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Horizontal gene transfer enables acquisition and dissemination of novel traits 

including antibiotic resistance and virulence among bacteria. Frequently such traits are 

gained through the acquisition of clusters of functionally related genes, often referred to 

as genomic islands (GIs). Quantifying horizontal flow of GIs and assessing their 

contributions to the emergence and evolution of novel metabolic traits in bacterial 

organisms are central to understanding the evolution of bacteria in general and the 

evolution of pathogenicity and antibiotic resistance in particular, a focus of this 

dissertation study.  Methods for GI detection have also evolved with advances in 

sequencing and bioinformatics, however, comprehensive assessment of these methods 

has been lacking. This motivated us to assess the performance of current methods for 

identifying islands on broad datasets of well-characterized bacterial genomes and 

synthetic genomes, and leverage this information to develop a novel approach that 

circumvents the limitations of the current state-of-the-art in GI detection. The main 

findings from our assessment studies were 1) the methods have complementary 

strengths, 2) a gene-clustering method utilizing codon usage bias as the discriminant 

criterion, namely, JS-CB, is most efficient in localizing genomic islands, specifically the 

well-studied SCCmec resistance island in methicillin resistant Staphylococcus aureus 

(MRSA) genomes, and 3) in general, the bottom up, gene by gene analysis methods, 

are inherently limited in their ability to decipher large structures such as GIs as single 

entities within bacterial genomes. We adapted a top-down approach based on recursive 



 

segmentation and agglomerative clustering and developed a GI prediction tool, GEMINI, 

which combined compositional features with segment context information to localize GIs 

in the Liverpool epidemic strain of Pseudomonas aeruginosa. Application of GEMINI to 

the genome of P. aeruginosa LESB58 demonstrated its ability to delineate 

experimentally verified GIs in the LESB58 genome. GEMINI identified several novel 

islands including pathogenicity islands and revealed the mosaic structure of several 

LESB58 harbored GIs. A new GI identification approach, CAFE, with broad applicability 

was developed. CAFE incorporates biological information encoded in a genome within 

the statistical framework of segmentation and clustering to more robustly localize GIs in 

the genome. CAFE identifies genomic islands lacking markers by virtue of their 

association with genomic islands with markers originating from the same source. This is 

made possible by performing marker enrichment and phyletic pattern analyses within 

the integrated framework of recursive segmentation and clustering. CAFE compared 

favorably with frequently used methods for genomic island detection on synthetic test 

datasets and on a test-set of known islands from 15 well-characterized bacterial 

species. These tools can be readily adapted for cataloging GIs in just sequenced, yet 

uncharacterized genomes. 
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CHAPTER 1 

BACKGROUND AND SIGNIFICANCE 

1.1 Introduction 

Bacteria are the earliest life forms on earth, which have dwelt on this planet for 

billions of years. Bacteria are also among the most diverse life forms that are capable of 

surviving in versatile environmental conditions. The diversity and the ability to proliferate 

under different conditions exhibits bacterial dynamism, particularly their inherent ability 

to rapidly evolve and adapt to changing environment. A number of evolutionary factors 

or mechanisms such as mutation, gene duplication, gene loss, chromosomal 

rearrangements etc. have previously been attributed to bacterial plasticity, in particularly 

in helping bacteria gain novel traits and thus adapt to changes in their ecological niches 

(1). Advances in genome sequencing enabled high-throughput analysis of hundreds of 

bacterial genomes that revealed the propensity of bacteria to transfer or disseminate 

metabolic traits across different lineages. Unlike vertical gene transfer where the 

transfer of genetic materials occurs from parents to offsprings through reproductive 

mechanisms, horizontal gene transfer (HGT) can occur between distantly related or 

unrelated organisms through transformation (uptake of naked DNA from environment), 

conjugation (through cell to cell contact mediated by plasmids), and transduction 

(through bacteriophages as vehicles of foreign DNAs) (2). The growing evidence from 

genome analyses has clearly established HGT as a major force driving bacterial 

evolution. Although HGT has also been reported in eukaryotes (3, 4), its extent and role 

in eukaryotic evolution remains still unclear. Often times, clusters of genes, called 

genomic islands (GI), are mobilized through this process. GIs are often categorized as 
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pathogenicity, resistance, symbiotic, and metabolic islands based on their functions, as 

they harbor virulence, resistance, symbiosis and metabolism associated genes 

respectively.  

 

1.2 Significance of Genomic Islands 

Until a few decades ago, the role of HGT in bacterial evolution was not fully 

appreciated or understood, although gene transfer was cited and discussed in different 

isolated contexts. The widespread emergence of multidrug resistant bacteria in the 

1950s indicated dissemination of resistance genes via HGT among these strains (5, 6). 

Emergence of resistance in some groups of bacteria to same antibiotics indicated that 

these traits were acquired horizontally rather than arising independently in different 

lineages simultaneously (5, 6). After whole genome sequences of several bacteria were 

made available in late 1990s and afterwards, phylogenetics and other genome-wide 

analyses revealed the profound impact of HGT on bacterial evolution (7). The HGT-

impact is particularly important in dramatically increasing the metabolic repertoire by 

mobilizing clusters of dozens or hundreds of functionally related genes (GIs) in single 

evolutionary events. GIs have been extensively investigated in the context of 

emergence of multidrug resistant (8) and hyper-virulent strains (9). . In addition, a 

number of studies in recent years have highlighted the role of GIs in conferring versatile 

metabolic traits to the microorganisms, including degradation of organic compounds 

(10), metal resistance (11), increase in competitiveness (9), adaptation to environment 

(12), and colonization of new habitat (13). 
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1.3 Features of Genomic Islands 

GIs can be distinguished from the vertically transmitted (core or backbone) 

genome of bacteria based on several features, including sequence composition, 

functional and structural features, and phylogenetic patterns. GIs may integrate at tRNA 

or tmRNA sites, and as a result, direct repeats may also be observed near the insertion 

sites (14). GIs may also possess genes that are associated with mobility, such as genes 

encoding transposase or integrase (14). Genes that are involved in recombination, such 

as resolvase and recombinase, may also be present in GIs (15). In addition, GIs often 

harbor mobile genetic elements such as insertion sequence or transposon (14). 

Because GIs arrive from different genomic contexts, they often display atypical 

sequence composition against the recipient genome background (14). Atypical 

sequence composition is assessed in terms of anomalous GC or dinucleotide 

composition (16), unusual codon usage bias (17), or atypical higher order oligomer 

composition (18). Another prominent characteristic of recently acquired GIs is their 

sporadic phylogenetic distribution. GIs or their genes may display unusual phyletic 

pattern, that is, absence from the genomes of close relatives of the GI harboring 

genome. On the other hand, unusually high similarity of a GI to a sequence in a distant 

taxon is indicative of its horizontal acquisition (19). Furthermore, genes of phage origin 

have frequently been observed in GIs (9). As some GIs may have phage origin, these 

should lack bacterial homologs (14). GIs may also be enriched in genes that lack 

homologs (orphan genes) or genes of unknown functions.  

Predicting GIs based on these features is not straightforward. GIs may not have 

all the aforementioned features, rather could be characterized by subsets of these 
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features (15). Long term resident GIs may have ameliorated to host genome 

composition, after being subjected to the host’s directional mutation pressure following 

acquisition, and are thus are difficult to identify based on composition (20). Ancient 

transfers may however be more reliably inferred through phylogenetic analysis (21). It is 

often tempting to reconstruct GI structure by examining a genome for GI specific 

markers, however, GI identifying markers may also degrade over time or may even get 

lost. Methods developed for identifying GIs often yields different sets of predicted GIs as 

they test different hypothesis (22). The methods may have complementary strengths 

and recent efforts have focused on combining different approaches to comprehensively 

catalog GIs in bacterial genomes and address several of the issues raised above (22).   

 

1.4 Approaches for Identification of Genomic Islands 

The importance of HGT in bacterial evolution in general and its relevance in 

public health in particular (e.g. dissemination of pathogenicity and drug resistance) have 

necessitated development of novel methods to quantify these evolutionary events and 

put this in the larger context of bacterial evolution. Because of the limitations of wet lab 

experimental methods in understanding evolutionary events, approaches for inferring or 

quantifying such events have come to rely on computational methods. Different 

computational methods have been developed and adapted to infer gene transfer 

events. These methods are mainly classified as phylogenetic and parametric 

approaches (23, 24). While phylogenetic methods look for genes with atypical phyletic 

distribution or search for phylogenetic signals not congruent with vertical gene transfer, 

parametric methods exploit the unusual compositional pattern of horizontally acquired 
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genes, such as atypical G+C composition or oligonucleotide composition or codon 

usage pattern, within a single genome to infer horizontal gene transfer events (25). As 

noted above, these classes of methods have complementary strengths and 

weaknesses, and therefore, as one would expect, a combination of these methods may 

offer the best solution to this problem. We briefly describe below these methods, 

specifically in the context of GI detection.  

GI detection methods search for long stretches of DNA with imprints of horizontal 

acquisition, which include functional or structural features typically associated with 

mobility or acquisition, aberrant composition and discordant phylogenies (21, 26, 27). 

Aberrant composition manifests as (oligo)nucleotide composition or codon usage 

pattern that stands against the genome background (17). On the other hand, discordant 

phylogenies manifest as phylogenies of genome components (e.g. genes or GIs) 

standing out against the species tree background. While several sophisticated 

mathematical and statistical methods including machine learning algorithms exploiting 

compositional biases have been developed in recent years (28), phylogeny based 

approaches have also gained power due to rapid expansion of sequence databases. 

Composition based methods for GI detection exploit the compositional disparities 

between the long-time resident native or ancestral genes and the recently acquired 

alien genes (18, 23, 26). Because horizontally acquired genes have evolved in genomic 

contexts different from that of the recipient organism, aberrant compositional patterns 

are searched for by these methods for cataloging the HGT events. Bottom up, gene by 

gene analysis methods, infer GIs by the presence of successive genes of anomalous 

composition at genomic locations (17). On the other hand, top-down methods perform 
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simultaneous analysis of multiple genes at genomic loci to localize large regions of 

atypical composition (23). Several composition based methods have been developed in 

recent years to quantify the presence of recently acquired genes in bacterial genomes 

(18, 26, 29, 30). These methods differ in conceptual approaches, discriminatory criteria 

and measures to quantify compositional differences.  

Unexpected high similarity between sequences representing distant taxa also 

gives an indication of horizontal acquisition. Recently acquired GIs are expected to 

share high sequence similarity with that of the donor organism. This approach can be 

easily implemented using sequence alignment methods such as BLAST that compares 

sequences of DNA or proteins against sequence databases. The simplicity of this 

approach, and user friendly, efficient programs, and ease in interpretation make this 

approach especially attractive for preliminary studies to identify genomic sequences 

with unusually high similarity in distant taxa. It is worthwhile to mention here that GIs 

tend to be enriched in genes lacking homologs. BLAST will return no “hits” to these 

genes. These scenarios can arise because of several reasons, e.g. a GI may have been 

acquired from a donor whose genome is yet not sequenced, or from yet unknown 

viruses. Viruses have bigger gene pool compared to bacterial world (31). Genomic 

segments acquired from viruses may lack orthologs in the bacterial domain.  

Among phylogenetic methods, one approach is to compare the phylogenetic 

trees of genes to the species tree. If a gene tree differs significantly from the species 

tree, the gene is inferred to have been acquired horizontally (32). GIs could then be 

inferred by positionally clustered genes with aberrant phylogenies. The other approach, 

phyletic pattern analysis, is based on examining the distribution of genes among close 
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relatives (27). This tree-independent method works on the premise that recently 

acquired genes or clusters of genes are likely absent in the close relatives of the 

recipient bacteria (27). Again sequence comparison methods such as BLAST can be 

utilized to identity genes with atypical distribution. GIs are inferred by positionally 

clustered genes with atypical phyletic distribution. Apart from BLAST, whole genome 

alignment based methods can also be used to identify clusters of genes that are very 

sparsely distributed even amongst close relatives. Currently Mauve (33), MUMer (34), 

IslandPick (27) as a part of IslandViewer package (22) and MobilomeFINDER (35) are 

being used to decipher GIs using this approach.  

Recently, composition based approaches have been complemented with marker 

gene information (22, 28). As mentioned above, GIs typically harbor a number of genes 

associated with mobility, integration and recombination. Presence of these genes in 

compositionally or phylogenetically atypical regions elevates the confidence over 

statistical predictions. 

 

1.5 Limitations of Current Approaches 

Most composition based methods are based on bottom up, gene by gene or 

moving window approach to delineate GIs (17, 18). Although strongly typical and 

strongly atypical genes (sequences within a moving window) are easily identified, 

compositional ambiguous (weakly typical and weakly atypical) genes that constitute a 

substantial portion of a genome are prone to be misclassified by these methods. This 

often results in GIs recovered in fragments or pieces, with a sizeable fraction 

misclassified, and thus an overestimation of GIs in the genomes of interest. These 
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methods may incur high false positives and false negatives. To address this problem, 

top down, genome segmentation based approach has been proposed in recent years. 

This allows simultaneous analysis of GI harbored genes─ both strongly and weakly 

atypical genes are analyzed together and thus the summary statistics is obtained for the 

entire GI span, which enables robust detection of GIs and their recovery as single 

segments (23). This is in contrast to finding several small fragments by bottom up 

methods (16). Bottom up methods estimate the atypicality of genes or DNA segments 

against the whole genome background, which may however provider weaker signals, if 

the genome is littered with large quantities of foreign genes (23). Gene clustering, or 

segment clustering post segmentation, has been proposed to circumvent this problem 

(17, 24). This allows genes or segments to be grouped based on their similarity to each 

other, and thus the genome backbone (native genome) is recovered by the largest 

cluster and the alien genome is identified by the genes or segments in the smaller 

clusters (17, 24). However, compositional atypicality may also arise for reasons other 

than HGT (36) (e.g. highly expressed genes display atypical composition), resulting in 

overestimation of GIs in bacterial genomes. Whereas a few methods, including those 

based on segmentation, use statistical significance thresholds, many other methods use 

arbitrary thresholds. These thresholds are difficult to interpret and may not achieve a 

desired trade-off in balancing sensitivity and specificity in detecting GIs. Although 

phylogenetic approach is often invoked to quantify gene transfer, the gene by gene 

analysis makes it difficult to reconstruct the GI structure. Paralogs of alien genes that 

have diverged significantly will lack homologs, similar to rapidly evolving alien genes. 

Phyletic pattern analysis is performed to bypass the vagaries of phylogenetic tree based 
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approach, however, this is sensitive to closely related genomes that are selected for this 

analysis. Furthermore, unusual phyletic pattern may arise due to lineage specific gene 

loss rather than gene gain. Above all, the success of this approach depends on the 

breadth and depth of sequence database. . 

Marker gene based approach may provide a conservative estimate of GIs. These 

methods may miss GIs that have integrated at sites other than tRNA or tmRNA genes, 

and also those GIs that have their identifying features or markers degraded or lost over 

the course of evolution. This approach also requires correct annotation of marker 

genes. As more GIs are cataloged and more information about GI related genes is 

made available, this approach can become even more useful. 

The challenge is to overcome the above-mentioned limitations to catalog GIs with 

increased sensitively and with a greater precision. A way forward is to combine the 

complementary strengths of different classes of methods, without accumulating the 

pitfalls of individual approaches. We present in successive chapters our conceptual 

framework and hypotheses to achieve this goal.  

 

1.6 Focus and Organization of the Dissertation 

The overarching goal of this dissertation is to develop a robust approach to GI 

detection in order to understand the contribution of GIs to the evolution of pathogenic 

and antibiotic resistant bacteria. Although bacteria can evolve through several 

mechanisms including mutation, duplication, inversion, translocation, or gene loss, we 

posit that acquisition of foreign genes or GIs is one of most important factors driving 

bacterial evolution. The emergence of multidrug resistant and pathogenic bacteria has 
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necessitated further studies on mechanisms of evolution and rapid dissemination of 

resistance and virulence among pathogens. We began with currently available GI 

prediction methods to study pathogens with completely sequenced genomes. Based on 

our findings from the application of current GI detection methods on well-characterized 

genomes, we developed a novel approach for predicting GIs and understanding their 

contribution in bacterial evolution.  

One of the main goals of this dissertation is to identify antibiotic-resistance 

islands in bacteria. Methicillin resistance in Staphylococcus aureus is known to be 

caused by acquisition of SCCmec island carrying the mecA resistance gene (8). 

However, this island has not been identified in all methicillin resistant Staphylococcus 

aureus (MRSA) genomes. In Chapter 2, we explore the potential of current methods in 

predicting GIs in both hospital and community associated MRSA genomes, especially in 

delineating SCCmec and other resistance islands. We compared eight currently used GI 

prediction methods and assessed their potential in detecting known GIs and elucidating 

novel GIs in both hospital and community associated MRSA genomes. This study is 

thus helpful in augmenting our understanding of the genetic mechanisms by which 

methicillin and other drug resistance factors have evolved in MRSA genomes.  

In Chapter 3, we explore the use of GI prediction tools in determining novel GIs 

in the Liverpool epidemic strain of Pseudomonas aeruginosa, P. aeruginosa LESB58, 

which is a hypervirulent and multidrug resistant strain. Although some GIs were 

previously identified in this strain (9), the contribution of HGT in making this strain highly 

morbid was not completely understood. We adapted a segmentation and clustering 

method, which led to development of a new GI prediction tool, GEMINI, to identify GIs in 
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the LESB58 genome. We further used GEMINI in inferring the core and accessory 

genome of this pathogen. GEMINI unraveled the mosaic nature of GIs, with sequences 

acquired from different sources at a genomic locus. By discerning the underlying mosaic 

structure of these islands, GEMINI helped in identification of distinct donors of these 

islands.  

In Chapter 4, we propose a new method for identifying GIs in bacterial genomes. 

The new GI prediction method is based on sequence composition, presence of GI-

specific marker genes, and phyletic distribution of genes. We hypothesized that islands 

lacking marker genes could be identified based on their association with GIs harboring 

marker genes if they have originated from the same donor source. Our proposed 

integrative approach combine GI-specific complementary information within a statistical 

framework to advance the current state of art in GI prediction tools. 

In our last chapter, Chapter 5, we discuss major findings and conclusions of this 

dissertation. We further expand on how the methods for GI detection, including ours , 

can be improved. We also delve into the potential of Markov models in identifying the 

donors of the GIs and thus constructing a network of gene transfers in bacteria.  
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CHAPTER 2 

DECIPHERING PATHOGENICITY AND ANTIBIOTIC RESISTANCE ISLANDS IN 

METHICILLIN-RESISTANT Staphylococcus aureus GENOMES* 

2.1 Introduction 

Staphylococcus aureus is a Gram-positive coccus and an important human 

pathogen responsible for nosocomial and community-acquired infections. It colonizes 

mucous membranes and skin, and can survive even in harsh environmental conditions. 

Earlier treatment options for S. aureus infections included penicillin G. However, an 

increase in the emergence of strains resistant to methicillin made treatment very difficult 

for S. aureus infections (8, 37, 38, 39, 40, 41). These methicillin resistant S. aureus 

(MRSA) strains have since become resistant to other antibiotics including macrolides, 

lincosamides and all beta-lactams. More recently, multi-drug-resistant MRSA strains 

have acquired resistance against vancomycin (42, 43). 

Acquisitions of drug resistance factors are facilitated by horizontal transfer of 

plasmids, transposons and other mobile genetic elements. For example, the resistance 

to methicillin was gained by the acquisition of an ‘island’ of genes, namely the 

staphylococcal chromosome cassette methicillin-resistance (SCCmec) island. SCCmec 

carries the PBP2a-encoding mecA gene, which is responsible for methicillin resistance. 

Several studies have, therefore, focused on identifying these genomic islands (GIs) to 

understand the underlying mechanisms of the emergence of complex antibiotic 

resistance patterns mediated by horizontal gene transfer (HGT) (39). These islands and 

* This chapter is reproduced from from Jani, M., Sengupta, S., Hu, K., & Azad, R. K. (2017). Deciphering
pathogenicity and antibiotic resistance islands in methicillin-resistant Staphylococcus aureus genomes. 
Open Biology, 7(12), 170094. Authors retain copyright. 
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the other mobile genetic elements such as phages, transposons and chromosomal 

cassettes together constitute the auxiliary or accessory genome of S. aureus. The core 

genome has previously been reported to be composed of approximately 95% or more of 

all S. aureus genes (44); recent studies have revealed recombination hotspots for 

mobile elements even within the S. aureus core genome (45). The S. aureus genome 

backbone is composed of genes present in all or most S. aureus strains, whereas the 

accessory genome harbors genes that are unique to a strain or are present in only a 

few strains and are likely a consequence of acquisitions from distantly related or 

unrelated organisms through HGT. Besides helping gain resistance to antibiotics, 

foreign genes have also aided S. aureus in causing infections and proliferating in a 

community setting. For example, the acquisition of Panton –Valentine leucocidin gene 

by MRSA has given rise to community-acquired MRSA (CA-MRSA) (37, 38). Although 

S. aureus has traditionally been classified as a nosocomial agent and was believed to 

cause only hospital-associated infections, the cases of CA-MRSA infection have been 

increasing owing to the emergence of new CA-MRSA strains as a consequence of HGT 

(42, 46).  

