implemented in the Molecular Evolutionary Genetics Analysis (MEGA) software 

version 5.0 (Tamura et al., 2007). MEGA allows uploading of input sequences, toggle 

them to amino acids, align the amino acids using in-built ClustalW functionality, then 

toggle back to nucleotides maintaining the amino acid alignment - which are now codons 

(see section 4.2.2). 

 

4.1.3 Evolutionary Concepts: Signatures of selection 
In a DNA-based MSA of orthologous genes, similarities and differences between them 

can be attributed to evolution. If the differences cause a change in the amino acid or a 

change in the encoded protein, then such a change is called a non-synonymous change. 

Nucleotide differences that do not alter the encoded amino acid arise due to the 

degeneracy of the genetic code. They are referred to as synonymous or silent changes. 

Enumeration of synonymous and non-synonymous nucleotide changes has to be 

normalized to take in to account the bias introduced due to the degenerate genetic code 

whereby certain mutations are more preferred than others. On average, only about 25% of 

the possible nucleotide changes are synonymous (Yang and Bielawski, 2000). 

Techniques for detecting signatures of selection are based on the observed phenomenon 

that non-synonymous nucleotide changes typically alter the encoded amino acid sequence 

and if they favor the fitness of an organism, then they become fixed at a faster rate than 

random synonymous substitutions that do not alter the encoded amino acid sequence 

(Poon et al., 2009). The Ka/Ks ratio (or ω, dN/dS) refers to the number of non-

synonymous substitutions per non-synonymous site (Ka) to the number of synonymous 

substitutions per synonymous site (Ks). This ratio has been used to identify the levels of 

selective forces acting on protein coding genes and it is normalized to account for cases 

where there is no selection, Ka/Ks = 1 (Hurst, 2002). Signatures of selection (Ka and Ks) 
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can be estimated using the following methods: approximate methods, counting methods 

and maximum-likelihood methods, (Yang and Bielawski, 2000). Briefly, three (3) basic 

steps are followed while using the approximate method: (i) Tally the number of Ka and 

Ks codon sites in the input sequences by multiplying sequence length by the proportion 

of Ka and Ks substitution; (ii) Tally the number of Ka and Ks substitutions; (iii) correct 

for multiple substitutions i.e. Ka and Ks values greater than 0.75 cannot be obtained due 

to the observation that random sequences match at 25% of their sites. The second method 

is called the counting method (Kosakovsky Pond and Frost, 2005). It entails counting 

inferred changes (Ka and Ks) at each codon site, fitting substitution rates at each site and 

finally, compute substitution rate for each codn. Yang and Bielawski, (2000), proposed 

more rigorous Maximum Likelihood techniques for analyzing Ka/Ks ratio whereby the 

final results are validated by performing a chi-square test to distinguish between H0 

(dN/dS = 1) and the observed results. 

Comparison of the relative abundance of synonymous (Ks or dS) and non-synonymous 

(Ka or dN) substitutions between homologous sequences is typically done by first 

estimating the number of synonymous (dS) and the number of non-synonymous (dN) 

substitutions per synonymous and non-synonymous sites, respectively. Subsequently, 

their respective statistical variances: Var (Ks or dS) and Var (Ka or dN) are calculated. 

Given the null hypothesis (H0) that dN = dS at 95 % level of significance, statistical 

hypothesis tests can be used to make inferences about selection as follows: 

(i) Test of neutral or no selection (dN/dS = 1): this scenario arises when synonymous 

and non-synonymous sites are evolving at equal rates, that is (i.e.), the ratio of 

synonymous (Ks) and the non-synonymous (Ka) substitutions equal to one (1). This is 

indicative of no selection or when both positive and purifying selection, in scenario (ii) 

and (iii) respectively, cancels each other out. 

(ii) Test of positive selection (dN/dS > 1): a dN/dS ratio greater than one (1) indicates 

positive “Darwinian selection”. This scenario arises when non-synonymous nucleotide 

substitutions give rise to amino acid changes that favor survival of the organism, i.e. non-

synonymous sites are evolving faster than synonymous sites. Such advantageous 

mutations become fixed at a faster rate than neutral mutations. 
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(iii) Test of purifying (stabilizing) selection  (dN/dS < 1): this scenario arises when the 

observed number of synonymous substitutions exceeds the number of non-synonymous 

substitutions, i.e. non-synonymous sites are evolving slower than synonymous sites. 

A major goal in this chapter is the identification and characterization of transcripts 

encoding immunity associated proteins that protect the tsetse fly vector from invasion and 

colonization by pathogens and parasites. Two key objectives arose from the overall goal 

outlined above: a) to identify those peptides that encode immunity related proteins that 

are responsible for vector competence and therefore, involved in co-evolutionary “arms 

race”; b) to test the hypothesis that immunity-associated peptides might have evolved 

under selection pressure imposed by the trypanosomes and that they are involved in co-

evolutionary adaptation (positive selection) or purifying/balancing selection and are 

responsible for vectorial competence of Glossina morsitans.  

 

In this chapter, we investigated the utility of ESTs for establishing evolutionary 

divergences within and between immunity-associated peptides from sequenced insect 

species, Aedes aegypti, Anopheles gambiae, Drosophila melanogaster and Culex pipiens 

quinquefasciatus. The identification of peptides encoding immune proteins is the first 

step towards determining their biological roles in this economically and medically 

important insect vector. Additionally, we predicted likely innate immune system 

transcripts that are involved in the response of the tsetse fly to pathogens, and their 

potential biological roles. Results for a variety of analyses conducted to obtain transcript 

counts for orthologous transcript pairs and transcripts under selection are discussed.  

The availability of tsetse fly transcriptome data together with the release of the draft 

genome has widened the scope of comparative genomic analysis including that of the 

immune system. The current work was leveraged by preliminary genome-wide analyses 

of the immune system repertoire involving 14 dipteran insect species: D. melanogaster 

(Tauszig et al., 2000; Irving et al., 2001); D. simulans, D. yakuba, D. persimilis, D. 

pseudoobscura, D. erecta, D. ananassae, D. willistoni, D. virilis, D. mojavensis, D. 

sechellia and D. grimshawi (Sackton et al., 2007), A. gambiae (Christophides et al., 2002) 

and A. aegypti (Nene et al., 2007; Waterhouse et al., 2007), the honey bee A. mellifera 

(Evans et al., 2006) and the silk worm, T. castaneum (Zou et al., 2007). 
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4.2 Materials and Methods 

4.2.1 Transcriptome-wide screening of immunity-related transcript  

Well annotated immunity-related genes and gene families from sequenced insect species, 

Aedes aegypti, Anopheles gambiae, Drosophila melanogaster and Culex pipiens 

quinquefasciatus, were retrieved from the Immunology DataBase 

(http://cegg.unige.ch/Insecta/immunodb/) (Waterhouse et al., 2007) and literature 

searches (Christophides et al., 2002; Alves-Silva et al., 2010). The following immune-

related genes and gene families represented the input data for our analysis: AMP (57 

sequences), APHAG (80), BGBP (28), CASP (48), CASPA (14), CAT (6), CLIP (242), 

CTL (153), FREP (180), GALE (40), IAP (23), IMDPATH (32), JAKSTAT (15), LYS 

(32), ML (70), PGRP (51), PPO (31), PRDX (85), REL (11), SCR (82), SOD (20), SPZ 

(28), SRPN (119), TEP (41), TOLL (39), TOLLPATH (20). Each of the above immunity-

related genes was clustered with 17,631 Glossina peptides using OrthoMCL version 1.4 

(see section 2.2.4 of chapter 2) to identify orthologous genes (Table 4.1).  

 

4.2.2 Sequence alignment and phylogenetic analysis  
Pairwise alignments of orthologous clusters of G. morsitans to known immunity-

associated genes and gene families was done using both nucleotide and amino acid 

sequences to generate in-frame codon alignments using EMBOSS’s TranAlign utility 

(Rice et al., 2000). 

In-frame codon alignments of orthologous clusters of G. morsitans to known immunity-

associated genes and gene families (Table 4.1) derived from A. aegypti, A. gambiae, D. 

melanogaster and C. pipiens quinquefasciatus were generated via the Clustal W package 

included in the MEGA software version 5.0 (Tamura et al., 2007) with default alignment 

parameter settings (Gonnet Series protein weight matrix, gap penalty of 15, gap length 

penalty of 6·66, delay Divergent Seqs 30 %). These alignments were manually edited 

then used as the input to generate Maximum Likelihood (ML), parsimony and neighbour-

joining (NJ) phylogenetic trees. MEGA supports both codon and amino acid alignments. 
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4.2.3 Substitution models 
In order to obtain accurate phylogenies, the most appropriate substitution model was 

estimated for each category of orthologs using Maximum Likelihood (ML) statistical 

methods. The best model was selected based on Akaike Information Criterion (AIC) 

(Akaike, 1974; Akaike, 1992) and Bayesian Information Criterion (BIC) (Schwarz, 1978) 

as implemented in MEGA version 5 (see Table S2.1 Appendix 2 for details of 

substitution models that were used for each category of immunity genes and gene 

families). Posada and Crandall (2001) recommended the use of both AIC and BIC over 

Likelihood Ratio Test (LRF) when selecting models that best describes sequence data. 