Quantifying resistance and virulence-associated GIs is central to understanding 

the emergence and evolution of hospital-associated (HA) and CA-MRSA strains. In our 

quest for a robust method for GI detection in MRSA among the currently available GI 

detection methods, we first assessed their ability to detect known islands in MRSA. The 

methods displayed varying levels of sensitivity in identifying the known GIs in MRSA, 

with none found satisfactory in localizing the SCCmec resistance island. We therefore 

explored an information-entropy-based gene clustering method that uses codon usage 
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bias to identify genes originating from different sources (17). Although a bottom-up 

approach (i.e. gene-by-gene analysis) and not usually recommended for detecting large 

acquisitions, it displayed remarkable success in localizing resistance and other known 

islands in MRSA in comparison with the existing methods. This is a significant 

development as more robust detection of MRSA GIs is a precursor to an effective 

downstream analysis for understanding the emergence and evolution of MRSA strains 

through GI acquisition. In what follows, we briefly describe the methods used in this 

study, discuss their performance on localization of known GIs in a representative set of 

HA- and CA-MRSA genomes, highlight our novel predictions, and conclude with 

remarks on the impact of this study and future directions. 

 

2.2 Materials and Methods 

2.2.1 Methicillin-Resistant Staphylococcus aureus Genomes 

The complete genome sequences and gene coordinates for 22 HA- and 9 CA-

MRSA strains were obtained from GenBank (https://www.ncbi.nlm.nih.gov/genbank/). 

We referred to the previous studies to compile a high confidence set of known MRSA 

GIs (40, 47, 48). The coordinates of known MRSA GIs, their codon and GC features, 

and supporting evidence from the corresponding studies are given in Table 2.1 and the 

Supplementary Tables 1 and 2.
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Table 2.1. Coordinates of known GIs in the genomes of the five MRSA strains and the corresponding JS-CB predicted GI coordinates.  

Island 
USA300 MW2 N315 Mu50 COL 

Known Predicted Known Predicted Known Predicted Known Predicted Known Predicted 

SCCmec 34173 - 
57914 

34513 – 
113460 

34150 –  
58278 

34490 –  
87067 

34158 –  
87119 

33692 - 
111612 

34158 –  
87085 

34455 - 
107910 

34173 –  
68085 

34375 –  
51600 

ACME 57915 - 
88900 

34513 – 
113460 - - - - - - - - 

νSaα 441501 - 
473470 

441501 – 
479066 

416307 - 
452099 

416307 - 
440048 

436162 - 
466813 

436159 - 
467952 

461919 - 
491326 

477065 - 
492473 

465424 - 
489723 

451796 - 
476971 

SaPI-5 881835 - 
895807 

843347 – 
898530 - - - - - - - - 

φSa2 1545912 - 
1592050 

1557369 – 
1606675 

1529123 - 
1575042 

1540580 - 
1589663 - - - - - - 

νSaβ 1924777 - 
1959376 

1930682 – 
1936843 

1890800 - 
1922552 

1895586 - 
1901747 

1854608 - 
1881615 - 1932523 - 

1961464 - 1902466 - 
1938731 

1909272 - 
1914665 

φSa3 2084658 - 
2127720 

2096778 - 
2138923 

2046205 - 
2088820 

2058798 - 
2100838 

2005321 - 
2049591 

2018761 - 
2072272 

2083238 - 
2126304 

2095697 - 
2148702 - - 

νSa4 
Δ2136710 - 
2139851 

2096778 - 
2138923 

Δ2097809 - 
2100950 

2058798 - 
2100838 

2056679 - 
2072358 

2018761 - 
2072272 

2133235 - 
2148912 

2095697 - 
2148702 

Δ2072899 - 
2076041 

2063728 - 
2075113 

νSaγ 1149668 - 
1169542 - 1133469 - 

1153549 - 1132235 - 
1153775 - 1208629 - 

1230219 - 1173206 - 
1193358 - 

φSa1 - - - - - - 917453 - 
962005 

916042 - 
981803 - - 

νSa3 - - 839358 - 
853808 

827901 - 
856739 - - 868373 - 

882872 
868462 - 
886899 - - 

φCOL - - - - - - - - 354674 - 
398267 

315294 - 
377918 

νSa1 - - - - - - - - 903332 - 
919283 

873009 - 
922004 

Coordinates of known GIs in MRSA strains (40, 47, 48) and coordinates of the corresponding JS-CB predicted GIs in the MRSA genomes are indicated in base pairs (bp). Δ-Remnant GI (40); 
MSA-Multiple sequence alignment
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2.2.2 Genomic Island Detection Methods 

We used the following GI prediction methods at their default parameter setting 

unless mentioned otherwise 

· Alien_Hunter 

Interpolated variable order motifs (IVOM) (18) or Alien_Hunter uses an 

interpolated Markov model accounting for variable order motifs to assess the 

compositional difference between a region within a moving window and the genome. 

Compositionally atypical regions are identified as GIs. 

· PredictBias 

PredictBias examines genomic regions within a moving window and annotates 

successive ORFs with atypical codon usage bias and either atypical GC composition or 

dinucleotide composition as GIs (49). PredictBias also examines the presence of 

virulence-associated genes within clusters of eight contiguous ORFs; if four of these 

genes have significant BLAST hits in the virulence factor database (VFDB), the cluster 

is an annotated GI even if it does not display atypicality in dinucleotide or codon usage 

bias. 

· SeqWord 

SeqWord uses oligonucleotide usage (OU) patterns to assess compositional 

differences in the genome (50). Genomic islands are identified as compositionally 

divergent regions based on local and global OU patterns. 

· IslandViewer 

This integrated visualization tool provides predictions from three programs, 

IslandPath-DIMOB, SIGI-HMM, and IslandPick along with the visualization of GIs (22).  
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· Zisland Explorer 

This program uses cumulative GC profile to segment the genome first, assesses 

the GC heterogeneity to exclude the core (vertically inherited) segments, and finally 

uses the codon usage bias to identify putative GIs (26). 

· GIHunter 

Genomic Island Hunter (GIHunter) (28) uses a decision tree to identify GIs. It 

builds a GI/non-GI gene classifier using the dataset of known GIs and non-GIs. GI 

features, such as sequence composition, presence of mobility genes and integration 

sites, are used as classification features. 

· MSGIP 

Mean Shift Genomic Island Predictor (MSGIP) is a clustering method based on 

mean shift algorithm, a non-parametric method that calculates mean shift vector and 

moves the density estimation window in the direction of local density maxima, until the 

convergence is reached (30). Following clustering, MSGIP identifies GIs as clusters of 

atypical windows with length not exceeding 200 kbp. 

· Genome Mining Tool (GEMINI) 

GEMINI is a genome-mining tool based on a recursive segmentation and 

clustering procedure (19). GEMINI segments a genome recursively into compositionally 

homogeneous segments within a statistical hypothesis testing framework and then 

groups similar segments within the same framework. Additionally, GEMINI exploits 

segment context information to achieve more robust clustering. Potentially, vertically 

inherited or native segments representing the genome backbone are identified by the 

largest cluster harbouring segments of ‘typical’ composition. Segments of ‘atypical’ 
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composition, representing putative horizontally acquired DNAs, are assigned to the 

numerous smaller clusters each representing a likely donor source. Large atypical 

segments, 8 kbp or more in size, are predicted as GIs. 

· Gene Clustering (JS-CB) 

JS-CB is a gene clustering method for identifying putative horizontally acquired 

genes (17). Although not designed specifically to detect GIs, we tested its ability to 

identify GI-borne genes in MRSA genomes. Briefly, JS-CB uses Jensen –Shannon (JS) 

divergence measure (51, 52) to assess the difference in codon usage bias between two 

genes. Genes with similar codon usage bias are grouped together using an 

agglomerative hierarchical clustering. JS-CB begins with all individual genes as single-

gene clusters, followed by pairwise comparison of the clusters. The two most similar 

gene clusters (in terms of JS divergence) are merged iteratively within a statistical 

hypothesis framework. If the p-value, computed based on an analytic approximation of 

the probability distribution of JS divergence, is less than a preset significance level 

(default: 0.005), the gene classes are deemed different, otherwise they are merged. The 

process is performed recursively resulting in clusters of genes with similar codon usage 

bias. The largest cluster represents the native genes, while the numerous smaller 

clusters harbour putative alien genes, each representing a potential donor. The clusters 

of highly expressed genes, e.g. the ribosomal protein genes, are identified and merged 

with the native cluster. Eight or more contiguous alien genes are annotated GIs. 

 

2.2.3 Assessment of Genomic Island Prediction Methods 

To assess the performance of GI prediction tools, we obtained the recall 
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(sensitivity), precision, F-measure (harmonic mean of recall and precision), and 

performance coefficient (PC) in identifying GIs for each method, as defined below. 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

  

𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇

  

𝑀𝑀𝑅𝑅𝑅𝑅𝑃𝑃 𝑅𝑅𝑅𝑅𝑅𝑅𝑎𝑎𝑃𝑃𝑅𝑅𝑅𝑅𝑎𝑎 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅+𝑇𝑇𝑃𝑃𝑅𝑅𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
2

  

𝐹𝐹 −𝑚𝑚𝑅𝑅𝑅𝑅𝑃𝑃𝑎𝑎𝑃𝑃𝑅𝑅 = 2𝑇𝑇𝑇𝑇
2𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇+𝐹𝐹𝐹𝐹

  

𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇+𝐹𝐹𝐹𝐹

  

Here, TP≡ true positive, FN≡ false negative, FP≡ false positive. 

A predicted GI is deemed a match or true positive if it overlaps with a known GI 

(see also section 2.3.1 for further details), otherwise it is called a false positive. A 

misclassified known GI is annotated false negative. 

 

2.3 Results and Discussion 

2.3.1 Comparison of GI Prediction Tools 

To understand the contributions of GIs in the evolution of drug-resistant MRSA, 

we first assessed the published GI detection methods for their ability to identify the well-

characterized GIs in the MRSA genomes. These methods were applied to a 

representative set of MRSA genomes that included 3 HA-MRSA and 2 CA-MRSA 

genomes with known GIs (Table 2.2).
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Table 2.2. Assessment of GI prediction tools: Recall and precision in identifying known GIs in five MRSA strains are 
shown for GI prediction methods.  

Strain 
GI tool 

assessment 
metric 

% JS-CB Predict Bias GIHunter IslandViewe
r SeqWord Zisland 

Explorer 
Alien_Hunte

r MSGIP 

USA3
00 

Recall 

50 0.66 0.77 0.55 0.44 0.11 0.22 0 0 

75 0.44 0.66 0.33 0.33 0 0.22 0 0 

95 0.33 0.44 0.11 0.22 0 0.22 0 0 

Precision 

50 0.4 0.14 1 0.5 0.11 0.5 0 0 

75 0.26 0.12 0.6 0.37 0 0.5 0 0 

95 0.2 0.08 0.2 0.25 0 0.5 0 0 

MW2 

Recall 

50 0.75 0.87 0.25 0.37 0.12 0 0.12 0 

75 0.5 0.62 0 0.37 0 0 0 0 

95 0.37 0.37 0 0.25 0 0 0 0 

Precision 

50 0.5 0.12 0.4 0.5 0.12 0 0.01 0 

75 0.33 0.09 0 0.5 0 0 0 0 

95 0.25 0.05 0 0.33 0 0 0 0 

COL 

Recall 

50 0.28 0.57 0.14 0.14 0.28 0 0 0 

75 0 0.42 0.14 0 0.14 0 0 0 

95 0 0.28 0.14 0 0 0 0 0 

Precision 

50 0.13 0.07 0.2 0.12 0.33 0 0 0 

75 0 0.05 0.2 0 0.16 0 0 0 

95 0 0.03 0.2 0 0 0 0 0 

Mu50 

Recall 

50 0.62 0.62 0.37 0.37 0.37 0.37 0 0 

75 0.5 0.37 0.25 0.25 0 0.25 0 0 

95 0.5 0.12 0.12 0.25 0 0.12 0 0 

Precision 

50 0.41 0.1 0.42 0.3 0.3 0.5 0 0 

75 0.33 0.06 0.28 0.2 0 0.33 0 0 

95 0.33 0.02 0.14 0.2 0 0.16 0 0 

((table continues) 
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Strain 
GI tool 

assessment 
metric 

% JS-CB Predict Bias GIHunter IslandViewe
r SeqWord Zisland 

Explorer 
Alien_Hunte

r MSGIP 

N315 

Recall 

50 0.66 0.66 0.33 0.16 0.16 0.16 0 0 

75 0.5 0.33 0 0.16 0 0.16 0 0 

95 0.5 0.16 0 0.16 0 0.16 0 0 

Precision 

50 0.23 0.07 0.33 0.09 0.11 0.5 0 0 

75 0.17 0.03 0 0.09 0 0.5 0 0 

95 0.17 0.01 0 0.09 0 0.5 0 0 

†Recall N%: (Number of known GIs with at least N% of nucleotides classified correctly)/ (Number of known GIs) 
†Precision N%: (Number of known GIs with at least N% of nucleotides classified correctly)/ (Number of GIs predicted) 

JS-CB: Jenson-Shannon Codon-Bias; MSGIP: Mean Shift Genomic Island Predictor  
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Figure 2.1. GIs predicted in five Staphylococcus aureus MRSA strains by different 
methods. From the outside inward: first seven circles show the GIs predicted by MSGIP 
(blank as no island identified), PredictBias, Alien_Hunter, GIHunter, Zisland Explorer, 
IslandViewer, SeqWord and JS-CB; known islands are shown in the eighth circle with 
arrows pointing to their names. Mosaic GIs predicted by JS-CB have their distinct 
segments shown in different shades of blue colour. Ninth circle represents GC skew in 
green and violet colour. The reference S. aureus strains used were (a) MW2, (b) 
USA300_FPR3757, (c) COL, (d) Mu50 and (e) N315. The figure was generated using 
CGviewer 3.0 

Results from the application of current methods, namely JS-CB (gene clustering 

based on codon usage bias) (17), GIHunter (DGI-database of GIs of 2000 bacterial 

genomes), IslandPick (automated comparative genomics approach), Zisland Explorer 

(based on a segmentation algorithm), IslandViewer (database of predicted GIs from 

three methods), PredictBias (based on G þ C content, dinucleotide composition, codon 

usage bias, and the presence of virulence genes), SeqWord (based on oligonucleotide 

usage), Alien_Hunter (based on an interpolated Markov model accounting for variable 
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length k-mers and a hidden Markov model), SIGIHMM (based on a hidden Markov 

model of codon usage), and MSGIP (clustering using a mean shift algorithm), to MRSA 

strains MW2, USA300_ FPR3757, COL, Mu50 and N315 are shown in figure 2.1a–e. 

The known GIs are shown in red on the innermost track in figure 2.1a–e. 

The number of predicted GIs overlapping the known GIs, with overlap spanning 

over half of the known GI and the predicted GI not greater than twice the size of the 

known GI, is listed in the Supplementary Table 3 for each method. PredictBias identified 

27 GIs and JS-CB detected 23 GIs, while GIHunter, SeqWord, Zisland Explorer, 

IslandViewer and Alien_Hunter identified much fewer known GIs. MSGIP did not identify 

any known GIs. Although PredictBias identified more islands compared to JS-CB, this 

was achieved at the expense of potentially many false positives (PredictBias predicted 

260 GIs, while JS-CB predicted only 66). We quantified a method’s ability to identify 

maximum known GIs with fewer predictions by computing the recall and precision in 

identifying known islands in the five selected MRSA strains (Table 2.2). If a method 

generated numerous segments spanning parts of a known GI, the largest segment, i.e. 

the segment with largest overlap with the GI, was considered the predicted GI 

corresponding to the known GI. If a prediction overlapped more than one known GI, 

then each overlap of the predicted segment with the known GIs was considered. In 

addition to the 50% overlap cut-off for GI identification, the recall and precision were 

also obtained at cut-offs 75% and 95% (Table 2.2, cut-off N% means that at least N% of 

a known GI needs to be identified as an alien segment for the prediction to be deemed 

a success). We thus assessed the ability of a method in identifying GIs as singular units 

that are mobilized across genomes in single evolutionary events through HGT.  
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Table 2.3. Performance metrics of GI prediction tools 

Cutoff 
(Percent) Accuracy parameters JS-CB Predict Bias GIHunter IslandViewe

r SeqWord Zisland 
Explorer 

Alien_Hunte
r MSGIP 

50 

Mean Recall 0.6 0.71 0.34 0.46 0.21 0.1 0.02 0 

Mean Precision 0.32 0.1 0.46 0.38 0.19 0.36 0 0 

(Mean Recall+Mean 
Precision)/2 0.46 0.4 0.4 0.42 0.2 0.23 0.01 0 

F-measure 0.42 0.18 0.39 0.23 0.2 0.16 0.01 0 

Performance 
coefficient 0.27 0.1 0.25 0.13 0.11 0.09 0.01 0 

75 

Mean Recall 0.39 0.5 0.15 0.31 0.02 0.1 0 0 

Mean Precision 0.21 0.07 0.21 0.26 0.02 0.36 0 0 

(Mean Recall+Mean 
Precision)/2 0.3 0.28 0.18 0.28 0.02 0.23 0 0 

F-measure 0.28 0.13 0.18 0.18 0.03 0.16 0 0 

Performance 
coefficient 0.16 0.07 0.1 0.1 0.01 0.09 0 0 

95 

Mean Recall 0.34 0.28 0.07 0.22 0 0.1 0 0 

Mean Precision 0.18 0.04 0.1 0.19 0 0.36 0 0 

(Mean Recall+Mean 
Precision)/2 0.26 0.16 0.09 0.21 0 0.23 0 0 

F-measure 0.24 0.07 0.09 0.15 0 0.16 0 0 

Performance 
coefficient 0.14 0.04 0.05 0.08 0 0.09 0 0 

Recall, Precision, Mean accuracy, F-measure, and Performance coefficient of GI prediction methods averaged over the five MRSA strains are 
shown for different overlap cutoffs. 
†Recall N%: (Number of known GIs with at least N% of nucleotides classified correctly)/ (Number of known GIs) 
†Precision N%: (Number of known GIs with at least N% of nucleotides classified correctly)/ (Number of GIs predicted) 

JS-CB: Jenson-Shannon Codon-Bias
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The mean values of the performance metrics (averaged over the five strains) are given 

in Table 2.3. At the cut-off of 50%, JS-CB outperformed the next best performing tools 

PredictBias, GIHunter and IslandViewer by at least approximately 4% each in the mean 

accuracy. At the cut-off of 75%, JS-CB performed marginally better than the next best 

performing tools. At the stringent cut-off of 95%, JS-CB outperformed PredictBias, 

GIHunter and IslandViewer by approximately 10%, approximately 17%, and 

approximately 5% respectively in the mean accuracy. We observed similar trend with F-

measure and performance coefficient (Table 2.3).  

Apparently, JS-CB balances recall and precision better than any other methods 

resulting in overall higher accuracy (Tables 2.2 and 2.3). JS-CB and PredictBias 

performed much better in identifying the known GIs than the other methods, as 

indicated by higher recall values; however, PredictBias predicts substantially more GIs 

than JS-CB and hence suffers from the low precision values (Tables 2.2 and 2.3). 

As many methods often over-segment (i.e. predict more than one segment 

spanning parts of a GI) or under-segment (i.e. predict a segment that spans whole or 

parts of more than one GI), we also evaluated their performance through a different 

assessment criterion—now considering all spanning segments not just the segment 

having the largest overlap with the GI for the former, and similarly considering all GIs 

that are spanned wholly or partially by a predicted segment with the restriction that the 

size of the predicted segment is not more than twice the GI size now removed for the 

latter. This allowed a known GI to be deemed identified by a method at N% cut-off if the 

overlaps together exceeded N% threshold for the former, and similarly multiple known 

GIs were deemed identified if the predicted segment overlapped each of these GIs by 
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over N% of their size. While this raised the recall of these methods, the over-

segmentation (identifying a GI as many fragments) was penalized by considering all 

predicted segments and the under-segmentation (identifying many GIs as one segment) 

by considering both GI and non-GI regions spanned by the predicted segment in 

computing the precision of the methods (Case A in the Supplementary Table 4). 

Alternatively, for under-segmentation, only one GI with the highest per cent overlap 

among all GIs spanned by a predicted segment was considered in obtaining the recall 

and precision of a method (Case B in the Supplementary Table 4). This is a reasonable 

approach that ensures that over-segmenting or under-segmenting methods never reach 

perfect accuracy (100% recall and 100% precision) as one would expect them not to. 

JS-CB outperformed other methods for these evaluation criteria. JS-CB yielded the best 

overall performance, with highest mean accuracy, F-measure, and performance 

coefficient for all five reference strains at all three cut-offs. The next best performing 

methods were GIHunter (at 50% cut-off ), IslandViewer (at 75% cut-off ) and Zisland 

Explorer (at 95% cut-off ) (Supplementary Table 4). Because the complete set of actual 

GIs in any strain is yet to be determined, these results should be interpreted with 

caution; in fact, some of the ‘false positives’ could indeed be true positives. However, 

the relative performance of the methods could still be assessed based on their ability to 

identify the already-known GIs with fewer predictions; a method balancing this trade-off 

well, reflected in terms of highest accuracy among the compared methods, could be 

deemed most successful among the methods. 