Briefly, models with the lowest BIC scores were selected.  For each model, AICc value 

(Akaike Information Criterion, corrected), ML value (lnL) and the number of parameters 

(including branch lengths) were also taken into consideration (Nei et al., 2002).  

4.2.4 Confidence limits on phylogenies 

ML trees were generated using the MEGA Phylogeny software version 5 followed by 

bootstrapping (Tamura et al., 2007). Initial trees were generated by a heuristic search 

using the Nearest Neighbor Interchange (NNI) tree swap algorithm with 100 replicates. 

For each category of immunity-related sequences, a bootstrap analysis with 500 replicates 

was performed to estimate support for clades (Efron, 1982; Felsenstein, 1985; Kumar et 

al., 2005). For each replication step, a bootstrap consensus tree was retained if it 

contained above 50 % bootstrap support for most branches. Topologies of trees generated 

by ML and MP methods were compared manually and if the topology did not vary with 

the method, then the tree was chosen as the best tree given the data.  

 

4.2.5 Estimating signatures of selection (Ka, Ks and Ka/Ks ratio) 
The Ka/Ks ratio (or ω, dN/dS) refers to the number of non-synonymous substitutions per 

non-synonymous site (Ka) to the number of synonymous substitutions per synonymous 

site (Ks). To test whether positive “Darwinian” selection was exerting on a sequence, a 

sliding window method was applied on a codon-based multiple sequence alignment in 

order to quantify the relative abundance of synonymous (dS) and non-synonymous (dN) 

substitutions per site and their variances: (dS) variance and (dN) variance were 
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calculated. Statistical hypothesis tests were then conducted using the Z-test of selection 

(Nei and Gojobori method) as implemented in MEGA version 5 (Tamura et al., 2007). In 

this analysis, the null hypothesis (H0) was assumed as dS = dN (neutral selection), while 

the alternative hypothesis (HA) was assumed to be dS≠dN (test neutral selection), dS < 

dN (test positive selection) and dS>dN (test purifying selection).  

The first and second (1st+2nd) codon positions were included in the analysis because 

they are less prone to saturation compared to the highly parsimonious third codon. 

Homoplasy is estimated to increase with time of divergence (Simmons et al., 2006). The 

Ka/Ks (or ω, dN/dS) ratios were calculated for each family of immunity-related genes. 

This method calculates the average ratio across all amino acid sites. 
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4.3 Results 

This chapter focused on the molecular evolution of tsetse fly candidate EST transcripts 

associated with immunity to trypanosome invasion. These transcripts were hypothesized 

as being under positive selection due to their perceived role in the host-pathogen immune 

system interaction. 

4.3.1 A profile of G. morsitans transcripts related to immunity 

The analysis entailed sequences that were orthologous to experimentally verified 

immune-related genes from the Immunology DataBase 

(http://cegg.unige.ch/Insecta/immunodb/) (Waterhouse et al., 2007) and literature 

searches.  

Following MCL clustering (Enright et al., 2002), 457 out of 1,547 known immunity 

genes clustered with tsetse fly transcripts to form 114 COGs. Each COG had at least one 

sequence derived from G. morsitans. The remaining 1,090 published immune-related 

genes possibly represent species-specific gene expansions in the mosquito and fruit fly 

(Waterhouse et. al., 2007). Furthermore, these genes may not be represented in the EST 

data set, even though they may be present in the mosquito and fruit fly genomes. The 

resulting 114 COGs were further grouped into 26 published immune-related gene 

families that can be broadly summarized as families involved in recognition, modulation, 

signal transduction and effector systems (Table 4.1). Based on the number of ORFs in the 

protein clusters, four out of 26 immune-related gene families (APHAG, CLIP, 

IMDPATH and PPO) represented expansions within Glossina and/or Drosophila when 

compared with mosquitoes (Table 4.1). The class of signal transduction immune peptides 

are void of gene duplications and conforms to reports by Waterhouse et. al. (2007). 

However, 34 Glossina transcripts were annotated as members of the IMDPATH class 

representing 6 times as many homologs as in Drosophila and mosquitoes (Table 4.1). 
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Table 4.1. Classes of published immunity-related genes and gene families.  

   

Class Family Tsetse Dmel Agam  Aaeg Cpip Total 

AMP  Anti-Microbial Peptides (AMPs) 3 5 3 5 2 18 
APHAG Autophagy Genes (APHAGs)  22 19 12 13 13 79 
BGBP  1,3-beta-D Glucan Binding Proteins 

(BGBPs) 
3 2 1 1 1 8 

CASP  Caspases (CASPs) 5 5 2 2 2 16 
CASPA Caspase Activators (CASPA) 1 1 0 0 0 2 
CAT  Catalases (CATs) 1 2 1 2 1 7 
CLIP  Clip-Domain Serine Proteases (CLIPs) 19 16 7 10 14 66 
CTL C-Type Lectins (CTLs) 9 5 3 2 3 22 
FREP  Fibrinogen-Related Proteins (FREPs) 7 5 0 0 0 12 
GALE  Galactoside-Binding Lectins (GALEs) 4 4 1 1 1 11 
IAP  Inhibitors of Apoptosis (IAPs) 4 4 2 2 2 14 
IMDPATH  IMD Pathway Members (IMDPATHs) 34 5 3 5 3 50 
JAKSTAT  Signal Transduction (JAKSTATs) 2 2 1 1 1 7 
LYS  Lysozymes (LYSs) 2 3 0 0 0 5 
ML  MD2-Like Receptors (MLs) 5 7 0 2 0 14 
PGRP  Peptidoglycan Recognition Proteins 

(PGRPs) 
2 4 0 0 0 6 

PRDX  Peroxidases (PRDXs) 10 17 18 13 12 70 
PPO  Prophenoloxidases (PPOs) 18 3 9 10 9 49 
REL  Relish-like Proteins (RELs) 2 2 1 2 2 9 
SCR Scavenger Receptors (SCRs) 9 9 7 7 9 41 
SOD Superoxide Dismutases (SODs) 3 3 0 0 0 6 
SPZ Spaetzle-like Proteins (SPZs) 3 2 0 3 2 10 
SRPN Serine Protease Inhibitors (SRPNs) 10 8 7 9 8 42 
TEP Thioester-Containing Proteins (TEPs) 1 8 10 7 8 34 
TOLL Toll-like Receptors (TOLLs) 8 8 9 9 7 41 
TOLLPATH Toll Pathway Members 

(TOLLPATHs) 
3 3 1 1 1 9 

Total  190 152 98 107 101 648 
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Figure 4.3. Classes of immunity-related transcripts.  

Over 60% of putative immunity-related transcripts are members of the IMD 

pathway responsible for signal transduction and recognition of Gram-negative 

bacteria (Christophides et al., 2002; Waterhouse et al., 2007).  

 

4.3.2 Signatures of Positive Selection 

This analysis entailed sequences that were orthologous to experimentally validated 

immune-related genes. From a data set of 1,547 validated immunity genes, only 457 were 

single-copy 1:1 orthologs of tsetse fly tsetse fly transcripts. Transcripts that exhibited a 

dN/dS ratio larger than 1 and a p-value for the Z-test below 0.05 were considered under 

positive selection. Overall, 318 genes were under positive selection and included 103 

tsetse fly transcripts (Table 4.2 and Figure 4.4). This observation is biologically relevant 

because if immune peptides are expected to counter trypanosome challenge, they are not 

expected to reach fixation but maintain the frequency of resistance at intermediate levels 

(Harris et al., 2010). These results suggest that positive selection has indeed played an 

important role in the evolution of transcripts encoding immunity-associated genes of G. 

morsitans. The 18 immune-related gene families that showed a strong signal for postive 
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selection were grouped as recognition, modulators, signal tranduction and effectors 

(Table 4.2 and Figure 4.3). 

 

Table 4.2. Results of codon based Z-test test of positive selection.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

* Nei-Gojobori method (Nei and Gojobori, 1986). 
Abbreviations: Dmel: Drosophila melanogaster;Agam: Anopheles gambiae; Aaeg: 
Aedes aegypti; Cpip: Culex pipiens; Gmm: Glossina morsitans morsitans. 
 

 

 

 

 

 

 

 

 

 

Number of sequences under positive selection  
                    (P-value < = 0.05)* Category Family 
Dmel Agam Aaeg Cpip Gmm Sum 

CTL 0 0 0 1 5 6 
FREP 1 0 0 0 3 4 
SCR 7 6 6 9 5 33 

Recognition 

TEP 2 2 0 0 0 4 
CLIP 4 4 0 4 10 22 
SPZ 0 0 1 0 3 4 

Modulation 

SRPN 4 0 1 0 4 10 
IAP 0 0 0 0 2 2 
IMDPATH 3 2 4 2 30 41 
ML 2 0 2 0 2 6 
TOLL 1 4 0 3 2 10 

Signaling 
 

TOLLPATH 3 1 1 1 2 8 
SOD 2 0 0 0 0 2 
AMP 3 2 4 1 0 10 
APHAG 19 11 12 12 20 74 
CASP 4 1 1 0 1 7 
PPO 2 1 2 1 11 17 
PRDX 17 16 11 11 3 58 

Effector 

SOD 2 0 0 0 0 2 
 Total 74 50 45 45 103 318 
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Figure 4.4. Bar graph: Estimates of selection. There was an elevated dN/dS ratios 

among transcripts encoding antimicrobial peptides. 

 

4.3.3 Antigen Recognition 
Insect antigen recognition mechanism consists of pattern recognition receptors (PRRs) 

that recognize and bind to pathogen-associated molecular patterns proteins (PAMPs) 

(Christophides et al., 2002; Schmid-Hempel, 2005; Waterhouse et al., 2007).  Apart from 

being receptors for signal transduction pathwasy, PRRs have multiple roles such as 

opsonization and initators of melanization and clotting cascades. The number of tsetse fly 

transcripts likely to be playing a role in recognition and their corresponding putative 

orthologues are listed in (Table S2.3, Appendix 2). We identified tsetse fly orthologs of 

PRRs belonging to 7 gene families: 

 

a)  Peptidoglycan Recognition Proteins (PGRPs)  

PGRPs are small proteins that bind to bacterial peptidoglycans (PGN) and activate insect 

immune responses (Christophides et al., 2002; Kim and Kim, 2005; Waterhouse et al., 

2007). This analysis identified orthologous relationship between G. morsitans and D. 

melanogaster PGRPs. Further, the tsetse fly homologs were annotated with SignalP-NN 

3.0 and TMHMM 2.0 (Bendtsen et al., 2004) to contain a secretion signal and 

transmembrane helices spanning the cellular membrane (Figure 4.5 and Figure SF2.6).   
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Figure 4.5. Subcellular localization of a tsetse fly transcript “cn1360”.  

This transcript is likely to be a PGRP-LC protein involved in pathogen 

recognition. 

A multiple sequence alignment of tsetse fly putative PGRP cluster was constructed using 

known PGRP sequences as a guide. The alignment was highly conserved and showed the 

cyteine pairing that is characteristic of all PGRPs (Christophides et al., 2002). A 

neighbor-joining tree (Figure 4.6, 4.17 and 4.18) (Saitou and Nei, 1987) was constructed 

from the alignment. Tsetse fly putative PGRP transcripts formed a distinct clade with D. 

melanogaster sequences thus supporting the OrthoMCL clustering procedure.  
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Figure 4.6. Neighbor joining phylogenetic tree of members of the PGRP proteins.  

Dm-LF underwent species-specific duplication and has no orthologs in mosquito.  

 

b) Fibrinogen-Related Proteins (FREPs):  

The FREP family, also known as fibrinogen-domain immuno-lectin (FBN), consists of 

pattern recognition receptors (PRRs) implicated in immune function (Wang et al., 2005; 

Dong and Dimopoulos, 2009; Alves-Silva et al., 2010). Members of this family contain a 

pathogen-binding fibrinogen-like (FBG) domain at their C-terminus for binding 

pathogens while the N-terminal sequence is involved in formation of FREP dimers that 

have increased specificity to the pathogens (Dong and Dimopoulos, 2009). Two clusters 

of FREP orthologs were identified between D. melanogaster and G. morsitans.  

Comparative sequence analysis of FREPs identified amino acid residues fixed in different 

positions along the conserved regions of the fibrinogen (FBG) domain. The sites included 

cysteine residues that form dimers through disulfide linkages while the aromatic tyrosine 

 

 

 

 



109 

and histidine form a funnel ligand-binding pocket for an acetyl group. These sites are 

conserved in most FBG domains of FREP proteins but diversity occurs in some FREPs 

(Figure 4.8) (Dong and Dimopoulos, 2009). Three major clades among the 12 FREP 

sequences are evident from the reconstructed tree (Figure 4.7). Flyb:FREP6, 

Flyb:FREP10 and Flyb:FREP12 formed strongly supported clades.  

 

 
Figure 4.7. Maximum Likelihood phylogenetic tree of FREPs.  

No orthologs were identified between tsetse fly and mosquito. 
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Figure 4.8. Multiple sequence alignment for FREP proteins. The alignment comprise of 

FBG domains of seven tsetse fly transcripts; 8 D. melanogaster FREP genes and 11 

members of the Pfam Fibrinogen domain (PF00147).  

Conserved sites are labeled; cysteine residues (blue arrows) that form dimers through 

disulfide linkages while the aromatic tyrosine (purple arrow) and Histidine (green 

arrow) form a funnel ligand-binding pocket for an acetyl group.  

 

c) C-Type Lectins (CTLs): CTLs are carbohydrate binding ca+- dependent proteins 

that play important roles in immunity such as opsonization, nodulation and melanization 

(Jomori and Natori, 1992; Yu and Kanost, 2000; Yu and Kanost, 2003). We identified 

nine tsetse fly transcripts with putative C-type lectin features. Transcript expression 

profile of these sequences shows that they are not specific to the salivary gland cDNA 

library (refer to Section 3.2.3 of chapter 3 and Table S2.2, Figure SF2.1, Appendix 2). 

Alves-Silva et al. (2010) identified two lectins from G. morsitans that were specifically 
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up regulated in the salivary gland tissue but only one “GM-591” clustered well with our 

data set. The best hit to G. morsitans lectin (“GM-591”) was “cn7518” with above 90% 

sequence identity. Based on the results from statistical analysis of the expression profile 

of the nine predicted CTLs, we suggest that GM-591 is not differentially expressed in the 

salivary gland but it is also expressed in the mid-gut. A multiple sequence alignment of 

members of this family identified the conserved cysteine residues that characterize CTL 

carbohydrate recognition domain (Figure 4.9).  

 

 
Figure 4.9. Multiple sequence alignment of C-type lectins.  

The alignment comprise putative G. morsitans c-type lectins with CTLs from A. 

aegypti, C. pipiens, A. gambiae and D. melanogaster. The blue arrow point at the 

conserved cysteine residues that characterize the carbohydrate recognition domain. 

 

d) Thioester-Containing Proteins (TEPs): TEPs protein family are made up of factors 

(C3, C4 and C5) involved in antigen recognition. We identified 3 distinct clusters of 

TEPs (Figure SF2.2, Appendix 2) with mosquitoes forming the largest cluster then the 

D. melanogaster specific cluster and finally a cluster between D. melnogaster and G. 

morsitans orthologs. There were no orthologs between tsetse fly and mosquitoes. One 

TEP ortholog was predicted between D. melanogaster and G. morsitans. This putative 

tsetse fly (“cn1115”) TEP consensus sequence consists of 22 EST sequences that are 

significantly over-represented in the salivary gland and fatbody libraries. Statistical 

testing of significance was done as described in section Section 3.2.3 of chapter 3. Our 

results support previous work that suggested that TEP family proteins underwent species-

specific expansion in insects (Waterhouse et al., 2007). 
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e) 1,3-beta-D Glucan Binding Proteins (BGBPs) 

We predicted three putative G. morsitans BGBPs that might be involved in recognition of 

bacteria. There was a 1:1 orthology relationship between tsetse fly, mosquitoe and fruit 

fly (Figure 4.10). Tsetse fly EST (“cn3679”) shared 1:1 orthologous relationship with 

fruit fly “DmGNBP1” that has been proved experimentally to be the co-receptor for 

Gram-positive bacteria along with PGRP-SA. 

 
Figure 4.10: Dendogram of 1,3-beta-D Glucan Binding Proteins.  

Tsetse sequences are indicated by cnXXXXX identifiers. Flyb:BGBP1 (DmGNBP1) has 

been proved experimentally to be the co-receptor for Gram-positive (Waterhouse et al., 

2007). 

f) Scavenger Receptors (SCRs) 

A large variation exists in the proportion of SCR orthologous relationship. We identified 

9 tsetse fly EST sequences, which were orthologous to mosquitoes and the fruit fly. 

Phylogenetic analysis classified 2 out of the 9 SCR-containing EST sequences with class 

A SCRs while the remaining were classified as class B (Figure SF2.3, Appendix 2). 

Although class C SCRs (SCRC) is specific for insects (Christophides et al. 2002), there 

were no predicted tsetse fly orthologs.  

g) Galactoside-Binding Lectins (GALEs) 

The tsetse fly transcriptome encodes 4 putative beta galactoside-binding lectins 

(galectins). There was a clear 1:1 orthology between fruit fly and G. morsitans galectins 

(Figure 4.11). There was a clear 1:1 ortholgous relatinship between G. morsitans and 

fruit fly and a further 1:1:1:1:1 relationship between tsetse fly, fruit fly and the 

mosquitoes. The clades are well supported with an average 90% bootstrap value. 
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Figure 4.11: Dendrogram of G. morsitans putative beta galactoside-binding lectins 

(galectins). There is a 1:1 ortholgous relatinship between G. morsitans and fruit fly and a 

further 1:1:1:1:1 relationship between tsetse fly, fruit fly and the mosquitoes. 