We performed an additional assessment of the methods by constructing artificial 

MRSA genomes as described below. The artificial genomes enabled a more objective 
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assessment as the evolutionary history of the segments in these genomes is already 

known. To construct an artificial recipient MRSA genome, we selected the S. aureus 

subsp. aureus MW2 genome and purged it of all known GIs as well as sequences that 

were predicted GIs by any of the nine methods considered in this study. We thus 

obtained the backbone S. aureus MW2 genome that was identified as core genome by 

all methods. Artificial donor genomes were similarly constructed, using the genomes 

of Alkaliphilus metalliredigens QYMF (NC_009633.1), Erysipelothrix 

rhusiopathiae str. Fujisawa (NC_015601.1), Macrococcus caseolyticus JCSC5402 

(NC_011999.1) and Salinicoccus halodurans H3B36 (CP011366.1), which were chosen 

to represent a broad range of phylogenetically related donors. M. caseolyticus and S. 

halodurans represent the genera Macrococcus and Salinicoccus respectively within the 

family Staphylococcaceae that S. aureus belongs to. A. metalliredigens and E. 

rhusiopathiae represent the classes Clostridia and Erysipelotrichi respectively within the 

phylum Firmicutes that S. aureus belongs to. We then simulated the transfer of islands 

into this conservative core of the MW2 genome. Six DNA segments, between 40 and 50 

kbp in size, were sampled from the donor genomes and inserted into the artificial MW2 

genome, yielding approximately 82% native and approximately 18% alien composition. 

Ten random trials of this experiment yielded ten artificial genomes on which to assess 

the methods. Among the assessed methods, JS-CB yielded the highest values for all 

performance metrics, e.g. the values of F-measure (averaged over 10 artificial 

genomes) for JS-CB were 0.85, 0.81 and 0.55 at 50%, 75% and 95% cut-offs, whereas 

those for the next best performing methods were 0.4, 0.31 and 0.29 (Alien_Hunter), 

0.37, 0.27 and 0.25 (SeqWord), and 0.29, 0.27 and 0.23 (IslandViewer), respectively 
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(Supplementary Table 5). Similarly, JS-CB outperformed other methods when the 

methods were evaluated through a different assessment criterion as discussed above 

(for both Case A and Case B, Supplementary Table 6). The next best performing 

methods were IslandViewer, Alien_Hunter and SeqWord. We were unable to run 

PredictBias and GIHunter on artificial genomes; GIHunter returned errors for both 

artificial and the five reference strains (GI predictions for the reference strains were 

earlier retrieved from GIHunter’s pre-computed database), and PredictBias could not 

recognize the GenBank annotation files of the artificial genomes). It should be noted 

that methods such as JS-CB have previously been assessed on simulated genomes of 

varying complexity (17). GIs predicted by each method are shown in figure 2.1, and the 

performance of the methods on each representative MRSA genome and their ability to 

identify SCCmec are summarized below. 

 

2.3.1.1 Staphylococcus aureus Strain MW2 

Both Alien_Hunter and PredictBias predicted over 50 islands (including both 

pathogenicity islands and other GIs). By contrast, IslandViewer and GIHunter predicted 

only five islands in this strain. SCCmec was identified by JS-CB, IslandViewer, 

Alien_Hunter and PredictBias, but was completely missed by Zisland Explorer and 

SeqWord. JS-CB predicted 13 GIs identifying seven out of the eight known islands 

(SCCmec, nSaa, nSa3, wSa2, nSab, wSa3 and nSa4). Of the seven known islands that 

overlapped with JS-CB predictions, six could be identified at the 50% cut-off, whereas at 

this cut-off GIHunter could identify only two known islands, and IslandViewer and 

Alien_Hunter could detect only one known island. Although PredictBias has the highest 
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recall in identifying the known islands, JS-CB outperformed other methods in terms of 

precision as is also obvious from the comparison of coordinates of known and predicted 

islands (Table 2.1 and figure 2.1). 

 

2.3.1.2 Staphylococcus aureus Strain USA300_FPR3757 

The number of predicted islands varied between three (Zisland Explorer) and 50 

(PredictBias). SCCmec was identified by JS-CB, Zisland Explorer, GIHunter and 

PredictBias at the 50% cut-off. JS-CB predicted 15 islands, overlapping with eight of the 

nine known islands (SCCmec, ACME, nSaa, SaPI-5, wSa2, nSab, wSa3 and nSa4). At 

the 50% overlap cut-off, JS-CB was most successful, identifying seven of the nine 

known GIs. PredictBias and GIHunter were the next best, each identifying five of the 

nine known GIs. 

 

2.3.1.3 Staphylococcus aureus Strain COL 

Of the seven known islands, JS-CB’s predictions overlapped with six (SCCmec, 

nSaa, nSab, nSa4 (remnant), wCOL, nSa1); however, only four (SCCmec, nSa4, 

wCOL, nSa1) had over 50% overlap with the predictions. JS-CB predicted an additional 

11 GIs in this strain. SCCmec island was also identified by PredictBias and SeqWord. 

At the 50% overlap cut-off, PredictBias had higher recall than JS-CB but at the cost of 

many false positives; Zisland Explorer and MGSIP failed to identify any known islands 

at this cut-off. 
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2.3.1.4 Staphylococcus aureus Strain Mu50 

JS-CB could identify six of the eight known GIs in Staphylococcus aureus strain 

Mu50, with five overlapping the respective predicted GIs by over 50%. SCCmec was 

identified by JS-CB and PredictBias at the 50% cut-off. At the 50% cutoff, Alien_Hunter 

and MGSIP failed to identify any known GIs in this strain. 

 

2.3.1.5 Staphylococcus aureus Strain N315 

Of the six known islands in this strain, JS-CB identified four islands at the 50% 

cut-off. SCCmec was identified by JS-CB, IslandViewer, GIHunter, Alien_Hunter and 

PredictBias. Zisland Explorer was able to detect only one of the known islands. 

Alien_Hunter could not identify any GI at the 50% cut-off. MGSIP failed to localize any 

of the known islands. Our analysis shows that JS-CB has the highest recall for Mu50 

and N315 strains at all cut-offs. PredictBias has highest recall for USA300, MW2 and 

COL (Table 2.2). JS-CB outperforms all other GI prediction methods by approximately 

5% or more in mean recall at the 95% cut-offs, and is outperformed by PredictBias by 

approximately 11% in mean recall at the lower cut-offs (Table 2.3). PredictBias incurs 

false positives at much higher rate (mean precision ranges from approximately 4% to 

10%, Table 2.3) than JS-CB (mean precision ranges from approximately 18% to 32%, 

Table 2.3). IslandViewer displays lower recall but higher precision in comparison with 

JS-CB. GIHunter and Seqword have much lower recall, with a mean recall of 34% and 

21% respectively at the cut-off of 50% (Table 2.3); If an island lacks mobility genes or 

genes required for integration, e.g φSa1, νSaα, νSaβ, νSaγ, GIHunter does not perform 

well in identifying such islands. By contrast, JS-CB solely relies on codon usage bias for 
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GI identification, and is, therefore, able to identify islands which might have lost their 

mobility or integration genes. However, the long-term resident islands such as nSab, 

which are likely to have their composition ameliorated to that of the host, were difficult to 

detect using JS-CB. Compared with JS-CB, PredictBias uses two criteria, namely 

dinucleotide bias and codon usage bias to delineate GIs; atypicality in either is 

considered a GI signature. Thus, clusters of ORFs showing atypical dinucleotide bias 

but not atypical codon usage bias were also annotated as GIs. Furthermore, JS-CB 

identifies atypical genes by assessing the similarities of the genes against each other 

rather than assessing the disparities against the genome background, thus identifying 

even clusters of weakly atypical genes. This may explain the better performance of JS-

CB in comparison with the other methods of GI detection. Notably, JS-CB achieves 

overall highest accuracies by considering only codon usage bias as the discriminant 

criterion, outperforming the methods that use multiple criteria, such as PredictBias that 

uses pathogenicity-related gene information in addition to dinucleotide bias and codon 

usage bias to identify islands. 

 

2.3.2 Comparison of JS-CB and GEMINI 

We further compared JS-CB with a just-published genome mining tool, GEMINI, 

that performed well in delineating GIs in the Liverpool epidemic strain of Pseudomonas 

aeruginosa (19). In application to the P. aeruginosa LESB58 genome, JS-CB identified 

wholly or partially all four verified islands at its default parameter setting (Table 2.4). By 

contrast, GEMINI robustly identified three out of the four verified islands (VI-1, VI-2, VI-

4) but missed completely VI-3 (19).  
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Table 2.4. Comparison of JS-CB and GEMINI 

(A) 

Verified islands in P. 
aeruginosa LESB58 

VI-1 VI-2 VI-3 VI-4 

Start End Start End Start End Start End 

Verified islands co-
ordinates 2504700 2551100 2690450 2740350 2751800 2783500 2796836 2907406 

JS-CB co-ordinates at 
default parameters 
(Native cluster size 

64.5%) 

2506736 2560126 2690501 2786349 2690501 2786349 2798946 2929279 

JS-CB co-ordinates at 
altered parameter 
settings (Native 

cluster size 87%) 

2525630 2560126 2708796 2737803 2756461 2786349 2858302 2906455 

(B) 

SCCmec island in 
MRSA strains 

USA300 MW2 N315 Mu50 COL 

Start End Start End Start End Start End Start End 

SCCmec co-ordinates 34173 57914 34150 58278 34158 87119 34158 87085 34173 68085 

GEMINI co-ordinates at 
default parameters 
(Native cluster size 

~92%) 

52486 53052 52959 53531 - - - - - - 

GEMINI co-ordinates at 
altered parameter 

settings (Native cluster 
size ~73% 

52487 75088 39574 51676 45020 85415 36374 85373 59234 92806 

Performance of JS-CB and GEMINI in identifying four verified islands in P. aeruginosa LESB58 strain (A) 
and SCCmec island in five MRSA strains (B) respectively was assessed at the default parameter setting 
and at two other parameter settings (see text). The known and predicted GI coordinates in the genomes 
are shown in base pairs (bp). 
 

This level of performance was achieved by JS-CB by predicting 35.5% of the LESB58 

genome as alien, while that by GEMINI by predicting approximately 13% of the genome 

as alien. When we readjusted the threshold of JS-CB (clustering threshold now set to 

1E-28, see (17)) to obtain a conservative estimate of alien DNAs, same as that 
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observed with GEMINI, JS-CB could still detect all four verified islands, with 

approximately 54% of the total nucleotides from the four verified islands classified as 

alien, while GEMINI classified approximately 84% of the nucleotides of the verified 

islands as alien. Both JS-CB and GEMINI identified three of four verified islands at the 

50% overlap cut-off.  

The overall higher sensitivity of GEMINI could be attributed to its segmentation 

approach that enables detection of large islands with high precision; VI-4 is a large GI 

with 101 genes, approximately 98% of this island was detected by GEMINI, while JS-CB 

could detect only approximately 44%. By contrast, the application of GEMINI to MRSA 

genomes revealed its inability to localize the SCCmec island in N315, Mu50 and COL 

strains. GEMINI could identify only approximately 500 nucleotides of the SCCmec 

island for USA300 and MW2 at its default parameter setting. GEMINI predicted 

approximately 7% of the genome as alien for the five MRSA strains (Table 2.4). When 

we readjusted the algorithm parameters for GEMINI (segmentation threshold and two-

step clustering thresholds now set to 1E-11, 1E-13 and 1E-4 respectively; the default 

thresholds were earlier set based on P. aeruginosa genome analysis, see (19)), so that 

GEMINI predicts a similar proportion of a MRSA genome as alien as does JS-CB 

(approx. 27%). GEMINI was still not able to robustly identify the SCCmec island in all 

strains; only approximately 23%, approximately 50%, approximately 76%, 

approximately 92% and approximately 26% of SCCmec were identified in 

USA300,MW2, N315,Mu50 and COL strains respectively, while these numbers were 

approximately 99%, approximately 99%, 100%, approximately 99%, approximately 51% 

for JS-CB (Tables 2.1 and 2.4). 



34 
 

SCCmec is characterized by several ORFs with atypical codon usage and GC 

content at the third codon position (8, 43, 53). As JS-CB clusters genes based on codon 

usage bias, it is better able to exploit codon-specific information and therefore was able 

to localize SCCmec in the MRSA genomes. By contrast, GEMINI identifies GIs 

independent of codon information, by examining higher order oligonucleotide 

compositional biases, and therefore it may miss islands with atypical codon usage 

biases that are not reflected as atypicality in oligonucleotide composition. GEMINI, by 

virtue of its ability to analyze multiple genes simultaneously through a recursive 

segmentation process, localizes large islands more efficiently, which may appear 

fragmented in the predictions by bottom-up, gene-by-gene analysis methods such as 

JS-CB that may misclassify weakly atypical genes or compositionally ambiguous genes. 

Our results from the application of JS-CB and GEMINI to MRSA genomes reveal the 

complementary strengths of these two methods, which provides a basis for further 

future research towards the integration of complementary methods for attaining still 

better accuracy in GI prediction. We also noted that the performance of the GI 

prediction methods varies genomewise, reinforcing the need to develop methodologies 

for exploiting the complementary strengths of the prediction methods. An integrative 

approach to GI detection holds the promise to raise the accuracy bar across all 

genomes. 

 

2.3.3 Identification of Novel Islands in HA- and CA-MRSA Strains 

JS-CB was able to identify many of the known islands, namely SCCmec, ACME, 

νSaα, SaPI-5, φSa1, φSa2, φSa3, νSa4, νSa1, νSa3 and φCOL in the five strains we 
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studied (Table 2.1). However, the compositionally similar islands such as, SCCmec and 

ACME, and φSa3 and νSa4 (Supplementary Table 1), were identified as one combined 

island instead of two separate islands (Table 2.1). JS-CB missed νSaβ island in N315 

and MU50, and νSaγ island in all five strains we examined. This may likely be a 

consequence of the amelioration process (54), whereby an island loses its inherent 

evolutionary signatures, after being subjected to the mutational processes of the host 

genome, over the passage of time since its acquisition. As JS-CB performed 

comparably or outperformed the current methods in localizing known GIs in five MRSA 

strains, we applied JS-CB to completely sequenced 22 HA-MRSA and 9 CA-MRSA 

genomes to decipher yet unknown GIs in the MRSA strains. We discuss below our 

analysis of the JS-CB’s novel predictions for the five reference strains, followed by 

analysis of novel predictions for the remaining 26 strains. JS-CB’s ability to more 

robustly identify the known islands in the MRSA strains motivated us to further explore 

and analyse the novel islands predicted by it. In the five strains that, we examined, JS-

CB-identified 42 novel islands (Supplementary Table 7). Several previous studies have 

enlisted features that typify GIs, e.g. atypical composition, presence of tRNA genes, 

direct repeats, integrase and transposase genes, and genes that may be imparting 

novel traits such as those encoding virulence or antibiotic resistance or other novel 

metabolic traits. To buttress our novel GI predictions, we collected further evidence in 

support of our predictions (Supplementary Table 7). Of these, seven islands had either 

transposase or integrase genes, including N315_GI1, N315_GI7, Mu50_GI1 and 

Mu50_GI6 (figure 2.2a–d, Supplementary Table 7). Fifteen islands harboured genes 

encoding virulence or antibiotic resistance factors (Supplementary Table 7), including 
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N315_GI3, N315_GI10 and US300_GI7 (figure 2.3a–c). Several islands included repeat 

regions, e.g. N315_GI1, N315_GI7, Mu50_GI1 and Mu50_GI6. While Mu50_GI1 has a 

repeat region in an internal site preceding a transposase gene, MU50_GI6 has repeat 

regions upstream of the island and at an internal site prior to a transposase gene. 

Likewise, N315_GI1 has a repeat region at an internal site before the transposase 

genes, while N315_GI7 has a repeat region just upstream of the island. 

 

Figure 2.2. Gene maps of: (a) N315_GI1: transposase gene imparting mobility to the 
island has been highlighted in red; (b) N315_GI7: the presence of a transposase gene 
in the GI is indicated; (c) Mu50_GI1: the presence of a gene encoding transposase of 
insertion element is indicated; and (d) Mu50_GI6: the presence of a transposase gene 
and genes involved in metabolism in the GI is indicated. 
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Figure 2.3. Gene map of: (a) N315_GI3: this GI possesses multiple copies of 
transposase genes (shown in red) and genes required for adhesion (i.e. virulence 
genes), namely fibrinogen-binding protein A and coagulase encoding genes (shown in 
blue); (b) N315_GI10: the presence of intercellular adhesin genes in the GI with a role in 
virulence is indicated; and (c) USA300_GI7: virulence genes (shown in blue) and a 
gene required for GI integration (shown in red) are indicated in this GI, suggesting a 
potential role in pathogenicity. 

 
The presence of transposase genes and repeat regions that are often associated 

with GI integration provides further evidence in support of our novel predictions. Some 

novel GIs predicted by JS-CB also harboured genes encoding virulence factors 

(Supplementary Table 7). N315_GI3 (figure 2.3a) carries genes encoding fibrinogen-

binding protein and coagulase, which were previously reported to be involved in 

virulence (55, 56); this island also harbours a transposase gene. While fibrinogen-
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binding protein helps S. aureus to colonize its hosts by facilitating attachment to a 

surface (57), coagulase, also a surface determinant involved in adherence, helps in 

converting fibrinogen to fibrin (58). Both N315_GI10 (figure 2.3b) and USA300_GI7 

(figure 2.3c) have genes encoding intracellular adhesion proteins. These proteins are 

critical in biofilm formation and adhering to surfaces (59). USA300_GI7 also harboured 

an integrase/ recombinase gene. 

In addition to these five reference strains, we analysed novel predictions by JS-

CB for the remaining 26 strains. The full list of putative GIs localized by JS-CB in the 

completely sequenced HA-MRSA and CA-MRSA genomes is given in the 

Supplementary Table 8. JS-CB predicted 338 GIs across these 26 genomes. As little 

information is available about the locations of GIs including SCCmec in these strains, 

we first attempted to identify SCCmec in the 26 genomes. If a predicted island 

harboured SCCmec marker genes, namely the mecA and ccr genes, we annotated the 

predicted island as SCCmec. JS-CB could localize SCCmec in all 26 strains. The 

approximate location and size of these islands are conserved across all 26 strains, 

similar to the conservation observed in the five reference strains. If the marker genes 

were not found in the predicted islands, the sequence alignment program BLAST (60) 

was used to characterize the islands. Pairwise nucleotide sequence alignment of the 

predicted islands in 26 strains and the known islands (as in the five reference strains, 

table 2.1) was performed using BLAST. νSaα, νSaβ, φSa1, φSa2, and φSa3 were 

identified based on significantly high similarity of the predicted islands with these islands 

(query coverage >60% and nucleotide identity >80%) . We thus identified 57 known 

islands across the 26 strains (Supplementary Table 8). Among the remaining 281 
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predicted islands, 111 contain GI-specific features such as transposase, integrase or 

phage genes. Among these, 62 islands harbour either virulence or antibiotic resistance 

genes or both. To identify GIs shared among strains, we grouped the 281 GIs based on 

sequence similarity using CD-HIT (61). GIs with high similarity (nucleotide identity 

greater than 80%) were grouped in a cluster. This yielded in total 22 clusters, each with 

five or more GIs (Supplementary Table 8). 

Several previous studies have reported GIs in MRSA strains (8, 39, 41, 47, 48), 

which were identified based on typical features of GIs, such as mobility genes, 

transposase, flanking tRNA genes which act as insertion sites, phage genes, insertion 

sequence elements and direct repeats flanking the GIs. However, with this approach we 

may miss GIs that lack these features yet have been mobilized through HGT or several 

long-time resident islands that may have lost some or all of such features. A 

comprehensive analysis of genomes for the presence of GIs thus requires a 

combination of complementary methods, including phylogenetic and composition-based 

or parametric methods. The novel MRSA GIs lacking typical GI-associated features 

therefore require further investigation. 

 

2.3.4 Mosaicism of SSCmec 

The SCCmec island carries a mec gene complex and chromosome recombinase 

(ccr) gene complex, and is integrated at integration site sequence (ISS) for SCC (62). 