 

4.3.4 Signal modulation 
Signal modulation process coordinates both pathogen recognition and the effector 

molecules of the immune system. Modulation uses a range of protein families that in 

combination form species-specific regulatory modules. G. morsitans transcriptome 

encodes 31 putative modulation peptides that had orthologs with annotated members of 

CLIP-domain serine proteases (19 transcripts), Serine Protease Inhibitors, SRPN (10) and 

Spaetzle-like proteins, SPZ (3). The number of tsetse fly transcripts likely to be 

modulators and their corresponding putative orthologues are listed (Table S 2.4, appendix 

2). 

 

a) CLIP-domain serine proteases 

CLIPs activate the Toll signaling cascades (e.g. Persephone) and immune effector 

cascades (for example the phenoloxidase cascade) leading to eventual release of effectors 

that eliminate the invading antigens (Waterhouse et al., 2007; Tanaka et al., 2008).  

19 tsetse fly EST sequences were orthologous to annotated groups of CLIPs (CLIPA, 

CLIPB, CLIPD, CLIP-SP and CLIP-SPH) (Figure SF2.4, Appendix 2). We observed a 

clear 1:1 orthology relationship between D. melanogaster sequences with intact CLIP 
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domain (CLIP-SP) and the following tsetse ESTs: cn8256, cn15082 and GMsg23g12.q1k 

while cn4273 was homologous to a mutated fruit fly CLIP protein (CLIP-SPH). 

Three (“cn4273”, “cn8256”, “cn15082”) out of the 10 ESTs were significantly over-

represented in the fatbody cDNA library (P-value <0.05) while one (“GMsg23g12.q1k”) 

was up regulated in the salivary gland cDNA library.  

 

b) Serine Protease Inhibitors (SRPN)  

D. melanogaster contains 3 welL studied SRPNs:Spn27A an inhibitor of melanization, 

Spn43Ac controls the TOLL pathway and Spn4 which inhibits furin, a pro-protein 

maturation enzyme (Christophides et al., 2002; Waterhouse et al., 2007). This analysis 

identified 10 tsetse fly EST sequences that were orthologous to annotated SRPNs in 

mosquito and fruit fly genomes. Tsetse fly EST sequence derived from the reproductive 

cDNA library (“GMre-03f08.q1k”) was orthologous to the mosquitoes and the fruit fly 

with a clear 1:1:1:1:1 relationship shared with all the species (Figure SF2.5, Appendix 

2). 

c) Spaetzle-like proteins (SPZ) 

A transcriptome-wide screen for SPZ identified 3 tsetse fly EST sequences that were 

orthologous to D. melanogaster and A. aegypti and C. pipiens. A phylogenetic analysis 

recovered a 1:1:1:1 orthlogy relationship between tsetse fly (“cn13151”), fruit fly and 2 

mosquito species (A. aegypti and C. pipiens). There was no clear 1:1 orthology between 

tsetse fly (“cn15880”) and D. melanogaster (Fly:SPZ6) (Figure 4.12). 

 
Figure 4.12. Dendrogram of putative G. morsitans Spaetzle-like proteins. 
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4.3.5 Cellular signaling 
Cellular signaling of pathogen invasion is mediated by innate immune signal transduction 

pathways that act through immune molecules to relay information from signal 

recognition and modulation components to effectors that mediate intracellular activation 

of immune molecules such as peroxidases. The number of tsetse fly transcripts likely to 

be signaling component and their corresponding putative orthologues are listed (Table S 

2.5, appendix 2). 

The transcriptome of G. morsitans encodes 52 orthologs of members of the IMD pathway 

(IMDPATHs), Signal Transduction JAK-STAT pathway (JAKSTATs), MD2-Like 

Receptors (MLs), Relish-like Proteins (RELs), Inhibitors of Apoptosis (IAPs), Toll-like 

Receptors (TOLLs) and Toll Pathway Members (TOLLPATHs). These pathways have 

been implicated in insect immune signaling (De Gregorio et al., 2002; Brennan and 

Anderson, 2004; Dziarski, 2004; Kim and Kim, 2005; Hu and Aksoy, 2006; Tanji et al., 

2007; Obbard et al., 2009). The 2 major players of cellular signaling are the Toll and Imd 

pathways. Tanji et al., (2007) suggested that Toll and IMD pathways synergistic and 

might be cross-regulated. 

 

a) The Toll Pathway Members (TOLLPATHs) 

Transcriptome-wide screening of tsetse fly EST sequence data identified 3 orthologs to 

annotated TOLLPATHs. Three EST sequences were predicted to be members of the 

TOLLPATH. There was a clear 1:1 orthology between tsetse fly “cn5900” with D. 

melanogaster TOLLPATH5 (Flyb:TOLLPATH5) while “cn12871” was orthologous to 

Drosophila MyD88 (Flyb:TOLLPATH3). Tauszig-Delamasure et al. (2002) showed that 

MyD88 interacts with Toll through the TIR domain to activate expression of Drosomycin 

(Figure 4.13). 
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Figure 4.13: Dendrogram of putative G. morsitans Toll Pathway Members. 

 

b) Relish-like Proteins (RELs) 

REL transcription factors activate both the IMD and TOLL pathways through the 

NFκB/Rel-related transcription factors. We identified a 1:1:1:1:1 orthology between 

REL1 in all the species and tsetse fly “cn12921”. Contig “cn7095” was predicted to be 

orthologous to Drosophila REL2 family (Figure 4.14). 

 
Figure 4.14: Dendrogram of putative G. morsitans Relish-like Proteins alongside their 

annotated orthologs from A. aegypti (indicated by Aaeg:RELX),C. pipiens (Cpip:RELX), 

D. melanogaster (Flyb:RELX) and A. gambiae (Agam:RELX). CnXXXXX indicates 

tsetse fly EST sequences. There is a clear 1:1 orthology between tsetse fly RELs and the 

other insect species. 
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4.3.6 Effectors 
The effector stage of insect innate immunity consists of mechanisms (such as 

phagocytosis, antimicrobial peptides) that attack the parsite (pathogen) leading to its 

eventual elimination. Tsetse fly transcriptome screening identified 41 effector peptides 

that were orthologous to annotated insect effectors consisting of the following classes: 

Prophenoloxidases (PPOs), Lysozymes (LYSs),Peroxidases (PRDXs), Anti-Microbial 

Peptides (AMPs), Catalases (CATs), Caspases (CASPs), Autophagy Genes (APHAGs) 

and Superoxide Dismutases (SODs) (Table S2.6, Appendix 2). 

 

a) Anti-Microbial Peptides (AMPs) 

AMPs are immune effector molecules whose mode of action is by lysis of the bacterial 

cell wall. Transcriptome-wide screening of the tsetse fly data identified 3 AMPs that were 

orthologous to annotated insect AMPs. Phylogenetic analysis identified tsetse fly EST 

(“cn13310” and “cn14028”) cluster of Cecropins and Diptericin (“cn4890”). However, 

Hetru et al., (2003) documented additional AMP classes present in D. melanogaster, for 

example, metchnikowin, drosocin, defensin, diptericins, attacins, cecropins, and 

drosomycins (Figure 4.15). 

 

4.3.7 Evolutionary Distances of Tsetse Immunity-related Peptides 

In order to better understand the relationship between tsetse fly immunity 

associated transcript families to their counterparts (from A. aegypti, A. gambiae, 

D. melanogaster and C. pipiens quinquefasciatus) pair-wise and average between-

group Poisson-corrected nucleotide distances were calculated for each sequence 

category.  
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Figure 4.15: Dendrogram of putative G. morsitans a) Anti-Microbial Peptides alongside 

their annotated orthologs from A. aegypti (indicated by Aaeg:AMPX), C. pipiens 

(Cpip:AMPX), D. melanogaster (Flyb:AMPX) and A. gambiae (Agam:AMPX). 

CnXXXXX indicates tsetse fly EST sequences. The 3 clades correspond to classes of 

AMPs. 
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Figure 4.16. Sequence alignment of putative tsetse fly Peptidoglycan recognition protein 

(PGRP) alongside its orthologs from the fruitfly. Tsetse fly transcripts were homologous 

to both PGRP-L and PGRP-S from the fruit fly. Shown above at position 2990 are the 

conserved cysteine residues that are predicted to form disulfides to stabilize PGRP-S 

conformation in the presence of leukocyte granules or harsh extracellular conditions 

(Christophides et al., 2002; Dziarski, 2004). 

 

 
 

Figure 4.17. Dendrogram of  six PGRP protein family. The tree was inferred based on 

the Hasegawa-Kishino-Yano (HKY) model (Shimodaira et al., 1999) and a discrete 

Gamma distribution was used to model evolutionary rate differences among sites (5 

categories (+G, parameter = 200). The tree is drawn to scale, with branch lengths 

measured in the number of substitutions per site.  
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4.3.8 Discussion 

The dN/dS ratio is a measure of the magnitude of selection, where values >1 indicate 

positive selection. A possible explanation for the high proportion of genes under positive 

selection could partly be due to artifacts caused by the methods used to estimate the 

Ka/Ks (or ω, dN/dS) values (see section 4.3.9).  

EST sequences are error-prone. Sequencing errors can lead to high dN values and 

subsequently increase the significance level of the dN/dS test by elevating the number of 

non-synonymous mutations. However, such errors should also proportionally elevate 

synonymous mutations. Furthermore, increasing the number of sequences could also 

increase the accuracy and power of the test (Yang and Bielawski, 2000). 

In this study, evidence of different types of positive selection acting on tsetse fly putative 

immunity-associated transcripts was calculated using the ratio between non-synonymous 

and synonymous substitution rates. Between and within species comparison showed that 

32.4% (103 out of 318 sequences) of these tsetse fly transcripts evolve under positive 

selection, suggesting that they have an adaptive role. As predicted from previous studies 

(Christophides et al., 2002; Waterhouse et al., 2007), the 103 putative immunity-related 

transcripts under positive selection have a wide variety of functions (Figure 4.3, Table 

4.2, Table S2.3, S2.4, S2.5 and S2.6). 

Positive selection in transcripts that encode immunity-related genes might have several 

possible outcomes ranging from adaptation of the insect-vector to pathogen infection, the 

pathogen may escape the host immune response and this might lead to functional 

diversification of members of the encoded multi-gene families (Matute et al., 2008). 

Inter-species comparison of putative immune-related transcripts provided some insights 

into the evolution of tsetse fly innate immunity. Some of these transcripts encode genes 

involved in the escape from immune recognition, for example, PGRP,FREPs and CTLs 

(Table S2.3). However, this is just one aspect of the ability of the host to protect itself 

from pathogen invasion. The results of this study, and others (Christophides et al., 2002; 

Waterhouse et al., 2007), support the notion that many genes work in a concerted manner 

to form complex networks that comprise the molecular basis of vector competence, and 

that their evolution is shaped by natural selection. 
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4.3.9 Limitations of Ka/Ks analysis 
The use of Ka/Ks ratio as an estimator of selection has been criticized. First, evolutionary 

change occurs due to a change in protein structure and function that in turn is regulated 

by the transcription factors binding upstream of the gene to alter its expression. The 

Ka/Ks analysis limited to calculate selection within downstream coding regions of a 

gene. Furthermore, the method cannot detect neutral or balancing evolution if selection 

does not cause a change in the amino acid (Yang and Bielawski, 2000). The method lacks 

the power to distinguish between positive and negative non-synonymous substitutions, 

for example, a ratio of Ka/Ks=1 could imply neutral selection or when both positive and 

purifying selection cancels each other out. 

 

4.3.10  Conclusions 
This study provides a foundation and direction for future studies, which will focus on the 

immune responses in Glossina morsitans morsitans. Despite the advent of cheaper and 

faster sequencing technologies such as the Illumna, EST sequences generated through the 

Sanger method are still indispensable for genome sequencing projects and for gene 

discovery.   

Although the method used here to estimate positive selection has shortcomings (section 

4.3.9), the identification of positively selected transcripts, that are orthologous to 

experimentally validated genes, offers a good approach for understanding tsetse fly innate 

immunity. 

Comparison of the tsetse fly transcriptome and proteomes of 3 diptera Aedes aegypti, 

Anopheles gambiae and Culex pipiens identified both rapidly evolving and conserved 

features of insect innate immunity. The quality of EST sequences and the general absence 

of positive selection in these sequences make ESTs an attractive tool for phylogenetic 

analysis. The EST approach allows, at reasonable costs, a fast extension of data sampling 

from species outside the genome projects. 
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5.0 Abstract 

A public resource Glossina ESTMAP (“G-ESTMAP”) was developed for storing and 

analyzing EST data from G. morsitans and other insect species. The system consists of an 

Apache HTTP server with a MySQL relational database as the back-end and PHP, 

HTML and PERL as the front-end. Additionally, the web server offers alternative 

annotation procedures using Galaxy, a web based genome analysis tool. 

Using Galaxy, an open-source web-based pipeline framework, G-ESTMAP was 

developed to allow for interactive analysis of ESTs. Unlike published EST pipelines, G-

ESTMAP allows the user to upload data, design a customizable workflow and submits 

the job via the web. In addition, precomputed transcriptome analyses of genes responding 

to parasite invasion are accessible. 

The G-ESTMAP resource provides an automated comparative genomics pipeline to 

annotate and identify functional features, to organize data from the transcriptome-

sequencing project and provide easy access to annotation information. G-ESTMAP 

currently holds proteome clustering insect data obtained from 22,940 assembled Glossina 

transcripts that have been compared to insect proteomes and public resources such as 

GenBank NR database, KEGG and the Gene Ontology resource. G-ESTMAP 

additionally houses data from the following insects, Aedes aegypti, Anopheles gambiae, 

Apis mellifera, Tribolium castaneum, Drosophila melanogaster and Ixodes scapularis. 

Differentially expressed transcripts in Glossina are captured and easily accessible for data 

mining. R scripts and PERL code used in the differentially expression analysese are 

accessible from the server. A total of 18 immuno-related protein families curated from 

published data and sampled in the Glossina transcriptome are accessible from the server.  

Conclusion: Glossina ESTMAP is a web server for interactive analysis of expressed 

sequence tags that cater to the needs of scientists working on Glossina morsitans and 

related dipteran insect species. It is a web server for analysis and annotation of EST data 

from the Glossina morsitans genome project. Mining of these EST datasets is an 

important component to complement the Glossina genome sequencing project and 

additionally, as an alternative for low-cost gene discovery for research laboratories 

engaged in Trypanosomiasis research on othe African continent. 

The server is available at http://iggiweb.sanbi.ac.za/markw/Glossina/morsitans. 
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5.1 Introduction 

The transcriptome of an organism provides the natural index for organizing and 

understanding biological data. To date, over 69 million ESTs have been deposited in 

publicly available dbEST from over 1400 different species of eukaryotes. The advent of 

high-throughput sequencing technologies has further increased the volume of EST data. 

These ESTs have been used to complement genome sequencing projects or as an 

alternative for low-cost gene discovery. The challenge is to devise methods to efficiently 

and reliably extract meaningful biological information and make these tools accessible to 

biologists. 

 

In 2006, at the initiation of this research, sequencing of this haematophagous insect 

vector, Glossina morsitans, was done using EST sequences generated through the Sanger 

sequencing method. About 125,000 ESTs were generated from 11 cDNA libraries. These 

EST data has been stored in fragmented databases. For example, GeneDB (Hertz-Fowler 

et al., 2004;http://old.genedb.org/) stores sequence data and annotation analyses 

generated via computational pipelines while the sequencing center at the Sanger Institute 

handled the raw sequencing data. Through GeneDB, uses have access to routine blast hits 

as a means of annotating the Glossina transcripts. 

 

A number of databases have been developed to house EST data. They range from 

organism-specific to multi-species EST databases such as dbEST. To date, over 69 

million ESTs have been deposited in dbEST from over 1400 different species of 

eukaryotes. These ESTs have been used to complement genome sequencing projects or as 

an alternative for low-cost gene discovery. 

 

Several EST analysis pipelines have been developed to cope with the volume of EST data 

currently available in public resources. For example, ESTAP (Mao et al., 2003), 

ESTAnnotator (Hotz-Wagenblatt et al., 2003), EST pipeline system (Xu et al., 2003), 

PartiGene (Parkinson et al., 2004) and ParPEST (D'Agostino et al., 2005). They all 

implement automated EST annotation but require local installation of the latest versions 

of tools and databases.  
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In chapters two, three and four of this thesis the methods for computational prediction 

and functional annotation of the G. morsitans transcriptome were described. These 

automated computational methods are prone to error and hence the requirement in many 

genome projects for community-based annotation. Consequently, we developed an 

automated analysis pipeline (‘G-ESTMAP’) as a prototype to accelerate the effective 

analyses of ESTs. The prototype utilizes comparative genomic techniques such that the 

Glossina resource provides valuable functional annotation that improves on the limited 

BLAST descriptions available in Glossina genomic databases. 

 

5.2 Description 

G-ESTMAP contains information on about 125,000 ESTs that have been generated from 

11 cDNA libraries of Glossina morsitans morsitans. These ESTs were clustered using 

STACK (Christoffels et al., 2001) (Table 4.1). The web server currently holds 38,111 

transcripts and 22,940 ORFs, which have been compared to related insect proteomes and 

public resources such as GenBank NR database, KEGG and the Gene Ontology resource. 

Additionally, G-ESTMAP houses tsetse fly orthologous genes from the following insects, 

Aedes aegypti, Anopheles gambiae, Apis mellifera, Tribolium castaneum, Drosophila 

melanogaster and Ixodes scapularis.  