The mec gene complex includes mecA gene, its regulatory genes and insertion 

sequences (62). The ccr gene complex includes ccrA, ccB, ccrC genes, and the flanking 

regions (61). Depending on the allotype of the genes in the mec and ccr gene 
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complexes, eight types of SCCmec islands have been identified. Of the five reference 

strains analysed, genes within the SCCmec island were segregated into two or more 

clusters by JS-CB (Supplementary Table 9), revealing the mosaic structure of SCCmec 

and the likely distinct ancestries of the disparate segments composing the SCCmec 

island. Interestingly, methicillin resistance gene mecA and recombinase gene ccr (ccrA, 

ccrB, ccrC) were assigned to different clusters for N315 and Mu50 strains. GIs 

structurally similar to SCCmec, carrying ccr genes but lacking mecA gene have been 

reported previously in Staphylococcus hominis (63) ; these islands were also shown to 

spontaneously excise (63) , thus suggesting that the SCCmec like islands lacking mecA 

gene might have originated earlier and later acquired the mecA gene to form a 

functional SCCmec island. An alternative explanation for the absence of mecA genes in 

SCCmec like islands could be the loss of mecA genes from the original SCCmec 

islands, resulting in the SCCmec like islands lacking mecA in some Staphylococcus 

genomes. Mosaic islands were not observed in the strains USA300 and COL, but a 

bipartite SCCmec island was observed in MW2. Of the remaining 26 strains, mosaic 

SCCmec was observed in 14 strains. Six of these 14 strains with mosaic SCCmec had 

mecA and ccr genes assigned to different clusters. A tripartite structure of SCCmec was 

observed in eight strains, and bipartite, quadripartite and pentapartite structures were 

observed in two strains each in the remaining 26 strains (Supplementary Table 9). The 

differential mosaicism of SCCmec as observed in our study of course needs further 

investigation. 
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2.4 Conclusion 

A gene clustering-based method, JS-CB, outperformed several GI prediction 

methods in identifying GIs in MRSA genomes. Evidence gathered from the literature 

and sequence comparison supported many of the novel GIs predicted by JSCB. The 

putative functional role of the GIs identified by JS-CB indicates the proclivity of S. 

aureus to acquire foreign DNAs to become multidrug-resistant or metabolically distinct 

organisms. JS-CB further revealed the mosaic structures of many GIs including the 

SCCmec island, which calls for further studies to understand their significance and 

plausible role in the adaptation of S. aureus to the changing environment. Our study 

also revealed the complementary strengths of the methods, e.g. JS-CB and GEMINI, 

which can be exploited in future, studies to further improve GI identification in bacterial 

genomes. 
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CHAPTER 3 

IDENTIFICATION OF NOVEL GENOMIC ISLANDS IN LIVERPOOL EPIDEMIC 

STRAIN OF Pseudomonas aeruginosa* 

Introduction 

Pseudomonas aeruginosa dwells in diverse environments including soil, water, 

and air. P. aeruginosa strains have also been isolated from medical equipment such as 

catheters (64). P. aeruginosa strains have multifarious metabolic capabilities, including 

the ability to degrade gasoline, kerosene, and diesel (65). As a pathogen, P. aeruginosa 

infects a broad range of host organisms, from vertebrates to non-vertebrates (66). In 

humans, P. aeruginosa causes post-operative infections as well as infections in other 

immuno-compromised conditions, such as burn wounds and cancer (67, 68). It is well 

known for causing morbidity and mortality in patients with cystic fibrosis (69). In most 

CF cases, P. aeruginosa is known to cause persistent respiratory infections that lead to 

untimely mortality (Cystic Fibrosis Foundation Report). 

Comparative genome studies have revealed a high level of conservation among 

P. aeruginosa strains, with sequence diversity limited to about 10% of the pan-genome 

(70, 71, 72). These regions, collectively referred to as the “accessory” genome (73), 

have an abundance of antibiotic resistance, virulence and biofilm-associated genes. 

Often these genes are acquired as clusters of functionally related genes from distantly 

related or unrelated organisms through the evolutionary process of horizontal gene 

transfer (73, 74). These HGT-acquired gene clusters, referred to as “genomic islands 

* This chapter is reproduced from Jani, M., Mathee, K., & Azad, R. K. (2016). Identification of novel
genomic islands in Liverpool epidemic strain of Pseudomonas aeruginosa using segmentation and 
clustering. Frontiers in Microbiology, 7, 1210. Authors retain copyright. 
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(GIs),” are interspersed in the regions of genome plasticity flanked by highly conserved 

sections of P. aeruginosa genomes (9, 71, 73, 75). 

An important goal in pathogen genomics is to identify and characterize GIs in 

pathogens and assess their virulence and antibiotic resistance potential. Both bottom-up 

and topdown methods are employed to catalog GIs in the bacterial genomes. Bottom-up 

methods, either gene based or moving window based, are designed to first identify the 

atypical genes or windows which are then grouped into GIs based on their physical 

association (23). However, because of the variable compositional character of GIs, 

weakly atypical genes or windows are often misclassified, resulting in predictions that 

are actually the fragments of GIs. This also complicates the delineation of island 

boundaries. The gene-based database dependent methods, such as SIGI (29), are 

limited in their ability to classify orphan genes. The window based methods, such as 

IVOM (18), are designed to be independent of databases, however, they have inherited 

the weaknesses of the moving-window approach– smaller window size increases 

stochastic fluctuations while larger size diminishes resolution. Moreover, the bottom-up 

methods are inherently limited in their ability to precisely delineate the alien and native 

regions. 

In contrast, the top-down methods start with the entire genome and progressively 

divide it into smaller segments to localize regions of atypical composition (23). A 

frequently invoked top-down procedure entails fragmenting a genomic sequence 

recursively using the Jensen–Shannon divergence measure generalized within a 

Markov chain model framework (Markovian Jensen–Shannon Divergence or MJSD) 

until the segments are rendered compositionally homogeneous within but 
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heterogeneous between (24). This is followed by an agglomerative, non-hierarchical 

clustering process to group compositionally similar segments (24). This procedure 

segregates genomic segments from different sources efficiently, thus revealing the 

mosaic compositional structure of the genomes. This method was earlier assessed on 

an artificial chimeric genome of Escherichia coli with ∼25% genes acquired from 10 

donors as well as on the well-studied, genuine bacterial genomes (24). The MJSD 

based segmentation–clustering method (24) outperformed other existing methods (24), 

including RHOM that is based on a hidden Markov model (76), a Bayesian method (77), 

and an optimization method (78). 

The MJSD-based segmentation–clustering method, by virtue of its ability to 

classify genes by their ancestry, can decipher the mosaic structure of GIs. GIs are 

called mosaic if they are composed of segments of different ancestries. Thus, in 

addition to deciphering the mosaic compositional structure of a genome (24), this 

method can be used to examine the fine-scale structures, such as the mosaic structure 

of GIs arising because of the serial acquisition of DNAs of different ancestries at a 

genomic locus. The MJSD-based method can localize even genomic islets (79), which 

are relatively small segments (size < 10 Kbp) acquired through HGT. In this paper, we 

use a modified version of this method (24), “GEMINI,” named after its genome mining 

function, to identify novel GIs in P. aeruginosa. In this study, the GEMINI program was 

applied to a transmissible P. aeruginosa strain (80). 

Prior to 1996, it was believed that CF patients acquire only non-transmissible, 

unique strains of P. aeruginosa from the environment (80). This idea was debunked with 

the isolation of an epidemic strain from CF children in Liverpool, UK, and hence, is 
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referred to as the “Liverpool epidemic strain” or LES (80). In the last decade, many new 

epidemic strains of P. aeruginosa have been discovered across the globe (81, 82, 83, 

84, 85, 86). Apart from being transmissible, the LES strain causes high morbidity and 

greater loss of lung function in CF patients as compared to non-LES strains (87). . The 

LES strain has also been implicated in renal failure in adult CF patients (87). In addition, 

this strain can cause cross-infections; in one such case, healthy parents were infected 

by LES from a CF patient (88). Many variants of LES epidemic strain of P. aeruginosa 

have since been identified (81, 82, 85, 86). One of these, LESB58 strain, possesses 

almost all known virulence genes of P. aeruginosa (9). Although the original LESB58 

isolates were sensitive to some antibiotics, it has become difficult to eradicate LESB58 

from the lungs of CF patients once the infection has been established (9). Except for 

PA2818, a putative aminoglycoside response regulator (arr), all other antibiotic 

resistance and susceptibility genes found in P. aeruginosa PAO1 are present on the 

chromosome of LESB58 (9).  

The propensity of the P. aeruginosa LES strain, especially LESB58, in colonizing 

the lungs of CF patients could likely be due to the accessory genes resident on GIs. 

Though several LESB58 GIs have been reported (9), a comprehensive analysis of the 

LESB58 genome that could shed light on its epidemic traits has not yet been performed. 

In pursuance of our goal to leverage the augmented power of a proven integrated 

segmentation and clustering approach (24) to probe the genome of a pathogen for yet 

uncharacterized genomic or pathogenicity islands, we revisited the genome of P. 

aeruginosa LESB58 with GEMINI to decode its virulence potential and understand its 

unique traits in light of its evolution via HGT. We also deconstructed the mosaic GIs to 
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understand their contributions to the LESB58 pathogenicity. The predicted islands were 

further compared with other sequenced P. aeruginosa genomes using sequence 

alignment approaches. This study unraveled the yet unknown genetic aspects 

underlying LESB58’s virulence and resistance traits. 

 

 Materials and Methods 

 Genome Sequences 

The genome sequences of 11 representative P. aeruginosa strains, namely, 

LESB58 (9), PACS2 (89), SCV20265 (90), PA2192 (73), PA7 (75), PA14 (71), C3719 

(73), PA1 (91), B136-33 (Accession: NC_020912.1), PAO1 (92), C7447M (93), and the 

gene coordinates were obtained from the NCBI ftp site and Pseudomonas database 

(92). Of these, LESB58 and C3719 are the epidemic strains (80, 81) 

 

 Genomic Island Detection Using GEMINI 

The genome mining tool is a next generation tool that utilizes segment context 

information within an integrated segmentation and clustering framework to robustly 

identify GIs. The integrated segmentation and clustering method was proposed earlier 

for genomic data interpretation, including alien segment localization (24). Briefly, within 

this framework, a genome sequence is subjected to a recursive binary segmentation. 

The segmentation procedure splits the genome into two parts at a position where the 

compositional difference between the resulting sequence segments is maximized 

[assessed using an information-entropy based divergence measure, generalized with 

the framework of Markov model (23, 94)] , provided this difference be large enough to 



47 
 

be statistically significant (assessed using the probability distribution of maximum value 

of the divergence measure in random sequences). This is followed recursively for each 

resulting sequence segment. The recursive process is halted when each segment 

becomes compositionally homogeneous to be fragmented further at a pre-specified 

level of statistical significance. An agglomerative clustering procedure follows in two 

steps. First, the contiguous compositionally similar segments, which may arise because 

of hyper-segmentation, are identified and grouped together. This is followed by 

recursively grouping the similar clusters within the same framework of statistical 

hypothesis testing, which entails testing the null hypothesis that the two sequence 

segments are compositionally similar (24, 95). 

The above procedure creates several clusters, with the largest harboring 

between ∼50–95% of the genes [native genes being the most abundant that is 

consistent with previous studies (96, 97)] and the other smaller clusters harboring genes 

that are likely of foreign origin. Each segment is labeled as native or alien depending on 

the cluster it belongs to. The contiguous alien segments are assembled as putative GIs. 

We modified the clustering procedure to augment the power of the MJSD-based method 

in identifying the GIs. This modification entails retrieving clusters at a strict clustering 

stringency that minimizes merger of segments or clusters from disparate sources. This, 

however, results in multiple clusters for native segments. The strongly typical native 

segments form a large cluster (typically, >50% of a genome) whereas weakly typical 

native segments group into one or more smaller clusters. Allowing merger of these 

smaller clusters into the largest cluster by relaxing the stringency may result in 

potentially unwanted merger of alien clusters into the native clusters. We therefore 
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invoked the segment context information to minimize the false positive and false 

negative error rates by allowing merger of truly native clusters while precluding 

undesirable mergers. We took two cues from the segment context information to merge 

native clusters. Because the native segments falling into different clusters owing to their 

compositional variability are expected to be physically associated at genomic loci, their 

contexts (neighboring segments) will more likely be lying within the native clusters. And, 

second, the stochastic variations resulting in compositionally ambiguous native 

segments should also result in sporadic distribution of such segments within the 

genome. Therefore, at a conservative clustering setting, the compositionally ambiguous 

native segments should appear more sparsely distributed or scattered in comparison to 

the rather clustered landscape of other segment types within the genome. GEMINI uses 

these cues to identify clusters representing the native genome. 

 

 Other GI Detection Methods 

Genome mining tool was assessed against several current methods for 

identification of a set of verified GIs from two strains of P. aeruginosa, namely, LESB18 

and PA14. These methods are described briefly below. 

· IslandPath 

This visualization tool presents a gene map where the potential GI harbored 

genes, inferred by their significant difference from the G+C content and dinucleotide 

composition of the genome, and GI specific features such are tRNA genes are indicated 

by special colors markings (21). 

· IslandPath-DIMOB 
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IslandPath-DIMOB identifies GIs through their dinucleotide bias and the 

presence of mobility genes (21). 

· Score Based Identification of Genomic Island Using Hidden Markov Models 
(SIGI-HMM) 

 
Score based identification of genomic island using hidden Markov models (SIGI-

HMM) uses the codon usage frequency table of organisms as their distinctive 

signatures (29). The SIGI-HMM procedure exploits the difference in codon usage bias 

between recipient and donor organisms to infer putatively alien DNAs. 

· IslandPick 

This is an automated comparative genomics method that selects related 

genomes for a given query (27) and then perform whole genome alignment using 

MAUVE (33). 

· IslandViewer 

Outcomes of three GI prediction programs, IslandPath-DIMOB, SIGI-HMM, and 

IslandPick are integrated by IslandViewer into a web interface (98). It reports better 

accuracy than any of these three methods. 

· Interpolated Variable Order Motif (IVOM; Alien Hunter) 

Interpolated Variable Order Motif (IVOM) measures the difference in 

compositional bias between a sequence in a moving window and the genome within the 

framework of an interpolated Markov model framework (18). The contiguous atypical 

regions are annotated GIs. 

· Markovian Jensen–Shannon Divergence (MJSD) 

This method uses Markov model to assess the atypicality of genomic segments, 

obtained via recursive segmentation, against the genome background (23) 
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· Zisland Explorer 

This new tool scans a genome for “leaps” in cumulative GC profile; these atypical 

regions are annotated GIs (26) 

These parametric methods, with the exception of MJSD and Zisland Explorer, 

invoke bottom-up approaches, initially classifying genes or sequence windows as alien 

or native, and then assembling them into GIs or the native genome. 

 

 Phylogenetic Analysis 

Phyletic pattern of the predicted island-borne genes were analyzed by examining 

their presence or absence in the genomes of close relatives of P. aeruginosa LESB58. 

Atypical distribution of orthologous genes, i.e., the absence of a gene of interest from 

the genomes of closely relatives, provides an evidence in support of acquisition of the 

gene by HGT. The sequence comparison was performed via BLAST (60) to screen 

unusual phyletic pattern in the distribution of the predicted island-borne genes. Initially, 

the BLAST search was restricted to the P. aeruginosa group (NCBI taxid: 136841) to 

identify genes present among the strain relatives of LESB58. This was followed by 

restricting the search to Pseudomonadaceae family (NCBI taxid: 135621) excluding the 

P. aeruginosa group. This helped in assessing the distribution of alien genes in all the 

members of the family the LESB58 belongs to. The distribution of a putative alien gene 

was considered atypical if the majority of the LESB58’s close relatives do not carry it. 
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 Results 

In this study, we applied GEMINI to deconstruct the genome of an epidemic 

strain P. aeruginosa LES58 (80). The reasons for employing GEMINI as the method 

and P. aeruginosa LESB58 as the model organism were manifold: (a) There have been 

reports on hyper-virulence arising because of the presence of hybrid pathogenicity 

islands in the bacterial pathogens (99). Although the original MJSD-based segmentation 

and clustering method was shown to be effective in localizing the GIs (24), its ability to 

decipher the mosaic structure of GIs was never harnessed for understanding the 

contribution of the mosaicism in pathogenicity. The modified program GEMINI was 

therefore applied to the genome of a hyper-virulent strain P. aeruginosa LESB58 (80). 

We hypothesized that the unique mosaic GIs in this strain would be unraveled using 

GEMINI. (b) Previous studies had validated four GIs in LESB58 using wet-lab assays, 

and therefore, this genome provided an opportunity to benchmark GEMINI against the 

other GI prediction methods. (c) The availability of a large number of closed genomes 

provided an opportunity to compare with the first identified epidemic P. aeruginosa 

isolate, the LESB58 strain, in order to assess the genotypic differences between the 

epidemic and non-epidemic strains. 

 

 Comparative Assessment of GI Prediction Methods 

We used second order MJSD (m = 2 in Eq. 1) in GEMINI that generated 446 

segments when applied to the 6.6 Mbp P. aeruginosa LES58 genome. These segments 

were grouped into 25 clusters with the largest cluster harboring 246 strongly typical 

native segments, while 102 weakly typical native segments grouped into a separate 
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cluster. These two clusters were merged into a single native cluster using segment 

context information. The predicted alien segments were assigned to 23 clusters with the 

largest alien cluster harboring 61 segments and the rest containing much fewer (< 10) 

segments. Segments resident in the alien clusters were labeled GIs if they harbored 

eight or more contiguous genes; otherwise they were called genomic islets. Contiguous 

atypical segments belonging to different alien clusters were collectively annotated as a 

mosaic GI. The compositionally distinct segments within a mosaic GI likely represent 

different ancestries. Although the parametric methods have been useful in predicting 

alien DNAs, occasionally native genes of unusual composition, such as those with high 

expression, may be misclassified as alien, resulting in false positives. These 

misclassified native genes have atypical codon usage not representative of the bulk of 

the native or ancestral genes (14, 100). We, therefore, examined the predicted islands 

for the presence of highly expressed genes including those that encode ribosomal 

proteins. The predicted islands with abundance of these genes were reassigned to the 

core genome (16). The performance of GEMINI in identifying GIs was assessed on an 

island-rich region in the P. aeruginosa LESB58 genome (14), and was compared with 

that of MJSD, IVOM, IslandPath-DIMOB, Island Viewer, Zisland Explorer, and SIGI 

HMM. Some of these methods had earlier been used to annotate GIs in the P. 

aeruginosa LESB58 genome (14).  

The island-rich region (∼2.5–2.9 Mb) used for assessment contains four GIs that 

were confirmed by laboratory experiments (‘Verified Islands,’ VI-1 to VI-4; Figure 3.1) 

(14). The GI prediction by GEMINI and other methods in this region is shown in Figure 

3.1 that summarizes the strengths and weaknesses of different methods. Whereas 
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some methods including SIGI HMM and IslandPath-DIMOB had very limited success in 

identifying these islands, missing either entire or parts of the islands, predictions by 

IVOM was highly fragmented similar to a previous study (23). Several methods 

including GEMINI and IVOM localized VI-1 efficiently, however, their performance 

varied significantly in localizing the other three islands. 

 

Figure 3.1. Assessment of the methods for genomic island prediction on validated 
islands localized in an island-rich region in the P. aeruginosa LESB58 genome. The 
performances of commonly used GI prediction tools, MJSD, IVOM, Island-Path-DIMOB, 
IslandViewer, and SIGI HMM were compared with that of GEMINI in identifying four 
experimentally verified islands, VI-1 (2504700-2551100 bp), VI-2 (2690450-2740350 
bp), VI-3 (2751800-2783500 bp), and VI-4 (14). Unverified island region shows islands 
predicted computationally but not verified experimentally. 

While GEMINI and IVOM delineated VI-2 efficiently, both missed VI-3 entirely. In 

contrast, IslandViewer identified VI-3, however, both VI-2 and VI-3 were predicted as 

one island. The most recent published program Zisland Explorer could also identify VI-

3, however, as a part of a prediction that also spanned VI-2 and VI-4. The largest 

verified island, VI-4, posed a significant challenge to all methods. As expected, being a 

large island harboring over 100 genes, VI-4 was picked more efficiently by 

segmentation methods including MJSD and GEMINI. Overall, in comparison to other 
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methods, GEMINI was able to resolve with greater precision this large island. GEMINI, 

Zisland Explorer, MJSD, and IVOM concurred on extending the right boundary of VI-4; 

the ORFs in this region include those coding for tRNA-Cys, tRNA-Leu, a transcriptional 

regulator, a two-component system, and permease among others (Supplementary 

Table 10). 

Genome mining tool also predicted three novel islands in an unverified region 

(Figure 3.1). Each of these islands were also predicted, in entirety or in part, by one or 

more of the other methods, namely, MJSD, IVOM, or SIGI-HMM. Two of these 

predicted islands were named as LESGI-8 and LESGI-9, and the third was found to be 

a part of known “Prophage 5” (discussed in details below). 

In addition, we assessed the performance of IslandViewer, Zisland Explorer, and 

GEMINI on verified islands in P. aeruginosa PA14, namely PAPI-1 and PAPI-2 (99, 101, 

102) (Figure 3.2). Both PAPI-1 and PAPI-2 show characteristics of GI (99). PAPI-1 was 

shown to be transferrable between P. aeruginosa strains (101). GEMINI compared 

favorably in identifying both of these islands.  

 
Figure 3.2. Prediction of verified pathogenicity islands, PAPI-1 and PAPI-2, in P. 
aeruginosa PA14 by GEMINI, Zisland explorer, and Island Viewer. GEMINI was 
implemented at the same parameter setting as for the LESB58 genome, and the native 
clusters were identified by comparing with the LESB58 clusters. 