 

Several user interfaces were implemented - A query interface (Figure 5.1 and 5.2) allows 

the user to select consensus sequences (contigs) and or singletons from a specific library 

for example, the salivary gland cDNA library. Additionally, user can query G-ESTMAP 

using sequence identifiers such as GenBank accession IDs if interrogating data from 

sequenced insect genomes - Aedes aegypti, Anopheles gambiae, Apis mellifera, Tribolium 

castaneum, Drosophila melanogaster or use G. morsitans sequence IDs whose 

nomenclature was agreed upon by the International Glossina Genome Initiative such as 

cn4273 that is a contig from tsetse fly transcript data. Results for a given query ID will 

include predicted InterPro domains, GO terms and KEGG metabolic pathway 

information. Additionally, information of ortholog pairs is also included in the results. 
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The pipeline interface of G-ESTMAP allows a user to analyze EST data using the default 

pipeline or the user can design a custom workflow of analysis in a user-friendly “click-

and-Go” interface. A custom workflow involves choosing from a panel the appropriate 

analysis tools needed to answer the biological question being investigated (Figure 5.3). 

Views of the associated interface components are shown in Figure 5.1- 5.5. 

5.2.1 G-ESTMAP construction 

A public resource Glossina ESTMAP (“G-ESTMAP”) was developed for storing and 

analyzing EST data from G. morsitans and other insect species. The system consists of an 

Apache HTTP server with a MySQL relational database as the back-end and PHP, 

HTML and PERL as the front-end. Using Galaxy (Goecks et al., 2010) an open-source 

web-based pipeline framework, G-ESTMAP was developed to allow for interactive 

analysis of ESTs (Figure 5.4). Unlike published EST pipelines, G-ESTMAP allows the 

user to upload data, design a customizable workflow and submits the job via the web. In 

addition, precomputed transcriptome analyses of genes responding to parasite invasion 

are accessible. 

 

The main functionality of the G-ESTMAP server is implemented by a back-end EST 

annotation pipeline, whose procedures can be divided into the following steps: filtering, 

ortholog clustering, EST to genome mapping and functional Kyoto Encyclopedia of 

Genes and Genomes (KEGG) (Kanehisa et al., 2002) and Gene Ontology (GO) terms 

(Ashburner et al., 2000) annotation. Results from each step are stored in a MYSQL 

relational database from where they are retrieved for visualization in a genome browser 

(Figure 5.5). 

The overall EST data processing and functionality of an integrated EST database are 

illustrated in Figure 5.2.  
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Figure 5.1. Homepage and keyword search interface of G-ESTMAP.  

A user can enter a key word such as “endonclease” and the query results will be a 

descriptive output and sequence identifiers annotated for a transcript. 

 

 
 
Figure 5.2. Query and sequence retrieval interface.  

A user enters a sequence identifier and the query results will be a fasta formatted 

nucleotide or translated peptide. 
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Figure 5.3. Workflow interface.  
The user uploads data and then chooses the appropriate tool(s) from the left panel in a 

sequence that reflects the analysis steps to be performed. Then click submit to run the 

workflow. 

 
 
Figure 5.4. The Galaxy interface of G-ESTMAP.  

A user can choose the galaxy workflow , design a workflow and to run an analysis. 
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Figure 5.5. Gbrowse interface for data visualization. 
 
 

5.2.2 Utility and Discussion 

 
The G-ESTMAP resource provides an automated comparative genomics pipeline to 

annotate and identify functional features, to organize data from the transcriptome-

sequencing project and provide easy access to annotation information. G-ESTMAP 

currently holds proteome clustering insect data obtained from 22,940 assembled Glossina 

ORFs that have been compared to insect proteomes and public resources such as 

GenBank NR database, KEGG and the Gene Ontology resource. G-ESTMAP 

additionally house data from the following insects, Aedes aegypti, Anopheles gambiae, 

Apis mellifera, Tribolium castaneum, Drosophila melanogaster and Ixodes scapularis. 

Differentially expressed transcripts in Glossina are captured and easily accessible for data 

mining. R scripts and PERL code used in the differentially expression analysese are 

accessible from the server. A total of 18 immuno-related protein families curated from 

published data and sampled in the Glossina transcriptome are accessible from the server.  

 

Glossina ESTMAP is a web server for interactive analysis of expressed sequence tags 

that cater to the needs of scientists working on Glossina morsitans and related dipteran 

insect species. It is a web server for analysis and annotation of EST data from the 
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Glossina morsitans genome project. Mining of these EST datasets is an important 

component to complement the Glossina genome sequencing project and additionally, as 

an alternative for low-cost gene discovery for research laboratories engaged in 

Trypanosomiasis research on the African continent. 

 

5.2.3 Conclusion 

G-ESTMAP is a valuable resource for on-going genome annotation projects and for gene 

discovery. The incorporation of an easy-to use analysis pipeline is valuable for bench 

scientists and non-programmers. This web application is a repository that provides 

information for researchers working on sleeping sickness. Implementing an open-source 

web-based pipeline framework such as Galaxy ensured the development of an interactive 

resource for transcript analyses that could be customized. G-ESTMAP provides a central 

resource to share functional genomics information with the larger community working on 

insect-borne diseases. 
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Tsetse transmitted trypanosomiasis is a disease affecting humans and livestock in sub-

saharan Africa leading to economic and health problems. During a blood meal, the 

parasite traverses the tsetse midgut and salivary gland as part of its maturation. During 

this time, genes are switched on in the tsetse fly in response to the invading parasite. 

Several studies have shown that a certain proportion of tsetse flies are refractory to 

parasite infection (Lehane et al., 2003). Their innate immunity affects trypanosome 

development and is a potential target of innovative trypanosomiasis control strategies. 

The work described in this thesis aimed at using the transcriptome of Glossina morsitans 

to obtain a snapshot of the functions encoded by genome and to provide a better 

understanding of tsetse-related genes that are switched on in response to trypanosome 

infection. 

In the first section of this discussion, relevant finding about protein families encoded in 

the transcriptome and the percentage of shared functions between five sequenced insect 

genomes. The second section explores the use of statistical approaches to quantify the 

proportion of EST sequences that are differentially expressed. The third section of this 

general discussion focuses on immunity related genes and gene families that protect the 

insect vector against the trypanosome infection. The forth section addresses the 

challenges inherent in storing and manipulating EST data. Finally, the conclusions drawn 

from the preceding sections and the implications, potential application(s) and future 

research prospects are discussed in the fifth section.  

6.0 Evolution of protein families in Glossina morsitans morsitans 

Comparison of the transcriptome of G. morsitans and the proteomes of three sequenced 

mosquitoes and Drosophila melanogaster, which diverged at least 250-300 million years 

ago, revealed significant similarities and differences of the tsetse fly to the non-

haematophagous fruit fly (Grimaldi and Engel, 2004; Wyder et al., 2007; Zdobnov and 

Bork, 2007). In chapter two, the concept of bacterial “pan-genome” was extended to 

evaluate the tsetse transcriptome plasticity and demarcate the “dispensable” and the 

“core” transcriptome. Orthologs and paralogs were predicted in seven insect proteomes 

including Glossina. The conserved single-copy orthologs (9,282 ORFs) identified in this 

study represent the basic proteome needed for survival of Glossina. ORFs that were 
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shared between the seven insect species were predicted to be involved in “house-

keeping” functions. The almost full-length transcripts present in the single-copy 

orthologs provides a rich source of Glossina coding sequence that can be used to annotate 

a sequenced G.morsitans genome. 

In this study, 1,405 expressed transcripts were estimated to be specific to Glossina. Sixty-

three of these were secreted peptides. Dong et al. (2009) highlighted significant gene-

specific duplications of the fibrinogen-related proteins (FBN) that represent potential 

novel functions. Likewise, the discovery of tsetse-specific novel transcripts could lead to 

new vector control tools.  

GO annotation of Glossina-specific transcripts revealed enrichment of binding proteins 

(44%) such as odorant and pheromone binding proteins. A relatively high frequency of 

protein domains was observed in tsetse fly, for example, the DNA/RNA non-specific 

endonucleases, NAD (P)-binding domain and zinc-finger superfamily were duplicated in 

G.m. morsitans. The frequencies of these domains enable one to infer the mode of protein 

evolution, i.e. the tsetse fly genome has undergone domain duplication.  

GO annotation of Glossina-specific transcripts revealed enrichment of binding proteins 

(44%) such as odorant, pheromone binding proteins, proteases and cyclase-associated 

proteins. These functions are possibly associated with blood feeding. 

An attempt to model gene structures using 1:1 orthologs between Glossina and 

Drosophila yielded a small set of 25 putative structures. The reason of this observation 

could be explained by the large evolutionary distance between G.m. morsitans and 

Drosophila (which diverged approximately 250-300 million years). This restricted the use 

of orthology in predicting gene structures. Curwen et al. (2004) recommended that there 

is less confidence in EST-based gene builds. For example, ESTs have a variable sequence 

quality. They are prone to sequencing errors and they can be chimeric because of 

contamination of the Cdna libraries by genomic sequence. Finally, they are typically 400 

to 800 base pairs long and therefore they unlikely to cover an entire gene. The 

observation of Glossina transcripts that span two Drosophila genes suggests that Glossina 

exon-intron boundaries could be modified (see Figure 2.3 chapter 2). These observations 

albeit limited examples, has prompted a research project to investigate intron loss or gain 

within Glossina pending a sequenced genome.  
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6.1 Differential expression in Glossina morsitans transcriptome 

Several studies have used the relative abundance of an EST sequence to estimate gene 

expression levels in several species, for example, G. morsitans (Alves-Silva et al., 2010; 

Attardo et al., 2010), Schistosoma mansoni (Franco et al., 1997), mouse (Lord-Grignon et 

al., 2004), rice (Ewing et al., 1999) and Medicago truncatula (Journet et al., 2002). 