 

 Novel Genomic Islands 
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Genome mining tool predicted 20 GIs (Table 3.1) of which eight overlapped with 

the previously reported islands, whereas 12 were novel. 
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Table 3.1. Genomic islands in P. aeruginosa LESB58 genome 

Genomic 
island 

Coordinate predicted by 
GEMINI Length (bp) Number of 

genes 

Genes with 
aberrant phyletic 

pattern 

Coordinates of previously 
reported islands (9) 

Start End Start End 

LESGI-6 280017 292442 12425 9 0   

Prophage 1* - - 14824   665561 680385 
Prophage 2** 860144 906115 45971 48 45 863875 906018 
Prophage 3** 1433751 1480246 46495 56 56 1433756 1476547 
Prophage 4* - - 36805   1684045 1720850 
LESGI-7** 2054683 2071280 16597 14 14   

LESGI-1 2503361 2549406 46400 32 32 2504700 2551100 
LESGI-8 2609726 2621297 11571 13 0   

LESGI-9 2639569 2647891 8322 10 1   

Prophage 5** 2686181 2737842 51661 69 61 2690450 2740350 
LESGI-2* - - 31700   2751800 2783500 
LESGI-3** 2798951 2935111 136160 125 100 2796836 2907406 
LESGI-10** 3147091 3192857 45766 13 13   

LESGI-4** 3390565 3410660 20095 16 16 3392800 3432228 
LESGI-11 3743159 3796926 53767 40 5   

LESGI-12 3945707 3954100 8393 8 0   

Prophage 6 4545171 4555810 10639 13 2 4545190 4552788 
LESGI-13 4768774 4790400 21626 24 0   

LESGI-5** 4931495 4960934 29439 25 25 4931528 4960941 
LESGI-14 4965792 4973115 7323 9 0   

(table continues) 
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Genomic 
island 

Coordinate predicted by 
GEMINI Length (bp) Number of 

genes 

Genes with 
aberrant phyletic 

pattern 

Coordinates of previously 
reported islands (9) 

Start End Start End 
LESGI-15 5572987 5583916 10929 11 0   

LESGI-16 5656348 5683597 27249 28 0   

LESGI-17 6127068 6164062 36994 33 0   

Total   731151 596 370   

GI coordinates are based on islands obtained after recursive segmentation and agglomerative clustering. Novel predictions have been highlighted. 
Phylogenetic support is based on BLAST analysis. 

*Islands not predicted by GEMINI 

**Islands showing unusual phyletic pattern
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The segmental map of the LESB58 genome is shown in Figure 3.3, with alien 

segments (color-coded, each representing a distinct cluster) discriminated against the 

genome backbone (shown in gray). The GC content along the genome (103) is shown 

in Supplementary Figure 1, with known and novel GIs indicated for visualization against 

the GC landscape of the genome. The GC content and features of the novel GIs and 

that of the whole genome are given in Supplementary Table 11. 

 
Figure 3.3. Genomic islands in P. aeruginosa LESB58. The innermost track shows the 
genomic segments in the native cluster in gray and those in the alien clusters in color. 
Different colors represent different alien clusters generated by the GEMINI program. 
The outer track shows the GEMINI predicted genomic islands as well as the previously 
reported islands, and the outermost track shows the location of rRNA operons. The 
genome map was generated using CGView (103). A second order Markov model was 
used by GEMINI for segmentation of the LESB58 genome and clustering of similar 
segments. The significance threshold for segmentation was set at 10-10. The clustering 
thresholds for two-step clustering were both set at 10-13. 
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The novel islands were further analyzed to identify features commonly ascribed 

to GIs and for their distribution in other strains. Previous studies have reported 11 

islands, annotated LESGI 1-5 and Prophage 1-6; we followed this nomenclature to 

name novel islands predicted by GEMINI. The criteria to characterize and discriminate 

GIs from other features in a genome are as follows (14, 28): (a) atypical composition, 

(b) presence of tRNA or tmRNA genes, which often serve as insertion sites, (c) 

presence of insertion sequence elements and direct repeats flanking GIs, (d) presence 

of mobility genes, such as, integrase and transposase genes, and (e) presence of 

virulence and antibiotic resistance genes (in pathogenic strains) or genes coding for 

novel metabolic traits. A GI may have one or more of these features. GIs may also have 

mosaic structure because of the acquisition of genomic segments from different sources 

at the same locus (104). In addition to examining these features, we also examined the 

phyletic pattern of GI-borne genes, which may have limited phylogenetic distribution 

(27).  

Out of the total 596 genes identified on our predicted GIs, 370 genes show 

aberrant phyletic pattern, that is, they were absent in the genomes of a majority of the 

close relatives of P. aeruginosa LESB58. The phyletic distributions of these genes 

indicate recent HGT events that have shaped the genomes of P. aeruginosa strains. 

The set of the remaining 226 genes includes 22 tRNA genes which are known to be 

well-conserved across different strains and therefore do not show unusual phyletic 

pattern. Of the 20 GIs predicted by our method, nine islands showed unusual phyletic 

pattern, with majority of their genes having atypical distribution in the strains (Table 3.1). 
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We describe below the GIs that were identified by GEMINI but were missed by other 

methods (Table 3.1). 

3.3.2.1 LESGI-6 

Comparative analysis of the 11 P. aeruginosa strains (see Materials and 

Methods) revealed that this LESB58 island, LESGI6, was found in its entirety in the 

C7447M and PAO1 strains, and in parts in PA7, SCV20265, B136-33, and C3719 

strains (Figure 3.4A). LESGI-6 is either absent in the remaining strains or is just difficult 

to delineate in these strains because of extensive rearrangements (Figure 3.4A). 

LESGI-6 harbors nine genes, PALES_02531, PALES_02541, PALES_02551, 

PALES_02561, PALES_02571, PALES_02581, PALES_02591, PALES_02592, and 

PALES_02601 (92) including a tRNA-Arg coding gene (Figure 3.4B). The protein-

product of PALES_02541 is 100% identical to the transposase of P. aeruginosa LES431 

(NCBI protein id: YP_008940382.1). This island also harbors genes, namely 

PALES_02581 and PALES_02591, encoding type VI secretion system (T6SS) core 

proteins. Haemolysin co-regulated protein (HCP) is encoded by PALES_02591 and 

valine-glycine repeat protein G (VgrG) is encoded by PALES_02581 (92). Both HCP 

and VgrG show structural similarity to phage proteins; the HCP protein is related to tail 

protein of phage lambda, gpV (105, 106), and VgrG adopts a quaternary arrangement 

similar to gp27/gp5 complex of the bacteriophage T4 (107, 108). Further, 

PALES_02581 has four phage protein domains – a phage GPD domain, phage base V 

domain, T6SS Vgr domain and DUF2345. Importantly, the domain similar to the Vgr 

protein is integral to the function of T6SS. Interestingly, however, this island lacks the 

other T6SS genes. The roles of other genes on this island remain unclear.  
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The presence of homologous genes in other closely related strains makes it 

difficult to identify this island through comparative genomics approaches (Table 3.1). 

This island may have also been acquired by the common ancestor of P. aeruginosa or 

may have been transmitted to many P. aeruginosa strains since its acquisition. Notably, 

this region still bears atypical compositional characteristics, and could, therefore, be 

detected by GEMINI. 

 
Figure 3.4. Segmental and gene map of LESGI-6 (280017-292442 bp). (A) LESGI-6 
in P. aeruginosa LESB58 compared against the homologs in other P. aeruginosa strains 
using BLASTN. (B) Genes on LESGI-6: Signatures of transfer, namely, the phage and 
transposon genes – vgrG, hcp, tnaA, and tRNA are indicated. 

 

3.3.2.2 LESGI-7 

It is a cluster of 14 genes involved in determining the lipopolysaccharide (LPS) 

O-antigen serotype. This region is characterized by a high plasticity. Twenty different O-

antigen serotypes of P. aeruginosa have been characterized (109). The O-antigen 

genes vary among the strains of P. aeruginosa. Sequence comparison showed that 

similar sequences were also present in PA1 strain and partially in C7447M, PAO1, 

B136-33, and PA7 (Figure 3.5A).  
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LESGI-7 (Figure 3.5B) is also referred to as a replacement island, i.e., an island 

arising from diversifying selection (110, 111). LESGI-7 encoded proteins function in 

chemical modification of sugars and their assembly into polysaccharide subunits. These 

subunits are ligated to form polysaccharide chain of O antigen (112). LPS, which forms 

major component of cell wall, has been widely studied because of its role in attachment 

(113), evasion from host defenses (114, 115) and establishment of the infection (116). 

Compositional atypicality, genetic instability, presence of integration host factor beta 

subunit and a flanking tRNA-Asn gene indicate the likely horizontal acquisition of this 

island. The LPS O-antigen-serotype genes are well distributed in different strains of P. 

aeruginosa (Table 3.1). GEMINI identified this island as composed of two 

compositionally distinct segments suggesting at least two transfer events at this locus. 

Consistent with our predictions, both LESGI-7-C1 (left segment- shown in gray in Figure 

5A; genes PALES_19071- PALES_19141, 50.7% GC content) and LESGI-7-C2 (right 

segment- shown in light brown in Figure 3.5A; genes PALES_19151- PALES_19191, 

60.46% GC content) show significant difference in GC content. Both LESGI-7-C1 and 

LESGI-7-C2 carry genes encoding O-antigen serotype O6. LESGI-7-C2 also carries a 

competence protein (PALES_19191). It has high similarity to ComEA protein of P. 

aeruginosa (BLAST-100% query coverage and 99% identities). ComEA plays an 

important role in natural transformation (117). High variability in this region (111) makes 

it difficult to ascertain the putative donors of these segments. We discuss about the 

potential origin of the two segments in “Analysis of mosaic genomic islands” section 

below. 
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Figure 3.5. Segmental and gene map of LESGI-7 (2054683-2071280 bp). (A) LESGI-7 
in P. aeruginosa LESB58 compared against the homologs in other P. aeruginosa strains 
using BLASTN. Segments LESGI-7-C1 and LESGI-7-C2, shown in shades of black and 
brown, respectively, differ in oligonucleotide composition (B) Genes on LESGI-7: 
Integration host factor beta subunit and a flanking tRNA gene, indicative of the 
horizontal acquisition, are indicated. 

 

3.3.2.3 LESGI-8 

It corresponds to the island near 2.6-Mbp region in the unverified island region 

(UVIR; Figure 3.1). As noted earlier, MJSD, SIGI- HMM, and IVOM detected only parts 

of this island. This island is also present in B136-33, C7447M, PAO1, and SCV20265 

strains. Homology search shows the presence of parts of this island in PA1 and PA7 

(Supplementary Figure 2A). 

LESGI-8 is composed of 13 genes, and encodes a probable type II secretion 

system (T2SS; Supplementary Figure 2B). T2SS, like other bacterial secretion systems, 

plays an important role in pathogenesis and virulence (118). In the P. aeruginosa core 

genome, T2SS is encoded by a set of 11 contiguous genes arranged in two operons 

and an additional gene located outside of the two operons (118). Of these T2SS genes, 

six were found on this island and the rest in the core genome. These include general 

secretion pathway proteins GspE (PALES_24271), GspF (PALES_24281), GspG 
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(PALES_24291, PALES_24301), GspI (PALES_24311), and GspJ (PALES_24321). 

GspE acts as ATPase and GspF, GspG, GspI, and GspJ are integral membrane 

proteins (119, 120). 

All the genes found on this island are well distributed in the P. aeruginosa group 

but do not have significant homology outside of the P. aeruginosa group (NCBI taxid: 

136841; Table 3.1), suggesting an ancient transfer of this island into the genome of the 

common ancestor of P. aeruginosa clade. 

 

3.3.2.4 LESGI-9 

Similar to LESGI-8, it was identified near ∼2.65 Mb region in the UVIR (Figure 

3.1). This island was identified by MJSD as well. LESGI-9 was almost entirely found in 

B136-33, C7447M, PA1, PA7, PAO1, SCV20265, and PA14 strains (Supplementary 

Figure 3A). It was absent from other strains included in this study. 

This island consists of a partial gene cluster of NADH dehydrogenase, 

methyltransferase, an uncharacterized protein and an exported protein (Supplementary 

Figure 3B). Gene PALES_24541 on this island, which codes for an uncharacterized 

protein, was absent in all other strains analyzed in this study. 

 

3.3.2.5 LESGI-10 

This is another replacement island harboring genes involved in pyoverdine 

synthesis (110). This region is known to acquire frequent mutations (110). Therefore 

only parts of this island are identified in other strains of P. aeruginosa by the sequence 

comparison (Figure 3.6A). The genes of this island were classified into two distinct 
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clusters by GEMINI. One cluster is comprised of sip and pvdI genes and the other 

cluster contains all the remaining pyoverdine genes from pcdJ-pvdF (Figure 3.6B).  

Pyoverdines are primary siderophores of P. aeruginosa, which are important for 

iron acquisition and may also play a role in virulence (121, 122). LESB58 has a Type III 

pyoverdine region. The Type III pyoverdine region is characterized by unusual codon 

and oligonucleotide usages, indicating perhaps a recent history of HGT in the evolution 

of LESGI-10 (123). Genes in the pyoverdine region showed high similarity to the genes 

in the soil bacteria, mainly, Azotobacter vinelandii and Agrobacterium tumefaciens (110) 

 
Figure 3.6. Segmental and gene map of LESGI-10 (3147091-3192857 bp). (A) LESGI-
10 in P. aeruginosa LESB58 compared against the homologs in other P. 
aeruginosa strains using BLASTN. Segments LESGI-10-C1 and LESGI-10-C2, shown 
in shades of black and brown, respectively, differ in oligonucleotide 
composition. (B) Genes on LESGI-10: This replacement island harbors a cluster of 
pyoverdine genes (pvdI to pvdF). 

 

3.3.2.6 LESGI-11 

It is a mosaic island with a bipartite structure (Supplementary Figure 4A). 

Segment LESGI-11A is absent, almost in its entirety, in all strains of P. aeruginosa. 

However, the segment LESGI-11B was almost completely present in PAO1 and PA7, 

and partially in C7447M, B136-33, SCV20265, and PA7 strains.  
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The segment LESGI-11A consists of six genes, all of which code for hypothetical 

proteins. The second segment LESGI-11B is comprised of 34 genes including an 

incomplete cluster of phenazine genes, from phzG2–phzC2, involved in phenazine 

biosynthesis (Supplementary Figure 4B). Phenazines are metabolites that function in 

virulence (123) and microbial competitiveness (124). 

 

3.3.2.7 LESGI-12 

LESGI-12 was identified completely in B136-33, C7447M, PA1, PA7, PAO1, 

SCV20265 but was absent in the other strains (Supplementary Figure 5A). It harbors 

eight genes including those that code for membrane proteins (CmpX and OprF), metal 

ion transporter (PALES_35561) and a regulatory gene (PALES_35531;(125)). The oprF 

gene (Supplementary Figure 5B) codes for a structural outer membrane porin involved 

in maintaining the cell shape and the ability to grow in low osmolarity medium (125). 

The presence of OprF contributes to increasing antibiotic resistance by making the P. 

aeruginosa less permeable (126, 127). The expression of oprF is elevated in Australian 

epidemic strain of P. aeruginosa compared to non-transmissible strains PAO1 and 

PA14, perhaps indicating its role in transmissibility (128). The genes harbored on this 

island have homologs in several strains of P. aeruginosa, perhaps suggesting an 

ancient transfer or multiple acquisitions in the P. aeruginosa strains. The nearest, non-

Pseudomonas homolog of OprF is found in Azotobacter chroococcum and Azotobacter 

vinelandii with 72 and 69% identity, respectively. A. chroococcum was isolated in 1901 

as an infectious agent associated with tobacco-mosaic disease, and it fixes nitrogen 

under aerobic conditions (129). It is possible that P. aeruginosa acquired oprF gene and 
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ameliorated to exploit its codon usage as the presence of this conferred many selective 

advantages. 

 

3.3.2.8 LESGI-13 

Sequence comparison showed that region similar to LESGI-13 is also present in 

C7447M, PA1, PAO1, SCV20265, B136-33, and in-part in PA7 and PA14 

(Supplementary Figure 6A). It contains chaperone-usher pathway (cup) and tolQRAB 

gene clusters (Supplementary Figure 6B). The cup gene cluster is involved in 

assembling fimbriae (130). These fimbrial structures have been reported to play a role 

in pathogenesis (131) and biofilm formation (132, 133) . In particular, the cupC system 

found on this island is known to be involved in biofilm formation (130, 134). 

The tolQRAB cluster was originally identified in P. aeruginosa (135) and was 

shown to be involved in the uptake of pyocin AR41 (135). The E. coli tol system has 

been shown to contribute to the integrity of cell membrane, resistance to antibiotics and 

detergents, and colicin uptake (136, 137, 138). These genes are required for the uptake 

of V. cholerae CTXϕ, a lysogenic filamentous bacteriophage that encodes cholera toxin 

(139). 

 

3.3.2.9 LESGI-14 

It was found almost entirely in PA1 and B136-33 strains and partly in C7447M, 

PAO1, SCV20265, PA7, and PA14 (Supplementary Figure 7A). However, the individual 

genes harbored by this island are well distributed in the P. aeruginosa strains (Table 
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3.1). It contains genes coding for mostly hypothetical proteins and its role needs to be 

further investigated (Supplementary Figure 7B). 

 

3.3.2.10 LESGI-15 

The complete sequence of LESGI-15 was found in B136- 33, C7447M, PA1, 

PA7, PAO1, and SCV20265 strains (Supplementary Figure 8A). The genes on this 

island are well spread amongst the strains of P. aeruginosa (Table 3.1). It houses a 

TonB-dependant receptor gene, which is known to be involved in iron uptake in P. 

aeruginosa (140).  

 

3.3.2.11 LESGI-16 

This island was also found in B136-33, C7447M, PA1, PA7, PAO1, and 

SCV20265 strains while absent from the other strains (Supplementary Figure 9A). 

Phyletic pattern again indicates a likely ancient transfer of LESGI-16 (Table 3.1). It 

harbors genes coding for synthase, mutase, isomerase, reductase and 

nucleotidyltransferase, and tRNA genes (Supplementary Figure 9B). 

 

3.3.2.12 LESGI-17 

Sequence comparison identified this island to be present almost in entirety in 

B136-33 and partly in C7447m, PA1, PAO1, PA7, and SCV20265 strains (Figure 3.7A). 

LESGI-17 (Figure 3.7B) is a cluster of 33 genes including genes encoding multidrug 

resistance proteins, drug efflux transporters and probable two component regulatory 

system, and tRNA genes. This island is mosaic, with one segment containing a single 
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gene, PALES_55661, coding for a hypothetical protein and the other segment 

containing the rest of the LESGI-17 genes.  

This island is present in the close relatives of LESB58 (Table 3.1), indicating an 

ancient transfer, however, its atypical composition as indicated by GEMINI suggests 

that this island has not yet completely ameliorated its composition to that of the native 

genome, as was observed with several other LESGIs. 

The GI features identified in these novel islands are summarized in 

Supplementary Table 11. 

 
Figure 3.7. Segmental and gene map of LESGI-17 (6127068-6164062 bp). (A) LESGI-
17 in P. aeruginosa LESB58 compared against the homologs in other P. 
aeruginosa strains using BLASTN. Segments LESGI-17-C1 and LESGI-17-C2, shown 
in shades of black and brown, respectively, differ in oligonucleotide 
composition. (B) Genes on LESGI-17: The presence of genes encoding a multidrug 
resistance protein and a drug efflux transporter is indicated. 

 

 Missed GIs 

Islands identified by Winstanley et al. (9) but missed by GEMINI were earlier 

annotated as Prophage 1 that codes for pyocin R2, Prophage 4, and LESGI-2 (VI-3; 

Table 3.1). The lack of atypical compositional biases (9) precluded the detection of 
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these islands by our method. This suggests that these islands could perhaps be one of 

the early acquisitions resulting in the loss of compositional bias. 

 

 Analysis of Mosaic Genomic Islands 

Mosaic GIs have previously been described in P. aeruginosa (73, 104). Analysis 

of the island-rich region in LESB58 strain demonstrated the ability of GEMINI to 

decipher the mosaic structure of the GIs (Figure 3.1). Among the verified islands, VI-2 

and VI-4 showed the mosaic structure (Figure 3.1). This study identified six mosaic 

islands in LESB58 using GEMINI (LESGI-3, 7, 10, 11, 17, and Prophage-5; Table 3.1; 

Figures 3.1, 3.3, 3.5, 3.6, 3.8, and 3.9; Supplementary Figures 4 and 7), of which three 

are novel (LESGI-7, 10, and 11). Overall, deciphering the mosaic structure through 

recursive segmentation and agglomerative clustering helped not just identify the islands 

in P. aeruginosa LESB58 more precisely but also reveal the underlying structural 

organization of the acquired genetic elements in this strain (Figure 3.1; Table 3.1). Our 

sensitive and robust detection of islands and their underlying structures provided an 

opportunity to examine their distributions in closely related genomes and trace their 

ancestries. Comparative genomics of these islands shed light on the disparate lineages 

of the segments comprising the mosaic GIs and their contributions to pathogenicity. 

LESGI-3 is among the 11 annotated islands and corresponds to the fourth 

verified island (VI-4) in Figure 3.1. The three segments that compose this island in P. 

aeruginosa LESB58, annotated LESGI-3-C1A, LESGI-3-C2, and LESGI-3-C1B (LESGI-

3-C1A and LESGI-3-C1B share similar composition) displayed unusual phyletic pattern 

in their distributions in the closely related strains that included rearrangements, 
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inversions, and losses of DNA segments (Figure 3.8). This island in LESB58 appears 

unique, as none of the other strains carries a GI with similar structure, and therefore is a 

potential biomarker candidate for this strain. Segment LESGI-3-C1A in particular was 

almost entirely absent in the strains used in this study. Besides harboring genes 

conferring metal resistance (PALES_26101, PALES_26181, PALES_26231, and 

PALES_26321), it also carries genes encoding transcriptional regulators 

(PALES_26061, PALES_26071, PALES_26141, and PALES_26241). None of these 

transcriptional regulators is present in the other representative strains. The LysR type 

transcriptional regulator has previously been shown to regulate genes involved in 

pathogenesis (141, 142). Both PALES_26061 and PALES_26071 harbored on LESGI-

3-C1B have been annotated as members of LysR type transcriptional regulator gene 

family, whose role is not yet well understood (Figure 3.9). 

 
Figure 3.8. Genomic island LESGI-3 (2798951-2935111 bp). Mosaic compositional 
structure of LESGI-3, compared against homologs in ten other P. aeruginosa strains 
using BLASTN. Segments LESGI-3-C1A and LESGI-3-C1B, shown in blue and green, 
respectively, share similar composition. 
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Figure 3.9. Gene map of LESGI-3: Genes harbored by individual segments of LESGI-3 
(2798951-2935111 bp). LESGI-3-C1A carries transcriptional regulator genes. LESGI-3-
C2 carries metal resistance genes encoding mercuric reductase and Co/Zn/Cd efflux 
system component. LESGI-3-C1B harbors a phage gene and tRNA genes. 

 

If GEMINI deciphers the mosaic structure of GIs robustly, then our hypothesis is 

that the segments within our predicted islands have distinct evolutionary origins, and 

therefore, the segments should display high BLAST coverage and identity to different 

distant taxa. We indeed observed so. The first segment, LESGI-3-C1A (Figures 3.8 and 

3.9), showed the highest similarity to Acidovorax ebreus TPSY (query coverage 92% 

and nucleotide identity 99%) belonging to beta-proteobacteria, whereas P. aeruginosa 

is a gamma-proteobacterium. Acidovorax ebreus is an anaerobic nitrate-dependent Fe 

(II) oxidizer. The second segment, LESGI-3-C2, showed maximum similarity with 

another beta-proteobacterium Achromobacter xylosoxidans (query coverage 91% and 

nucleotide identity 97%). The third segment, LESGI-3-C1B, didn’t display significant 

similarity with any distant taxa (the closest one had only 9% query coverage), 

suggesting that this segment has arrived from an organism whose genome is yet to be 

sequenced or has undergone significant changes since its acquisition. 
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The high nucleotide-level similarity between the segments of LESGI-3 and 

potential donors suggests that LESGI-3 is a recent acquisition. Donors of ancient 

acquisitions could be difficult to predict because of the amelioration or divergence of a 

sequence since its acquisition. In instances where we didn’t observe significant 

nucleotide identities, we went further to assess conservation at the amino acid level 

using the BLASTX program. Furthermore, we analyzed the distribution of GI-borne 

genes at different taxonomic levels (Supplementary Table 12). For example, if a gene is 

present in the members of the Pseudomonadaceae family, however, is either absent or 

sparsely distributed outside of the family but within the order Pseudomonadales, then 

we considered it as a putative alien gene. 

LESGI-7 and LESGI-10 are replacement islands with high plasticity (110). This 

makes finding the potential donors of the component segments difficult. Frequent 

genomic rearrangements may further aggravate this problem. The geneby-gene 

analysis of the segments suggests several potential donors for LESGI-7A 

(PALES_19071–PALES_19141), including Streptococcus pneumoniae, Microbulbifer 

variabilis, Thauera sp. MZ1T, Vibrio Cholerae, Nitrosococcus oceani, 

Desulfotomaculum kuznetsovii, Desulfotaela psychrophila, and Burkholderia sp. SJ98. 

Unusually high similarity to genes in distant lineages, outside of Pseudomonadales than 

within this order (excluding Pseudomonadaceae), as elicited by the BLAST best hits, 

indicated the likely origins of the LESGI-7A genes (Supplementary Table 12). Similarly, 

the LESGI-7B genes had the best BLAST hits outside of the Pseudomonadales order, 

to organisms such as Bordetella petrii, Polaromonas naphthalenivorans, Microbulbifer 
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variabilis, Gamma proteobacterium L18, and Gallibacterium genome sp. 2 

(Supplementary Table 12). 

The potential donors of the two genes on LESGI-10A, PALES_28941 and 

PALES_28951, based on the sequence comparison, could be gamma proteobacterium 

L18 and Archangium gephyra, respectively, again from a different taxonomic order 

(Supplementary Table 12). The potential donor for LESGI-10B is inferred to be either 

Cellvibrio japonicus, Azospirillum thiophilum or one of the members belonging to 

Burkholderiales order, namely, Alcaligenes faecalis, Janthinobacterium sp. HH01 or 

Burkholderia sp. (Supplementary Table 12). 

LESGI-11 and LESGI-17 also showed similar atypical distribution of their genes. 

These genes while conserved within Pseudomonadaceae were either sparsely 

distributed or absent within other families of the order Pseudomonadales but again well-

conserved in certain lineages outside of this order. LESGI11A consists of a group of 

hypothetical proteins. Genes on this segment have aberrant phylogenetic distribution 

within the P. aeruginosa group. The organisms with top BLAST hits for these genes 

included Xanthomonas arboricola, Vibrio cholerae, Spongiibacter sp., Poephila 

acuticauda, Aquitalea magnusonii, and Yersinia pseudotuberculosis (Supplementary 

Table 12). We found many of these LESB58 genes missing from several strains of P. 

aeruginosa indicating either a recent acquisition or gene loss from multiple strains. 

Conversely, LESGI-11B may likely be an ancient acquisition, as evinced by its ubiquity 

within Pseudomonadaceae family. Streptococcus pneumoniae was found to be among 

the best hits for nine out of the 33 LESGI-11B genes (Supplementary Table 12). 
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Of the 31 genes on LESGI-17A, nine genes had the best hits in Streptococcus 

pneumoniae. Sequence comparison indicates other potential donors of the segment to 

be gamma proteobacterium L18 or Burkholderia sp. LESGI-17B is comprised of two 

genes, a beta-ketoacyl gene with the best hit in Paraglaciecola arctica and a 

hypothetical protein with the best hit in Fusicatenibacter saccharivorans (Supplementary 

Table 12). 

We further examined whether these best BLAST hits in distant taxa originate 

from either the core or the accessory. In all instances, these genes were found to 

originate from core genomes of the donors (Supplementary Table 13) 

 

 Functional Classification of Core and Accessory Genomes 

The above analyses demonstrated the sensitivity and robustness of GEMINI in 

identifying the GIs. This motivated the functional analyses of the native or core and the 

accessory genome of the LESB58 strain. Core genome has traditionally been defined 

based on sequence comparisons and ortholog analyses (70, 71, 72). As expected, as 

more and more new strains are identified and sequenced, the core genome keeps 

shrinking (74). In contrast, our predicted core genome is comprised of segments with 

compositional biases representing the mutational proclivities of native or ancestral 

genes. By definition, this core genome contains the typical (native) genes present in the 

genome of interest, which may or may not have been retained in other strains of P. 

aeruginosa. This allowed identifying the core genome of P. aeruginosa LESB58 based 

on oligonucleotide composition, independent of sequence comparison across P. 

aeruginosa strains. Accordingly, the P. aeruginosa LESB58 core genome is defined 
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here as the collection of genes bearing the oligonucleotide compositional signature of 

ancestral genes resident within the largest cluster generated by GEMINI. As mentioned, 

the recursive segmentation and agglomerative clustering were performed within the 

framework of a second order Markov chain model and therefore, the core of the 

genome was identified based on trinucleotide compositional signature. The largest 

cluster, comprised of ∼87.2% of the genome, represents the core genome of P. 

aeruginosa LESB58 (shown in gray in Figure 3.3). 

To assess the functions of core genes, we obtained the functional classification 

data from Pseudomonas Genome Database (92). The core genomes predicted by 

GEMINI, and Spine and AGEnt (143) did not show significant difference in their 

functional composition (Figure 3.10; Supplementary Figure 10). GEMINI classified 

∼16% core genome as involved in information storage and processing, ∼23% dedicated 

for cellular processes and signaling, ∼39% with metabolic functions, and the remaining 

(∼22%) as yet uncharacterized or poorly characterized, similar to the prediction by 

Spine and AGEnt (Supplementary Figure 10). 

 
Figure 3.10. Functional distributions of P. aeruginosa LESB58 genes. The distribution of 
genes identified either core or accessory by GEMINI, & Spine and AGEnt 

 



77 
 

Of the 698 alien genes identified by GEMINI, 465 were shared with the Spine 

and AGEnt output of 1403 accessory genes. The overlapping set of 465 accessory 

genes (two-third of the GEMINI predicted alien genes) thus represents accessory 

genome with a high confidence. The remaining 233 were classified as core genes by 

Spine and AGEnt, due to their presence in most P. aeruginosa strains. However, their 

atypical composition and physical association with other atypical genes within the 

genome suggest their likely lateral acquisition in the genomes of many P. aeruginosa 

strains or in the genome of a common ancestor. We have thus included these 233 

genes as part of accessory genome. 

We also analyzed the functional classification of the accessory genes that were 

predicted by GEMINI but not by Spine and AGEnt, and vice-versa (Figure 3.10). 

Accessory genes unique to GEMINI were enriched for functions, such as, energy 

production and conversion, amino acid metabolism and transport, nucleotide 

metabolism and transport, coenzyme metabolism, translation, replication repair, cell 

wall/membrane/envelop biogenesis, post-translational modification, protein-turnover, 

chaperone, and cytoskeleton (Figure 3.10). Notably, previous studies have also 

reported HGT of translation, transcription, replication, recombination, and repair-

associated genes (144, 145) . Likewise, the accessory genes predicted by Spine and 

AGEnt but not by GEMINI are enriched in RNA processing and modification, cell cycle 

control and mitosis, carbohydrate metabolism and transport, lipid metabolism, 

transcription, cell motility, inorganic ion transport and metabolism, secondary structure, 

signal transduction, intracellular trafficking and secretion, nuclear structure, and defense 

mechanism (Figure 3.10). 
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 Discussion 

A previously published method (24) augmented by segment context information 

was used to decipher novel genomic elements that may be contributing toward 

hypervirulence and antibiotic resistance in bacterial pathogens. Here, we used this 

modified method to revisit P. aeruginosa LESB58 whose epidemic nature remains an 

enigma. Functional analyses of the putative GIs indicate the propensity of LESB58 to 

acquire GIs that help increase its fitness by providing new functions. This study reveals 

that by acquiring numerous GIs LESB58 has acquired additional virulence (LESGI-6, 8, 

10, 11, 13, and 15), drug and metal resistance (LESGI-12 and -17), adapted to the host 

environment by evading immune response (LESGI-7), and added versatility to its 

metabolic repertoire (LESGI-9, -16, and -17). Furthermore, GEMINI shed light on 

mosaic structures of GIs and their potential to contribute to the evolution of 

pathogenicity. 

The robustness of GEMINI stems from its ability to identify even weakly atypical 

genomic segments. Furthermore, the top-down genome segmentation allows to 

delineate the boundaries of GIs more precisely than the frequently used moving window 

methods. Our analyses also highlight the problems associated with alignment-based 

approach to identify large regions with atypical composition. Our composition-based 

approach, however, is able to not just delineate the GIs but also deconstruct their 

mosaic structure. Interestingly, our data suggest ancient acquisition for many of the 

predicted mosaic GIs, which may otherwise be difficult to ascertain using methods that 

examine gene distribution in close relatives. Many predicted GIs had a significant 

number of genes that were present in a majority of the P. aeruginosa strains (Table 
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3.1). While we used a simple majority rule to infer conserved genes in the P. aeruginosa 

strains, this is a more relaxed estimate of the conserved genes, and it is possible many 

of these conserved, predicted island borne genes could indeed be alien genes which 

might have got transmitted to multiple strains since their acquisition, or might have been 

acquired independently by multiple strains. Furthermore, it is possible that the islands 

displaying conserved pattern among the strains might have been acquired by the 

common ancestor of P. aeruginosa. Ancient acquisitions are also difficult to detect using 

composition-based methods, however, the ability of GEMINI to simultaneously analyze 

multiple genes via recursive segmentation enabled detection of these weakly atypical 

regions in the LESB58 strain. These loci in LESB58 may have been subject to recurrent 

evolutionary changes, including gain and loss of genes, over a longer period. This was 

revealed in this study, with segments of several mosaic GIs seem to have acquired 

genes from different lineages. These hotspots of gene acquisition may have played a 

major role in the emergence and evolution of pathogenic and resistant strains in this 

clade.  

Notably, unlike alignment-based methods, including BLAST, our compositional 

approach is not sensitive to evolutionary changes such as rearrangements that disrupt 

the genomic contiguities confounding the ability to discern shared evolutionary signals. 

Analysis of the segments comprising LESGI-3 indeed supports this– the segment 

LESGI-3-C1B lacks a significant BLAST hit, however, our study shows that LESGI-3-

C1A and LESGI-3-C1B (Figure 3.8) share significant compositional similarity, 

suggesting that the donors of these DNA elements likely belong to the same 

phylogenetic taxa. In addition, it provides a window into the ecological niche that was 
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shared by these three species. In fact, both Acidovorax and Achromobacter species 

have been found in the lungs CF patients (146, 147). The latter is considered an 

emerging pathogen in various clinical settings, such as pneumonia, catheter-associated 

infections and urinary tract infections (148). 

The genomes of Acidovorax ebreus and Achromobacter xylosoxidans were 

recently sequenced (146, 149) . Both species code for genes that can confer antibiotic 

resistance and other virulence phenotypes. For an example, it is a huge concern that 

Acidovorax ebreus has regions that may confer resistance to lead (pbrRATARTBC), 

arsenate (arsRDAB), and mercury (merRPCADE) (149). It has been demonstrated that 

metal resistance gives rise to concomitant antibiotic resistance (150, 151). In addition, 

Acidovorax ebreus harbors one CRISPR (clustered, regularly interspaced, short 

palindromic repeats) region (152) that has been used as a biomarker for P. aeruginosa 

epidemic strains. Together, these data suggest gene flow between P. aeruginosa and 

A. ebreus. 

Availability of verified islands in the LESB58 strain afforded the opportunity to 

assess the strengths and weaknesses of GI detection methods including GEMINI. While 

GEMINI performed well in localizing large validated islands, it completely missed a 

relatively smaller validated island, VI-3 (Figure 3.1), which was, however, picked by 

IslandViewer and Zisland Explorer albeit as a part of their largest predictions. This 

island was also missed by other methods tested here. Failure of these tools to identify 

this verified island can be attributed to the lack of compositional bias or other identifying 

features (14). It is possible that this island could be representing an ancient transfer 

event and therefore the composition of VI-3 could have ameliorated to the recipient 
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genome composition over the passage of time since this transfer (14). Alternatively, it 

may have been acquired from a phylogenetically proximal donor. This is reflected in its 

sequence composition similar to that of the native genome as indicated by its 

assignment to the native cluster by GEMINI, and as previously reported (9). In addition, 

V1- 3 is present in many P. aeruginosa strains (14). Our results highlight the 

complementary strengths of different methods and therefore the need to exploit the 

complementarity to take GI detection to new heights. Future work could focus on more 

robust evaluation of GI detection methods including GEMINI across diverse species and 

leverage this information to develop integrative approaches for more robust detection of 

GIs. 

While the focus of this study was to decipher the accessory genome of LESB58, 

it also afforded an opportunity to examine the native or core genome predicted by 

GEMINI. Previous studies using comparative genomics have reported ∼90% of the 

LESB58 genome as being the part of P. aeruginosa core genome (70, 73, 153). 

Comparative analysis of 18 P. aeruginosa genomes by Spine and AGEnt (143) 

identified ~75.1% of the LESB58 genome as the core genome, which shrank to ~74.3% 

when 22 strains were used. Spine and AGEnt identified a significantly smaller core 

genome compared to GEMINI, which classified ~87.2% of the LESB58 genome as core. 

However, sequence comparison methods for core genome determination, such as 

Spine and AGEnt, are prone to eliminating the ancestral genes lost from one or more 

strains. 

Compared to Spine and AGEnt, the composition-based approaches offer the 

advantage of determining the genome specific core, independent of genome 



82 
 

comparison, and thus present a “stable” core, which has otherwise been shrinking with 

the addition of more sequenced genomes. Furthermore, the genome segmentation can 

also help identify ancestral non-coding sequences, such as, those of non-coding RNA 

genes. 

 

 Conclusion 

The epidemic strain LESB58 remains enigmatic despite significant advances in 

the pathogenomics of P. aeruginosa. Here we have shown that the difficulty in 

understanding the emergence of hyper-virulent strains, such as LESB58, lies partly in 

the inability of the current approaches in localizing large structures encoding virulence 

and/or resistance functions and in deconstructing the mosaic structures of GIs that often 

have direct bearing on the increased virulence observed in newly emerged pathogenic 

strains. Not unexpectedly, we identified many new GIs through the LESB58 genome 

segmentation, most of which harbored genetic elements encoding antibiotic resistance 

and virulence factors. Furthermore, the same approach shed light on the mosaics that a 

number of these islands are, and how genome innovation driven by HGT results in 

unique genetic markers that characterize pathogenic strains and their traits. 

Comparative genomics revealed that many of these islands are mosaics of DNAs of 

opportunistic pathogens co-residing within the lungs of CF patients. This suggests that 

the source of the new traits could be hybrid DNAs created via recombination between 

co-resident pathogens in CF patients. Apparently, this frequent DNA exchange is driven 

by evolutionary pressures on bacteria to survive in hostile environments such as the 

lungs of CF patients. Our study also identified a potential biomarker for the LES strains. 
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Future studies should focus on such genetic markers conferring complex traits, whose 

inactivation or expulsion could diminish the virulence or resistance potentials of new or 

emerging pathogenic strains. 
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CHAPTER 4 

CAFE: COMPOSITIONAL ANOMALY AND FEATURE ENRICHMENT ASSESSMENT 

FOR DELINEATION OF GENOMIC ISLANDS 

4.1 Introduction 

Genomic islands (GIs) are clusters of functionally related genes that are 

mobilized across organisms through mechanisms other than vertical inheritance, 

namely, transformation, conjugation, and transduction (15). The horizontal acquisition of 

genes enables microbes to modulate their repertoire of genes. GIs are an important 

instrument that plays a major role in the evolution of microorganisms. GIs may be 

involved in adaptability, fitness and competitiveness (154, 155), and may be important 

clinically as these can be enriched in genes that can lead to emergence of new 

pathogens or antibiotic resistant strains.  

Because of the versatile functions encoded in GIs and their impact on the 

evolution of microbes and their interactions with hosts, significant efforts have gone into 

quantification of the presence of GIs (15, 27, 156). GIs have traditionally been 

deciphered using wet lab approaches that utilize subtractive hybridization or 

suppression subtractive hybridization, or DNA-DNA hybridization, enabling genome 

comparison to identify strain specific sequences (155, 157). Another approach called 

island probing (158) uses counterselectable markers (155). However, exhaustive 

quantification of GIs using wet lab techniques is not feasible, in particular of the GIs that 

could have integrated into the genomes of close relatives. Furthermore, this could be 

time consuming and expensive. Whole genome sequencing and comparative genomics 

spurred by the recent advances in sequencing have enabled high-throughput genome-
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wide studies to localize mobile genomic elements and quantify their influence on 

microbial evolution. A number of computational methods that perform either standalone, 

single genome or comparative, multiple genome analyses to identify GIs have been 

developed in recent years (18, 21, 26, 27, 28, 29, 30, 49, 50, 98, 159). Among the most 

frequently used approaches are those that search for characteristic markers, such as 

tRNA genes in the host genome where GIs may integrate, direct repeats that flank 

them, integrase genes, transfer genes, phage-related sequences, conjugative elements, 

and other mobile genetic elements such as IS elements (21, 160, 161).  

Integration of GI splits the tRNA gene but is regenerated by the island 

sequences; GI boundaries could thus be localized by identifying the regenerated tRNA 

and its displaced fragment using sequence alignment (21, 162). Further, GIs often 

possess genes involved in mobility and integration/recombination, such as those 

encoding integrases, transposases, recombinases and excisionases (27, 163, 164). 

Sequences flanking GIs may also bear evidence of GI integration. Phage insertion at 

tRNA sites often results in direct repeat sequences (27). GIs may also harbor genes 

involved in pathogenicity and drug resistance, and may be enriched in genes with yet 

unknown functions (“hypothetical proteins”) or of phage origin (27). However, this 

approach gives a conservative estimate of islands, missing those that integrate at sites 

other than tRNA or tmRNA genes or missing islands deficient in identifying features or 

markers that might have been eliminated by subsequent evolutionary decay of the 

islands.  