Alves-Silva et al. (2010) focused on the sialome of G. morsitans and identified over 250 

proteins essential for blood feeding, 59 of which were over-represented in the salivary 

gland library, suggesting tissue-specifc expression while Attardo et al. (2010), 

characterized 51 proteins specific to the reproductive EST library and were associated 

with the tsetse fly’s viviparous reproductive life.  

The goal of this chapter was to identify tsetse fly transcripts that showed tissue-specific 

differential expression patterns. Such patterns possibly reflect responses to an invading 

parasite whose maturation requires exposure to the salivary gland and midgut of the fly. 

Robust statistical tests employing a chi-square Goodness of fit test were applied to infer 

tissue specificity and constitutive expression of the transcripts.  

A chi-squared Goodness of fit test identified 1,894 contigs that were differentially 

expressed (p < 0.05 with Bonferonni correction), out of which 1,235 were 

overrepresented in single tissues. A set of 31 transcripts conflicted with observations 

from published data (Alves-Silva et al., 2010; Attardo et al., 2010). These 31 transcripts 

were previously estimated to be upregulated only in the salivary gland but our results 

showed that they were also expressed in other libraries.  

Furthermore, 18 tsetse fly transcripts encode proteins with sequence similarity to 

endonucleases out of which nine were previously identified in Glossina. These 18 

endonucleases were verified through identification of genetic signatures such as the 10 

amino acids that comprise the active centre region that interacts with the substrate. 

Functional annotation of the differentially expressed transcripts in salivary gland showed 

gene ontology enrichment for binding function (47%) and enzyme catalytic activity.  

Comparison of tsetse fly ESTs with data from literature mining identified about 1,663 

transcripts that were possibly associated with blood feeding. However, our analysis does 

not support published data of Alves-Silva and coworkers (2010) in that only 40 of the 71 

Glossina transcripts were confirmed to be differentially expressed in the salivary gland. 
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6.2 Phylogenomic analysis of immunity-associated peptides 
In chapter four of this thesis, we investigated the utility of Glossina morsitans morsitans 

EST sequences for establishing evolutionary divergence within and between immunity-

associated peptides from sequenced insect species, Aedes aegypti, Anopheles gambiae, 

Drosophila melanogaster and Culex pipiens quinquefasciatus. A major goal in chapter 

four was to identify and characterize transcripts encoding immunity-associated proteins.  

 

Based on the number of ORFs captured in the protein clusters, four out of the 26 

immune-related families represented expansions within Glossina and/or Drosophila. The 

class of signal transduction immune peptides are void of gene duplications. However, 34 

Glossina transcripts were annotated as members of the IMDPATH class representing 6 

times as many homologs as in Drosophila and mosquitoes. A total of 190 putative 

immune-related peptides were identified in the Glossina transcriptome data that were not 

previously reported. Annotation of nine putative C-type lectins suggest that a previously 

reported C-type lectin in Glossina (GM-591) is not differentially expressed in salivary 

gland (Alves-Silva et al., 2010; Attardo et al., 2010). Overall, 318 transcripts (103 tsetse 

transcripts) were under selection and represent 18 of the 26 gene families. Annotation of 

the tsetse transcripts present in the 18 immne-related families included confirmation of 

genetic-signatures from published data, phylogenetic reconstruction to verify the 

orthologous relationships and transcripts that were differentially expressed in certain 

Glossina tissues. 

Putative immune-related transcripts in Glossina were verified using genetic signatures of 

published 3-D structures. Species-specific expansions within Glossina could not be 

validated without mapping transcripts to a Glossina genome. Nonetheless, the Glossina 

transcripts annotated as part of the 18 immuno-related gene families represent a 

conservative estimate. These include 190 previously uncharacterized tsetse fly transcripts 

that are likely associated with the innate immune responses to parasite invasion. One 

hundred and three tsetse fly transcripts were under selection tentatively because of the 

ever-changing pathogen and parasite challenge to which the organism must adapt. 

However, there is inadequate information that they evolve rapidly, or show signatures of 

adaptive evolution.  
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The results of this study, and others, support the notion that many genes work in a 

concerted manner to form complex networks that comprise the molecular basis of vector 

competence, and that their evolution is shaped by natural selection.  

6.3 A web server for EST analysis and sequence mining 
Currently the only available genomics resource for Glossina is GeneDB (Hertz-Fowler et 

al., 2004) that allows browsing of annotated information for tsetse transcripts. In response 

to this limited functionality a public resource, Glossina ESTMAP (“G-ESTMAP”), was 

developed for storing and analyzing transcriptome data from G. morsitans and as a gene 

discovery tool for laboratories engaged in Trypanosomiasis research on the African 

continent. Implementing an open-source web-based pipeline framework such as Galaxy 

ensured the development of an interactive resource for transcript analyses that could be 

customized. G-ESTMAP provides a central resource to share functional genomics 

information with the larger community working on insect-borne diseases. 

 

Comparative analysis of Glossina transcripts with their homologues in other diptera 

species, Drosophila, A. gambiae, A. aegypti and C. pipiens provided insights about the 

conserved evolutionary processes. Some of these transcripts encode genes involved in the 

escape from immune recognition, for example, PGRP,FREPs and CTLs(Table S2.3). 

However, this is just one aspect of the ability of the host to protect itself from pathogen 

invasion. The results of this study, and others (Christophides et al., 2002; Waterhouse et 

al., 2007), support the notion that many genes work in a concerted manner to form 

complex networks that comprise the molecular basis of vector competence, and that their 

evolution is shaped by natural selection. 

 

We have demonstrated the use of statistical algorithm to estimate differential expression 

of EST sequences as a cost effective alternative to microarray technology. Current 

strategies to control the vector rely on use of traps or use of insecticides. Findings from 

this study will have a great impact on the existing control strategies. Knowledge of 

peptides related to host-parasite interactions and tsetse fly innate immunity is important 

for developing genetically modified flies that are refractory to parasite invasion and 

therefore do not transmit “sleeping sickness or nagana”. 
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This study has identified transcripts encoding previously uncharacterized functions. 

However, independent laboratory confirmation is needed. The outcome of the studies 

presented in this thesis will contribute towards improved understanding of the tsetse fly 

biology. We hope that identifying and cataloging these transcripts will provide others 

with an evolutionary framework for pursuing directed mutation experiments on the 

specific functional significance of the encoded genes. 

 

6.4 Future perspective 
Future research should be directed at improving the prediction of gene structures using 

ESTs. The method used to estimate positive selection of immunity-related transcripts has 

shortcomings (section 4.3.9) but we hope that the identification of positively selected 

transcripts, that are orthologous to experimentally validated genes, offers a good starting 

point for future research involving tsetse fly innate immunity. 

Additionally, the release of the full Glossina genome will improve computational 

predictions made in this thesis. 

The Sanger Institute undertook whole genome shotgun sequencing as part of the 

International Glossina Genomics Initiative (IGGI). A completely sequenced genome is 

not available for Glossina morsitans; hence, annotation has relied on available ESTs. 

However, EST datasets in this perspective are small and do not reveal the full gene set of 

an organism. The advent of new sequencing technologies, such as 454, Solexa and 

SOLiD has seen an explosion of new data (Bentley et al., 2008; Margulies et al., 2005; 

Valouev et al., 2008). This includes both cDNA data (RNA-seq) and whole genome 

sequences. These next-generation DNA sequencing platforms promise to revolutionize 

biological and biomedical research, by enabling comprehensive analysis of genomes and 

transcriptomes. However, there are high error rates and the reads are shorter. 

Additionally, there is a large volume of data generated that further creates a challenge for 

computational analysis.  

Over the past 1 year, Glossina sequence data is being generated using capillary 

sequencing, Illumina sequencing, RNA-seq and 454 sequencing technologies 

(http://trace.ncbi.nlm.nih.gov/Traces/sra/sra.cgi?study=ERP000179). However, these data 
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has not been released to the scientific community. Access to RNA-seq and short-read 

data will provide more comprehensive coverage of the transcriptome and assist with 

genome annotation. 
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Appendix 1 
 
Table S1.1 Distribution of InterPro domains. The table shows the top 19 expanded 

protein domain families. Column 1 represents the InterPro unique identifier assigned to 

each transcript, while column 2 represents the size of the protein family.  