Another class of methods exploit the atypical compositional features of GIs, such 

as unusual GC content or oligonucleotide composition or codon usage pattern. These 
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atypical features reflect the compositional biases of the donors and can thus be 

identified as distinct signals against the recipient genome background. These methods 

often invoke either bottom-up gene by gene approach, e.g. SIGI-HMM that examines 

codon usage bias, (26, 29) or moving window approach, e.g. AlienHunter that uses 

variable order oligomer frequencies within a sliding window (18) and Mean Shift 

Genomic Island Predictor (MSGIP) that detects windows of genes with atypical 

composition (30). Because of the variable compositional character of GIs, weakly 

atypical genes or windows are often misclassified, which complicates the detection of 

island boundaries. Furthermore, the moving-window methods are sensitive to window 

size– smaller size increases stochastic fluctuations while larger size diminishes 

resolution. These methods are also prone to misclassifying genes or regions that 

display anomalous composition for reasons other than horizontal acquisition. 

To minimize false positives, combinations of these approaches have also been 

proposed. IslandPath-Dimob uses presence of mobility genes, t-RNA insertion sites, 

and dinucleotide compositional bias to predict GIs (21). IslandViewer (22, 98) is an 

integrated interface that combines the predictions of different methods including SIGI-

HMM and IslandPath-Dimob to localize GIs with high confidence. GIHunter (159) uses 

eight GI-associated features including gene density, intergenic distance, phage genes, 

tRNA genes, genes encoding integrase or transposase, highly expressed genes, and 

the AlienHunter score. These methods could be highly specific, though at the cost of 

numerous false negatives. In contrast, PredictBias (49), a moving window approach, is 

designed to be more sensitive- genomic regions with unusual codon usage and either 
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atypical GC composition or atypical dinucleotide composition, or with an abundance of 

virulence genes are deemed GIs. 

Among the comparative genomics or phylogenetic methods, one approach is to 

search for genomic regions with limited phylogenetic distribution, that is, those regions 

that are absent from the genomes of close relatives are inferred as GIs. IslandPick (27) 

is an example of this class of methods. This approach, however, requires multiple 

strains of closely related species. Lineage-specific gene loss may further confound the 

inference.  

It was recently suggested that GIs could be more robustly identified using a top-

down approach that allows examination of genes en masse (23, 24). The premise of 

this approach is simultaneous analysis of GI harbored genes, both weakly atypical and 

strongly atypical, in order to decipher the GI structure more robustly. One such method, 

Markovian Jensen-Shannon divergence, MJSD, which is based on a recursive 

segmentation procedure, indeed delineated GIs significantly better than other methods 

(23). This has spurred development of more segmentation based methods, including 

Zisland Explorer that uses cumulative GC profile for GI identification (26) and GEMINI 

that utilizes segment context information within an integrated segmentation and 

clustering framework to delineate GIs (19).  

Although further development of more sensitive, top-down methods for GI 

detection is sorely needed, there are significant challenges that must be overcome. The 

segmentation procedure is often followed by an agglomerative clustering procedure for 

grouping of compositionally similar segments (24). This makes possible identification of 

“typical” (the most abundant, potentially vertically inherited or native) and “atypical” 
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(potentially horizontally acquired or alien) genomes by virtue of the cluster size, with the 

largest cluster representing the genome backbone (i.e. the native genome) while the 

others representing the accessory or alien genome. Although this makes possible an 

unbiased analysis of a genome, agglomerative clustering of segments is fraught with 

risks. While grouping of segments at stricter stringencies may render clusters that are 

“pure”, i.e. harboring either native or alien DNA segments but not both, however, 

numerous native clusters as well as alien clusters thus generated could complicate the 

reconstruction of the genome structure. Relaxing the stringency may result in 

undesirable mergers of clusters. This is particularly true in this case where weakly 

typical, native segments may coalesce into one or more clusters that are deemed 

distinct from the cluster harboring strongly typical, native segments; allowing these 

native clusters to merge by relaxing the stringency may cause clusters harboring weakly 

atypical, alien segments to coalesce with the native clusters. This may also result in 

undesirable mergers of clusters representing closely related but distinct donors. On the 

other hand, certain class of native segments, e.g. those harboring highly expressed 

genes of apparently unusual codon usage, may coalesce into clusters of their own and 

may not merge with the backbone cluster even at relaxed stringencies. One way to 

circumvent this is to utilize biological information, such as segment context information, 

for cluster merger after generating apparently pure clusters at a stringent clustering 

threshold (19). Further experiments show that whereas this may work for some strains, 

this is not universally applicable for any choice of threshold (further discussed below).  

Deconstruction of segmental structure underlying a genome is critical to 

deciphering GIs, as the data from recent studies suggest (24, 26). Furthermore, for a 
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robust and sensitive detection, GIs that have lost the recognizable features or markers 

must also be identified and atypical segments that are compositionally deviant for 

reasons other than HGT must be eliminated from predictions. The success of such 

procedures depends on robust grouping of genes or segments of similar ancestry or 

origin. Our survey of the methods for GI detection revealed that none of the current 

methods has the ability to accomplish this. We therefore embarked on developing an 

approach that could utilize biological information specific to GIs within an integrated 

framework of segmentation and clustering. We hypothesized that GIs lacking 

recognizable features or markers could be identified if analyzed together with GIs 

enriched with these markers. Our hypothesis is based on the assumption that not all GIs 

originating from a donor taxon would have lost many or most identifying markers 

contemporaneously, and if this is true, GIs deficient in markers could be identified by 

virtue of their association (i.e. origin) with GIs enriched in markers. This association 

could be explored in a number of ways; here, we infer the association based on similar 

compositional bias shared by GIs originating from a specific donor taxon. Based on this 

premise, after obtaining clusters at a stringent threshold, if a cluster was found enriched 

in GI specific features or markers (assessed against whole genome background), all 

segments within the cluster, whether enriched or not in markers, were deemed GIs (or 

parts of GIs or alien genome). On the other hand, if a cluster was not enriched in GI 

specific features or markers, all segments within the cluster were deemed “non-GIs”, 

provided genes harbored by these segments do not display aberrant phyletic pattern. 

We tested our hypothesis on two datasets, (a) synthetic test datasets, and (b) a 

comprehensive dataset of known genomic islands from 15 well-characterized bacterial 
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species. Our method, Compositional Anomaly and Feature Enrichment (CAFE), 

outperformed frequently used methods for genomic island detection. In what follows, we 

further elaborate on our method and the genomes that were used for assessment, 

present our results and conclude with a discussion. 

 

4.2 Materials and Methods 

4.2.1 Genome Sequences and Annotations 

The complete genome sequences and annotations of 15 bacteria representing a 

host of taxa, namely, Acinetobacter baumannii AYE (NC_010410.1), Bartonella 

tribocorum CIP 105476 (NC_ 010161.1), Bordetella petrii DSM 12804 (NC_010170.1), 

Burkholderia cenocepia J2315 (NC_011000.1, NC_011001.1 and NC_011002.1 ), 

Burkholderia pseudomallei K96243 (NC_006350.1 and NC_006351.1), Clavibacter 

michiganensis NCPPB 382 (NC_009480.1), Corynebacterium diptheriae NCTC 13129 

(NC_002935.2), Escherichia coli CFT073 (NC_004431.1), Mesorhizobium loti MAFF 

303099 (NC_002678.2), Proteus mirabilis HI4320 (NC_010554.1), Pseudomonas 

aeruginosa LESB58 (NC_011770.1), Salmonella enterica serovar Typhi CT18 

(NC_003198.1), Staphylococcus aureus USA300 FPR3757 (NC_007793.1), 

Streptococcus equi 4047 (NC_012471.1), and Vibrio cholerae O1 biovar eltor str. 

N16961 (NC_002505.1 and NC_002506.1) were obtained from NCBI FTP site 

(ftp://ftp.ncbi.nlm.nih.gov/genomes/archive/old_genbank/Bacteria/). These bacteria were 

previously well-studied for the presence of genomic islands; genomic island coordinates 

and the supporting evidence from these studies are provided in Supplementary Table 

14. 
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4.2.2 Current Genomic Island Prediction Tools 

We assessed CAFE against ten frequently used GI prediction methods, namely, 

IslandPick (27), GIHunter (28), IslandPath-Dimob (21), MSGIP (30), SIGI-HMM (29), 

Zisland Explorer (26), AlienHunter (18), PredictBias (49), SeqWord (50), and 

IslandViewer (22). These include both well-established and recently developed 

methods. The MSGIP, SIGI-HMM, Zisland Explorer, AlienHunter, and SeqWord 

methods search for regions with anomalous codon usage and/or oligonucleotide 

composition. The IslandPath-Dimob and GIHunter methods search for regions 

harboring GI specific markers and combine this with compositional signatures to predict 

GIs. The PredictBias method bases its prediction on compositional bias; in addition, it 

outputs segments that are enriched in virulence genes. The IslandPick program 

identifies putative GIs via sequence comparison, and IslandViewer combines 

predictions by three different methods, namely, SIGI-HMM, IslandPath-DIMOB, and 

IslandPick. 

 

4.2.3 Compositional Anomaly Assessment 

Our proposed method, CAFE, combines compositional anomaly, a hallmark of 

GIs, with the functional or structural features that characterize GIs within the framework 

of a recursive segmentation and agglomerative clustering procedure for fragmentation 

of a genome into compositionally homogeneous segments that are then segregated into 

clusters reflecting their potentially shared ancestries (24, 95). The binary segmentation 

process entails division of a genome into two segments at a position where the 

compositional difference between the resulting segments is maximum and is deemed 
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statistically significant. The compositional difference is quantified using an information-

entropy based divergence measure, namely, Jensen-Shannon divergence generalized 

within the framework of Markov chain model of order 𝑚𝑚, defined as (23, 94),  

𝐷𝐷𝑚𝑚(𝑝𝑝1,𝑝𝑝2) = 𝐻𝐻𝑚𝑚(𝜋𝜋1𝑝𝑝1 + 𝜋𝜋2𝑝𝑝2) − 𝜋𝜋1𝐻𝐻𝑚𝑚(𝑝𝑝1) − 𝜋𝜋2𝐻𝐻𝑚𝑚(𝑝𝑝2). 

𝐷𝐷𝑚𝑚(𝑝𝑝1,𝑝𝑝2) denotes the divergence between two sequence segments represented 

by the respective probability distributions p1 and p2, each comprising the marginal and 

conditional (transitional) probability distributions. 𝐻𝐻𝑚𝑚(. ) is the entropy function for 

Markov source of order 𝑚𝑚, defined as, 𝐻𝐻𝑚𝑚(𝑝𝑝𝑃𝑃) = −∑ 𝑃𝑃(𝑤𝑤)∑ 𝑃𝑃(𝑥𝑥|𝑤𝑤) log2 𝑃𝑃(𝑥𝑥|𝑤𝑤)𝑥𝑥∈𝐴𝐴𝑤𝑤 . 

𝑃𝑃(𝑥𝑥|𝑤𝑤) is the probability for transitioning from oligonucleotide 𝑤𝑤 to the succeeding 

nucleotide 𝑥𝑥,and 𝑃𝑃(𝑤𝑤) is the probability of oligonucleotide 𝑤𝑤 of length m that defines 

that order of the Markov model. 𝜋𝜋𝑃𝑃 is the weight factor assigned to pi.  

The statistical significance of a value of the divergence measure is assessed 

using the probability distribution of this measure in random sequences, which has been 

shown to approximate the chi-square distribution function (23, 52), 

 𝑃𝑃(𝐷𝐷𝑚𝑚 ≤ 𝑋𝑋) ≈ 𝜒𝜒𝑣𝑣2(2𝐿𝐿(𝑅𝑅𝑃𝑃2)𝑋𝑋), where, 𝑣𝑣 = 𝑘𝑘𝑚𝑚(𝑘𝑘 − 1) is the degrees of freedom, 

with alphabet size k=4 for DNA sequences, and L is the length of sequence to be 

segmented. The probability distribution of the maximum value of this measure has been 

shown to approximate chi-square distribution function with fitting parameters (23, 52, 

94):  

𝑃𝑃(𝐷𝐷𝑚𝑚𝑅𝑅𝑥𝑥
𝑚𝑚 ≤ 𝑋𝑋) ≈ {𝜒𝜒𝑣𝑣2[2𝐿𝐿(𝑅𝑅𝑃𝑃2)𝑋𝑋𝑋𝑋]}𝐹𝐹eff, 

β and 𝑁𝑁eff are the fitting parameters whose values are estimated by fitting the 

above equation to the empirical distributions obtained via Monte Carlo simulations. The 

recursion of segmentation is halted when none of the segments can be divided further. 
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Since hyper-segmentation is allowed for precise delineation of GI boundaries, an 

agglomerative clustering of similar segments is performed at a relatively relaxed 

clustering stringency in two steps (24). In the first step, compositionally similar, 

contiguous segments are identified and merged, thus restoring the underlying 

segmental structure. The second clustering step allows grouping of compositionally 

similar clusters recursively, performed within the same framework of statistical 

hypothesis testing (24). This procedure, by virtue of its ability to segregate segments of 

different lineages, recovers the backbone (vertically inherited) genome as the largest 

cluster (typically with more than half of the genome), whereas smaller clusters represent 

the potential donor taxa (96, 97). A significant challenge, however, lies here in 

classifying the segments by their origins after the segmental structure of a genome is 

uncovered (i.e. after the first clustering step). Often, native segments are grouped into 

two or more clusters, with the largest harboring the strongly typical native segments. 

The weakly typical native segments tend to form cluster(s) of their own. Relaxing the 

statistical threshold to allow the merger of these clusters could also result in the merger 

of one or more alien clusters with the native clusters. Robust merger of clusters is 

critical to the success of this class of methods as any cluster-level misclassification 

renders all segments within the cluster misclassified. By combining this statistical 

framework with GI specific marker enrichment and phyletic pattern assessment, we 

show here that this problem can be satisfactorily addressed.  

 

4.2.4 Feature Enrichment and Phyletic Pattern Analysis 

After generating clusters with a stringent threshold within the statistical 
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hypothesis testing framework, we first perform an enrichment analysis to identify 

clusters enriched in features or markers that are typically associated with GIs. We posit 

that weakly typical, native clusters are not enriched in these features, whereas alien 

clusters, both strongly atypical and weakly atypical, are enriched. CAFE identifies 

markers that typically characterize GI (Supplementary Table 15) by parsing the input 

genome annotation file. If annotations are not available for a genome, CAFE uses 

Prodigal (165) to predict genes and then uses HMMER (166, 167) to annotate markers. 

A custom Pfam HMM database was created by performing a search for GI markers 

using keywords such as transposase in the Pfam database (168). The custom database 

was manually curated to eliminate any profile HMMs not representing GI markers. This 

resulted in a local database of 449 profile HMMs representing marker gene families. 

Genes from the 15 representative genomes were probed against this database and 

those with “hits” in the database with expect values 0.01 or less (169) were annotated 

as marker genes.  

Following segmentation and clustering for each genome, parts of the native or 

backbone genome were first identified by the largest cluster; the smaller clusters were 

then examined and processed as follows. If a cluster was found enriched in marker 

genes, it was deemed an alien cluster. Non-enriched clusters were deemed alien only if 

their genes displayed aberrant phyletic pattern, i.e. absence from the majority of the 

close relatives of the genome harboring the gene of interest. Aberrant phyletic 

distribution was assessed by aligning the sequence of the protein encoded by the gene 

of interest against all protein sequences originating from the same taxon as of the gene 

of interest using BLASTP (60). This was accomplished by constructing a custom 
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database of protein sequences for all bacteria (as at the NCBI ftp site: 

ftp://ftp.ncbi.nlm.nih.gov/genomes/archive/old_genbank/Bacteria/).  

 
Figure 4.1. Schematic representation of CAFE’s protocol for identifying genomic islands. 
A genome is divided recursively into compositionally homogeneous segments 
(“Segmentation”, here each segment is shown by a colored horizontal thick line. The red 
vertical line represents the position at which divergence is maximum). “Contiguous 
clustering” is the first round of agglomerative clustering procedure, which entails 
identification and merger of compositionally similar contiguous segments (contiguous 
similar segments are shown in a circle). “Non-contiguous clustering” is the second 
round of agglomerative clustering procedure, which entails recursive grouping of 
compositionally similar segments, including non-contiguous similar segments (circles of 
same color are now merged). “Feature enrichment and phylogenetic distribution 
analysis” entails identification of GI-specific features in each segment (shown as Δ over 
a segment) and identification of genes having aberrant phyletic distribution (shown as 
over a segment). “Clustering based on feature enrichment and phylogenetic distribution” 
involves identification and merger of native clusters (blue and orange clusters that are 
not enriched in GI specific markers or genes with aberrant phylogenetic distribution) 
while precluding undesirable mergers of alien clusters. CAFE calls any segments or 
chains of contiguous segments that belong to alien clusters as genomic islands. 

 

ftp://ftp.ncbi.nlm.nih.gov/genomes/archive/old_genbank/Bacteria/
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If a query protein from a particular genus has BLAST hits with >70% identity and 

>70% query coverage in less than half of the organisms from the same genus, the gene 

encoding the query protein is deemed phyletically atypical or aberrant. We thus identify 

compositionally weakly typical, smaller native clusters based on enrichment and phyletic 

pattern, that is, those lacking marker enrichment and aberrant phyletic distribution p, 

and merge them to the largest cluster harboring the strongly typical native segments. An 

illustrative diagram of the pipeline implemented in CAFE is shown in Figure 4.1. We 

demonstrate the robustness and universality of this simple approach implemented in 

CAFE by assessing on synthetic test datasets and on a set of well-understood genomes 

sampled from different bacterial lineages. The comparative assessment was performed 

against ten frequently used GI prediction methods at both nucleotide-level (i.e. ability to 

identify GI nucleotides) and island-level (i.e. ability to identify a GI as a single segment 

or a chain of contiguous segments). In assessing the island-level accuracy, if a method 

predicts several segments spanning a known GI, only the largest overlapping segment 

is considered. If the largest overlapping segment is more than twice the size of the 

corresponding GI, it is not considered a true prediction.  

 

4.2.5 Assessment Measures 

The performance of CAFE and other GI prediction tools was assessed using the 

standard performance metrics, namely, recall (or sensitivity), precision, average 

performance, F-measure, performance coefficient, classification accuracy, and 

Matthews correlation coefficient (MCC) as defined below. 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
𝑇𝑇𝑃𝑃

𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑁𝑁
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𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑇𝑇𝑃𝑃

𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑃𝑃
 

𝐴𝐴𝑣𝑣𝑅𝑅𝑃𝑃𝑅𝑅𝐴𝐴𝑅𝑅 𝑃𝑃𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚𝑅𝑅𝑃𝑃𝑅𝑅𝑅𝑅 =
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 + 𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

2
 

𝐹𝐹 −𝑚𝑚𝑅𝑅𝑅𝑅𝑃𝑃𝑎𝑎𝑃𝑃𝑅𝑅 =
2 ∙ 𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ∙  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 

𝑃𝑃𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑚𝑚𝑅𝑅𝑃𝑃𝑅𝑅𝑅𝑅 𝑃𝑃𝑃𝑃𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑅𝑅𝑃𝑃𝑅𝑅𝑃𝑃𝐶𝐶 =
𝑇𝑇𝑃𝑃

𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑃𝑃 + 𝐹𝐹𝑁𝑁
 

𝑃𝑃𝑅𝑅𝑅𝑅𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃 𝑅𝑅𝑅𝑅𝑅𝑅𝑎𝑎𝑃𝑃𝑅𝑅𝑅𝑅𝑎𝑎 =
𝑇𝑇𝑃𝑃 + 𝑇𝑇𝑁𝑁

𝑇𝑇𝑃𝑃 + 𝑇𝑇𝑁𝑁 + 𝐹𝐹𝑃𝑃 + 𝐹𝐹𝑁𝑁
 

𝑀𝑀𝑃𝑃𝑃𝑃 =
𝑇𝑇𝑃𝑃 ∙  𝑇𝑇𝑁𝑁 − 𝐹𝐹𝑃𝑃 ∙  𝐹𝐹𝑁𝑁

�(𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑃𝑃)(𝑇𝑇𝑃𝑃 + 𝐹𝐹𝑁𝑁)(𝑇𝑇𝑁𝑁 + 𝐹𝐹𝑃𝑃)(𝑇𝑇𝑁𝑁 + 𝐹𝐹𝑁𝑁)
 

Here TP, TN, FP, FN are the numbers of true positives, true negatives, false 

positives, and false negatives respectively. All these performance metrics have values 

lying between 0 and 1, which are shown either as fraction or percentage in the following 

sections. Together these metrics quantify the accuracy of a method in identifying GIs or 

discriminating GIs from non-GIs. 