 

InterPro ID Numberof domains Description 

IPR001604 1794 DNA/RNA non-specific endonuclease 

IPR020821 1425 Extracellular Endonuclease, subunit A 

IPR016040 199 NAD (P)-binding domain 

IPR012677 132 Nucleotide-binding, alpha-beta plait 

IPR001254 164 Peptidase S1/S6, chymotrypsin/Hap 

IPR018114 127 Peptidase S1/S6, chymotrypsin/Hap, active site 

IPR015943 148 WD40/YVTN repeat-like-containing domain 

IPR011992 148 EF-Hand type 

IPR017442 141 Serine/threonine-protein kinase-like domain 

IPR002290 123 Serine/threonine-protein kinase domain 

IPR007087 141 Zinc finger, C2H2-type 

IPR019781 137 WD40 repeat, subgroup 

IPR018247 137 EF-Hand 1, calcium-binding site 

IPR001680 137 WD40 repeat 

IPR000504 125 RNA recognition motif, RNP-1 

IPR000618 109 Insect cuticle protein 

IPR000719 108 Protein kinase, catalytic domain 

IPR015880 105 Zinc finger, C2H2-like 

NoIPR 9484 unintegrated 
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Figure SF1.1. Maximum Parsimony tree for putative secreted peptides. 

Tsetse fly transcripts containing signal peptides were aligned with members of the L71 

family of known signal peptides from D. melanogaster. The tree was generated using 

Paup version v.4.0 (Swofford, 2003).  
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Figure SF1.2. Maximum Likelihood tree for putative secreted peptides. 

The tree was generated to validate the MP tree (Figure SF1.2). Analysis was performed 

using MEGA 5 package (Tamura et al., 2011). 

   
Figure SF1.3. Mapping tsetse fly transcripts to D. melanogaster. 

The figure shows mapping results for percentage sequence identity and coverage. 

Mapping was done using est2genome EMBOSS package (Rice et al., 2000). 
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Appendix 2 
 

Table S2.1. Maximum Likelihood nucleotide substitution models.  

Models with the lowest BIC scores (Bayesian Information Criterion) and AIC (Akaike 

Information Criterion) were considered to describe the substitution pattern the best. Non-

uniformity of evolutionary rates among sites was modeled by using a discrete Gamma 

distribution (+G) with 5 rate categories and by assuming that a certain fraction of sites are 

evolutionarily invariable (+I). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Abbreviations: GTR: General Time Reversible; HKY: Hasegawa-Kishino-Yano; TN93: 
Tamura-Nei; T92: Tamura 3-parameter; K2: Kimura 2-parameter; JC: Jukes-Cantor 
 
 

 

 

Class Best Model BIC AICc lnL 
AMP K2+G+I 5794.24 5583.53 -2756.35 
APHAG GTR+G 12220.26 11130.59 -5400.34 
BGBP GTR+G 8923.14 8783.58 -4369.67 
CASP K2+G+I 10873.49 10669.87 -5302.69 
CASPA HKY 4230.95 4193.47 -2089.69 
CAT HKY+G 10330.95 10221.73 -5094.83 
CLIP GTR+G 50545.16 49430.45 -24578.53 
CTL T92+G 12986.04 12696.07 -6303.67 
FREP T92+G 6351.05 6215.85 -3084.72 
GALE TN93 9773.54 9631.55 -4793.67 
IAP JC+G 4238.80 4092.94 -2020.13 
IMDPATH TN93 9139.40 8517.08 -4153.45 
JAKSTAT T92 6707.34 6630.59 -3302.23 
LYS GTR+G 3247.39 3170.03 -1569.83 
ML JC 8232.46 8079.86 -4014.74 
PGRP HKY+G 4966.27 4889.40 -2431.63 
PRDX GTR+G 33310.93 32132.49 -15919.34 
PPO GTR+G 24265.60 23484.99 -11637.69 
REL K2 9604.54 9493.31 -4729.60 
SCR GTR+G 32015.23 31335.02 -15579.04 
SOD JC 4325.96 4276.88 -2129.39 
SPZ HKY+G 7731.75 7599.22 -3777.44 
SRPN GTR+G 45831.97 45110.81 -22465.04 
TEP GTR+G 73054.12 72402.30 -36127.04 
TOLL HKY+G 8224.24 7689.89 -3759.31 
TOLLPATH HKY 12479.73 12357.03 -6159.44 
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Clustering transcripts related to immunity 

Orthologous G. morsitans transcripts were assigned to immunity genes and gene families 

by interrogating data from the Immunology DataBase available at 

http://cegg.unige.ch/Insecta/immunodb/ (Waterhouse et al., 2007) and data derived from 

literature searches (Christophides et al., 2002; Alves-Silva et al., 2010). The results for 

orthology prediction and the number of tsetse fly transcripts likely to be associated with 

the parasite interaction through the innate immune system are presented in Table SF2.3 -

SF2.6. 

 

Antigen Recognition 

C-Type Lectins 
Table S2.2. Expression profile of putative C-Type lectins.  

The transcript expression profile is not tissue-specific. The predicted contigs were 

differentially expressed with high representation in the midgut and the salivary gland 

cDNA library (P-value<0.05). 
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Figure SF2.1: MP tree of predicted G. morsitans C-type lectins.  

The MP tree was generated resultsusing MEGA 5 package (Tamura et al., 2011) to 

validate MCL clustering (Enright et al., 2002). CnXXXX identifiers indict tsetse-fly 

sequences. 
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Figure SF2.2: ML tree for Thioester-Containing Proteins (TEPs).  

There is high bootstrap support for the existence of atleast 5 gene families. 

 

 
Figure SF2.3: MP tree for Scavenger Receptors (SCRs) proteins. 
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Category Signal modulation 

 

 
Figure SF2.4: ML tree CLIP-domain serine proteases. 

Tsetse fly transcripts are labeled in red. Tsetse sequences have more than 80% 

sequence divergence from fruitfly and mosquito CLIP-domain serine proteases. 
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Figure SF2.5: MP tree for Serine Protease Inhibitors (SRPN). 
Tsetse fly transcripts (GMre03f08.q1k, cn574, cn2784, cn6910 and cn2217) form single-

copy orthologs with mosquito and fruit fly sequences and are placed on the same clade. 
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Table S2.3. Transcripts encoding putative signal-recognition genes. 

The number of tsetse fly transcripts likely to be immunity-related and their corresponding 

putative orthologues identified by MCL clustering (Enright et al., 2002).  

 

Gene family Dmel Agam  Aaeg Cpip Tsetse Total 
RECOGNITION 

PGRP 
 PGRP-S 1 0 0 0 
 PGRP-LC 3 0 0 0 2 6 

FREP 7 5 0 0 0 12 
CTL 9 5 3 2 3 22 
TEP 1 8 10 7 8 34 
BGBP 3 2 1 1 1 8 
SCR 9 9 7 7 9 41 
GALE 4 4 1 1 1 11 
Total 37 33 22 18 24 134 
 
 
 
Table S2.4. Transcripts encoding putative signal-modulation genes. 
 
Gene family Dmel Agam  Aaeg Cpip Tsetse Total 

MODULATION 
CLIP  

i. CLIPA 0 2 1 1 
ii. CLIPB 0 4 8 12 
iii. CLIP-SP 14 0 0 0 
iv. CLIPD 0 1 1 1 
v. CLIP-SPH 2 0 0 0 

19 66 

SRPN  
i. SRPN 8 0 0 3 
ii. SRPN-INHIB 0 6 8 4 
iii. SRPN-nonINHIB 0 1 1 1 

10 42 

SPZ 3 2 0 3 2 10 
Total 27 16 19 25 31 118 
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Table S2.5. Transcripts encoding putative TOLL and IMD pathway genes. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
Table S2.6. Transcripts encoding putative effector molecules. 
 

EFFECTORS 
PPO 18 3 9 10 9 49 
LYSC 2 3 0 0 0 5 
PRDX 10 17 18 13 12 70 
AMP  

i. Defensin 1 2 4 1 
ii. Cecropin 4 0 0 0 
iii. Diptericin 0 1 1 1 

3 18 

CAT 5 5 2 2 2 16 
CASP 5 5 2 2 2 16 
APHAG 22 19 12 13 13 79 
SOD 3 3 0 0 0 6 
Total 70 58 48 42 41 259 
 
 
 

SIGNALING 
TOLL 8 8 9 9 7 41 
TOLLPATH 

i.  TRAF6 1 0 0 0 
ii.  MYD88 1 0 0 0 

iii.  TUBE 1 1 1 1 
3 9 

IMDPATH 
i. TAB2 1 0 0 0 
ii. IMD 1 0 0 0 
iii. IKKb 1 1 2 1 
iv. CASPAR 1 1 2 1 
v. IKKg 1 1 1 1 

34 50 

 IAP 4 2 2 2 4 14 
 REL  

i. REL1 1 1 2 2 
ii. REL2 1 0 0 0 2 9 

JAKSTAT 
i. STAT 1 0 0 0 
ii. Domeless 1 1 1 1 2 7 

ML 5 7 0 2 0 14 
Total 29 23 20 20 52 144 
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Figure SF2.6. Family alignment for the PGRP protein domain.  
The arrows are pointing towards tsetse fly transcripts likely to be associated with PGRP 
antigen recognition. A cysteine pairing conserved in almost all known PGRPs is 
highlighted in red. 

 
 
 
 
 

 

 

 

 

 

          *     *       PGRP conserved cysteine pairs 
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