 

4.3 Results 

4.3.1 Segmentation and Clustering in GI Detection 

An integrated segmentation and clustering approach was shown to work well in 

deciphering GIs in bacterial genomes (24). Comparative assessment with other 

methods on an artificial chimeric E. coli genome and a well-understood Salmonella 

enterica Typhi CT18 genome demonstrated the power of this method in delineating 

large structures such as GIs in bacterial genomes (24). Here, we assessed the same 

approach on a broader dataset, including 15 different species as listed in Materials 
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section above. Both segmentation and clustering thresholds were varied. Segmentation 

threshold (significance level) was varied from 1E-2 to 1E-20. Similarly, the clustering 

thresholds were varied in this range for each segmentation threshold to identify the 

optimal setting of the program (Supplementary Table 16). The highest accuracies were 

0.55, 0.34, and 0.50 when considering average performance, performance coefficient, 

and F-measure respectively as the overall accuracy parameter (Table 4.1). Results for 

individual genomes show that the optimal performance was obtained at different 

threshold settings for these genomes, which may differ with the optimal threshold 

setting for the entire dataset (Table 4.1). This suggests that a “universal” optimal 

parameter setting is difficult to realize within this framework. We further analyzed these 

15 genomes using the current version of this program that additionally used the 

segment context information (19) to improve GI detection in Pseudomonas aeruginosa 

LESB58 that was previously reported to harbor a number of pathogenicity and 

resistance islands (19). As the genome of P. aeruginosa LESB58 is well-characterized, 

with at least four GIs experimentally validated, the cluster configurations for this genome 

were earlier examined at different threshold settings, from stringent to relaxed settings, 

generating numerous pure clusters to hybrid clusters (harboring both native and alien 

segments) in addition to the pure clusters, respectively (19). Simultaneous formation of 

two large native clusters was observed, the largest with ~62.5% of the genome 

harbored strongly typical, native segments and the other with ~24.7% of the genome 

harbored compositionally ambiguous (weakly typical) native segments, whereas the 

third largest cluster with ~7.1% of the genome harbored alien segments. Numerous 

smaller clusters were also formed in the process (19).  
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Table 4.1. Performance of segmentation and clustering algorithm in identifying GI nucleotides in 15 representative 
genomes. 
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Acinetobacter 
baumannii AYE 1.00x10-1 1.00x10-10 1.00x10-10 0.60 0.64 0.98 0.62 0.45 0.62 0.61 

Bartonella 
tribocorum CIP 
105476 

1.00x10-3 1.00x10-3 1.00x10-4 0.75 0.40 0.62 0.58 0.35 0.52 0.28 

Bordetella petrii 
DSM 12804 2.00x10-1 1.00x10-2 1.00x10-4 0.99 0.69 0.92 0.84 0.69 0.82 0.78 

Burkholderia 
cenocepia J2315 1.00x10-1 1.00x10-7 1.00x10-10 0.92 0.45 0.93 0.68 0.41 0.58 0.60 

Burkholderia 
pseudomallei 
K96243 

1.00x10-2 1.00x10-10 1.00x10-6 0.73 0.47 0.94 0.60 0.39 0.56 0.55 

Clavibacter 
michiganensis 
NCPPB 382 

1.00x10-3 1.00x10-10 1.00x10-10 0.55 0.71 0.97 0.63 0.45 0.62 0.61 

Corynebacterium 
diptheriae NCTC 
13129 

1.00x10-3 1.00x10-4 1.00x10-5 0.26 0.87 0.92 0.57 0.25 0.40 0.45 

Escherichia coli 
CFT073 1.00x10-3 1.00x10-10 1.00x10-5 0.86 0.71 0.92 0.78 0.63 0.77 0.73 

Pseudomonas 
aeruginosa 
LESB58 

2.00x10-1 1.00x10-7 1.00x10-4 0.91 0.38 0.89 0.65 0.37 0.53 0.55 

(table continues) 
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Mesorhizobium loti 
MAFF 303099 1.00x10-1 1.00x10-10 1.00x10-10 0.94 0.53 0.92 0.73 0.51 0.68 0.67 

Staphylococcus 
aureus USA 300 1.00x10-2 1.00x10-2 1.00x10-2 0.89 0.16 0.60 0.53 0.16 0.28 0.26 

Proteus mirabilis 
HI4320 1.00x10-3 1.00x10-10 1.00x10-3 0.55 0.60 0.92 0.57 0.40 0.57 0.53 

Salmonella 
enterica Typhi 
CT18 

1.00x10-1 1.00x10-10 1.00x10-10 0.74 0.57 0.93 0.65 0.47 0.64 0.61 

Streptococcus equi 
4047 1.00x10-2 1.00x10-10 1.00x10-6 0.99 0.22 0.62 0.61 0.22 0.36 0.35 

Vibrio cholerae O1 
biovar El Tor str. 
N16961 

1.00x10-4 1.00x10-2 1.00x10-3 0.97 0.85 0.98 0.91 0.83 0.91 0.90 

All genomes 1.00x10-1 1.00x10-10 1.00x10-7 0.72 0.39 0.88 0.55 0.34 0.50 0.47 

The values of performance metrics are shown for the optimal threshold setting for each genome and also for the optimal setting for the entire test 
dataset (all 15 genomes). Contiguous clustering threshold refers to the significance threshold used in the first round of agglomerative clustering 
procedure to identify and merge compositionally similar contiguous segments. Non-contiguous clustering threshold refers to the significance 
threshold used in the second round of agglomerative clustering procedure to recursively group compositionally similar segments, including non-
contiguous similar segments.
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Attempt to merge the large native clusters by successively relaxing the clustering 

stringency resulted in the merger of the largest alien cluster with the largest (native) 

cluster (~62.5%). This highlights the difficulty in segregating native and alien segments 

based on statistical approach alone. Earlier we had proposed utilizing segment context 

information to circumvent this limitation (19). This was based on the observation that 

compositionally ambiguous native segments are sparsely distributed within in the 

genome (19). While this provided a cue to merge native clusters in the P. aeruginosa 

LESB58 genome, our analysis on the broader set showed that this approach may not 

work for some genomes, specifically when the clusters have too few segments to allow 

this statistical analysis. For example, the application of the recursive segmentation and 

clustering procedure to the Vibrio cholerae O1 biovar El Tor str. N16961 Chr. 2 (1.07 

Mb) genome resulted in seven clusters, however, the three largest clusters have only 

two or three segments each, precluding a reliable inference based on segment context 

information.  

 

4.3.2 Utilizing Feature Enrichment and Phyletic Distribution in GI Detection 

Segmentation and clustering provides a powerful tool for segregating 

compositionally similar segments. However, in the process of identifying the potential 

GIs, grouping of compositionally distinct native clusters while precluding undesirable 

mergers of alien and native clusters is a major bottleneck. This must be addressed in 

order to take the state-of-the-art in GI prediction to new heights. We propose that since 

it is almost impossible to accomplish this task by tinkering with the algorithmic 

parameters within the hypothesis testing framework, a significant advance can be made 
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by utilizing any biological information that could complement the compositional 

information encoded in GIs. We therefore attempted to complement the composition-

based segmentation and clustering with functional or structural information embodied in 

GIs and the phyletic distribution of GI harbored genes. Functional features or markers 

that are frequently observed in GIs include genes that are associated with 

integration/recombination and transposition, phage metabolism, plasmid, and insertion 

(Supplementary Table 15). While these features have previously been used to localize 

GIs, here we use this information for cluster merger, particularly to merge strongly 

typical, native cluster with weakly typical, native cluster(s). We postulate that alien 

clusters, particularly large ones, are replete with GIs and therefore, are enriched in the 

aforementioned characteristic island features. On the other hand, the weakly typical 

native clusters are expected to be depleted of GI-specific features. We use this 

difference in the enrichment of functional/structural features in the clusters to identify 

weakly typical, native clusters (WTNC) and merge them with the strongly typical, native 

cluster (STNC). This also allows us to eliminate spurious predictions arising from 

clusters with genes that are compositionally atypical for reasons other than HGT. For 

example, highly expressed native genes often have an unusual codon usage or 

compositional bias and are therefore prone to be misclassified as alien (36). However, 

as these clusters are not enriched in GI specific features, the proposed approach 

classifies them as native, thus minimizing false positives.  

 The presence of GI-specific features was quantified for each atypical cluster 

outputted by the segmentation and clustering algorithm, and if an atypical cluster was 

found to be one and a half fold or more enriched in these features relative to the 
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genome, it was deemed alien, otherwise it was further examined for the distribution of 

its genes in close relatives. If these genes displayed aberrant phyletic pattern, then the 

cluster was labeled as alien. GIs were identified as contiguous alien segments, 8 Kbp or 

more in size. 

 

4.3.3 Assessment of CAFE and Other GI Prediction Methods 

Most previous studies evaluated GI prediction tools’ performance based on their 

ability to classify genes as GI- or non-GI-borne genes (26, 28). However, GIs are 

clusters of functionally related genes that could be potentially acquired in toto rather 

than in multiple horizontal transfers of single genes at a genomic locus. Following the 

acquisition, a GI may again be mobilized within or across genomes as an intact unit. It is 

therefore important that the GI prediction methods identify islands as single structures. 

Often, the GI prediction methods are unable to identify GIs as single, continuous 

entities. The rather fragmented predictions could be missing not just the large chunks of 

GIs but could also be overestimating the number of GIs in a genome. On the contrary, 

some methods predict large structures that may overlap with only small portion of 

known GIs. In order to assess the ability to recover a known GI as a single segment or a 

chain of contiguous segments, we considered, for the GI level assessment, only the 

predicted segment (or chain of contiguous segments) with the largest overlap with the 

known GI as the true prediction by a method, provided this prediction satisfies a preset 

criterion (see below). This allows a fair assessment of the ability of a method to 

reconstruct GI structure within a genome. A reasonably robust method is expected to 
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identify a GI as a single segment (or a chain of contiguous segments) with substantial 

overlap with the GI and also comparable in size to the GI it overlaps with.  

We evaluated CAFE against other prediction tools for localizing GIs at 50%, 

75%, and 95% cutoffs, where an X% cutoff means that X% of a GI should be identified 

with the predicted segment (or chain of contiguous segments) in order for the prediction 

to be deemed a success. Thus, the GI level performance assessment was 

accomplished by obtaining the recall of a method as the fraction of known GIs that were 

correctly identified as single segments (or chains of contiguous segments) at X% cutoff, 

and the precision of a method as the fraction of all predicted GIs that were true 

predictions (known GIs) at X% cutoff. The harmonic mean of these two metrics defined 

the F-measure that was used as a single accuracy measure for GI-level performance 

assessment. Note that this evaluation procedure was followed only for GI level 

assessment; the nucleotide level performance evaluation was still done by assessing 

whether known GI and non-GI nucleotides were correctly classified using the 

assessment measures described in the Materials and Methods section. While the 

nucleotide level assessment does not attest to a method’s ability to decipher the GI 

structure, it does provide information on the fraction of a genome that is deemed whole 

or parts of GIs by a method. Together, nucleotide and island level assessment provide 

insights into the ability of the methods to predict GI-based accessory genome and the 

GIs themselves. As GIs are often acquired in single evolutionary events, the GI 

prediction also provides an estimate of the horizontal transfer events involving GIs, an 

important information that sheds light on evolutionary processes shaping bacterial 

genomes.  
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4.3.3.1 Test Dataset of Synthetic Genomes 

We first evaluated the GI prediction methods for their ability to detect GIs in 

synthetic genomes. As the evolutionary history of the segments (i.e. native or island) is 

known in synthetic genomes, these provide a valid dataset for evaluating GI prediction 

methods. To construct synthetic genomes, we first selected Burkholderia cenocepacia 

J2315 (170) as the recipient organism. We then applied all GI prediction methods used 

in this study to catalog putative GIs in B. cenocepacia J2315’s primary chromosome 

(chromosome 1, ~3.8Mb). We extracted and concatenated B. cenocepacia J2315 

genomic sequences that were not predicted as GIs by any method. This provided a 

conservative backbone (core) genome of B. cenocepacia J2315. Backbone genomes 

were obtained similarly for selected donors, namely P. aeruginosa LESB58 (9) and 

Stenotrophomonas maltophilia D457 (171) (secondary chromosomes, where present, 

were not considered for extraction of the backbone genomes). We constructed a 

synthetic genome by simulating the transfer of segments from the backbone genomes 

of donors into the B. cenocepacia J2315 backbone genome. The donors, namely P. 

aeruginosa LESB58 and S. maltophilia D457, represent the gammaproteobacteria, 

distinct from the recipient B. cenocepacia J2315, a betaproteobacteria. These particular 

species were selected as they are known to cohabit the lungs of the cystic fibrosis 

patients (9, 170, 172), and could potentially exchange DNAs; indeed horizontal gene 

transfers among bacteria cohabiting the cystic fibrosis lungs have previously been 

reported (19). Segments of size 30 Kbp, 50 Kbp, and 80 Kbp from each donor were 

transferred into the B. cenocepacia backbone genome; these GIs in a synthetic genome 

represented ~16% of the original B. cenocepacia J2315 chromosome 1 (~3.8 Mb). 
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Multiple synthetic genome replicates were thus obtained and we then generated three 

test datasets by randomly introducing marker genes in 25%, 50%, and 75% of GIs of 

the synthetic genomes, respectively. The performance of the GI prediction methods was 

assessed on these test data, by averaging over five synthetic genome replicates.  

 

4.3.3.1.1 Assessment on Synthetic Genomes: Classification of GI and Non-GI 
Nucleotides 

 
CAFE outperformed other methods in F-measure by 23-93%, 14-96%, and 9-

94% with increasing amount of marker genes (25, 50 and 75%, respectively, Table 4.2, 

Figure 4.2A and Supplementary Tables 18 and 19). CAFE also yielded better average 

performance and performance coefficient than other methods with increase in GIs with 

marker genes. CAFE’s MCC was also significantly higher, e.g. 0.93 versus 0.70 of the 

next best performing method AlienHunter on the dataset with 25% marker gene GIs 

(Table 4.2). In general, the performance of marker-based methods improved with 

increasing GIs with markers; IslandPath-Dimob’s and IslandViewer’s F-measure for 

identifying GI nucleotides increased from 0.41 and 0.69 (25% GIs with marker genes) to 

0.81 and 0.85 (75% GIs with marker genes) (Figure 4.2, Supplementary Table 17-19). 

As expected, the performance of the methods based solely on composition did not vary 

significantly with changes in marker abundance; amongst these methods, AlienHunter 

attained the highest nucleotide-level F-measure of 0.70 (Figure 4.2, Supplementary 

Tables 17-19). CAFE could attain high sensitivity and specificity, thus outperforming 

other methods in identifying GI nucleotides in all synthetic datasets (nucleotide-level F-

measure values were 0.93, 0.96 and 0.94 for datasets with 25%, 50% and 75% of GIs 

with marker genes, respectively; Figure 4.2, Supplementary Tables 17-19). 
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4.3.3.1.2 Assessment on Synthetic Genomes: GI Identification 

At island level, CAFE outperformed other methods at all cutoffs on the dataset 

with 25% marker gene GIs, bettering IslandViewer and IslandPath-Dimob by 54-65% 

and 20-31% respectively in F-measure (Figure 4.2A, Supplementary Table 17). CAFE 

displayed better performance on the dataset with 50% marker gene GIs as well, 

outperforming IslandViewer and IslandPath-Dimob by 41-49% and 4-12% respectively 

in F-measure (Figure 4.2B, Supplementary Table 18). On the dataset with 75% marker 

gene GIs, while CAFE outperformed all methods at the 50% cutoff, it was outperformed 

by IslandPath-Dimob by 5% in F-measure at the 75% and 95% cutoffs (Figure 4.2C, 

Supplementary Table 19). Notably, in all cases, whereas CAFE balanced the Recall and 

Precision very well, other methods produced large differences between Recall and 

Precision (Supplementary Table 17-19).  

Table 4.2. Comparative assessment of genomic island prediction methods in classifying 
GI and non-GI nucleotides in a synthetic Burkholderia cenocepia genome having 25% 
GIs with marker genes.  

GI Prediction 
tool Recall Precision Classification 

Accuracy 
Average 

Performance 
Performance 
Coefficient 

F-
measure MCC 

CAFE 0.88 0.99 0.98 0.94 0.88 0.93 0.92 

AlienHunter 0.99 0.55 0.86 0.77 0.54 0.70 0.67 

IslandViewer 0.59 0.84 0.91 0.72 0.53 0.69 0.66 

SIGIHMM 0.37 0.99 0.89 0.68 0.37 0.54 0.57 

DIMOB 0.27 0.95 0.87 0.61 0.26 0.41 0.46 

Zisland 
Explorer 0.03 0.12 0.79 0.08 0.03 0.05 -0.03 

IslandPick 0.02 0.18 0.82 0.10 0.02 0.04 0.01 

MSGIP 0.00 0.00 0.83 0.00 0.00 0.00 0.00 

The values of the performance metrics were obtained by averaging over 5 synthetic genome replicates. 
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Figure 4.2. Assessment of genomic island prediction tools on synthetic Burkholderia 
cenocepia genomes. F- measure values (Y-axis; averaged over 5 synthetic genome 
replicates) are shown for different GI prediction methods and datasets when markers 
are artificially introduced into A) 25%, B) 50%, and C) 75% of all GIs in the genomes, for 
nucleotide level, and for island level at different overlap cutoffs (numbers in parenthesis 
on the X-axis; Z% cutoff means that Z% of a known GI should be identified with the 
predicted segment (or chain of contiguous segments) in order for the prediction to be 
deemed a success; see text for further details). Segmentation, contiguous clustering, 
and non-contiguous clustering were performed at thresholds 10-10, 10-13, and 10-13 

respectively. Methods based on composition, phylogenetics, and marker gene detection 
are shown with diagonal brick fill in bars. Bars with a dotted fill show methods using 
both composition and presence of marker genes for identifying GIs. Methods relying 
only on sequence composition are shown with upward diagonal lines, and method 
based only on sequence comparison (IslandPick) is shown with the grid. 

 

4.3.3.2 Test Dataset of Real Genomes 

To assess the performance of CAFE and other GI prediction tools on genuine 

genomes, we compiled a set of known GIs from 15 representative species. GIs from this 

dataset has previously been used for assessment of prediction tools (19, 26, 173). 

Although Zisland Explorer (26) was assessed on Cronobacter sakazakii ATCC BAA-894 

as well, we did not include it due to the lack of supporting evidence for the reported GIs. 
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This test dataset has a total of 138 GIs, 109 of which harbors markers. As with synthetic 

genomes, each method was evaluated for its ability to identify GI nucleotides and the 

GIs themselves as single segments or chains of contiguous segments. 

 

4.3.3.2.1 Assessment On Real Genomes: Classification of GI and Non-GI Nucleotides 

CAFE balanced sensitivity and specificity well (Recall and Precision respectively 

in Table 4.3) in identifying the GI borne nucleotides, thus outperforming other methods 

by up to 49% in F-measure, up to 48% in Average performance, and up to 40% in 

Performance Coefficient (Table 4.3, Figure 4.3). 

Table 4.3. Comparative assessment of genomic island prediction methods in classifying 
GI and non-GI nucleotides in 15 representative bacterial genomes. 

GI 
Prediction 

tool 
Recall Precision 

Classificat
ion 

Accuracy 

Average 
Performan

ce 

Performan
ce 

Coefficient 

F-
measure MCC 

CAFE 0.71 0.61 0.93 0.66 0.49 0.66 0.62 

IslandVie
wer 0.72 0.59 0.90 0.65 0.48 0.65 0.59 

IslandPath
-Dimob 0.53 0.67 0.91 0.60 0.42 0.59 0.55 

GIHunter 0.87 0.45 0.89 0.66 0.42 0.59 0.57 

AlienHunt
er 0.74 0.42 0.88 0.58 0.37 0.54 0.50 

Zisland 
Explorer 0.45 0.56 0.91 0.51 0.34 0.50 0.46 

Seqword 0.35 0.50 0.90 0.42 0.26 0.41 0.36 

PredictBia
s 0.81 0.23 0.72 0.52 0.22 0.36 0.33 

SIGI-HMM 0.24 0.57 0.88 0.40 0.20 0.33 0.32 

IslandPick 0.19 0.50 0.87 0.35 0.16 0.28 0.25 

MSGIP 0.23 0.14 0.79 0.18 0.09 0.17 0.07 
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Both CAFE and IslandViewer performed comparably, with the former slightly 

outperforming the latter (by ~1-3% in overall accuracy assessment) (Table 4.3). CAFE’s 

MCC also was also slightly higher than that of IslandViewer (0.62 vs. 0.59). CAFE 

however outperformed IslandPath-Dimob by larger margins (by ~2-7% in overall 

accuracy assessment). GIHunter was found to be most sensitive, identifying ~87% of GI 

nucleotides, however, it has a precision of only 45%. On the other hand, IslandPath-

Dimob had the highest precision of 67%, however, it could identify only 53% of the GI 

nucleotides. AlienHunter, which is based on an interpolated variable order Markov 

model that was also utilized by GIHunter, displayed high sensitivity of 74% but like 

GIHunter, suffered from low precision. Similarly, PredictBias attained high sensitivity 

(81%) but at the cost of numerous false predictions (low precision- 23%). In contrast, 

Zisland Explorer and IslandViewer balanced sensitivity and precision (as indicated by 

the small difference between Recall and Precision values), however, both Recall and 

Precision values were relatively lower for ZislandExplorer (45% and 56% respectively, 

compared to 71% and 61% by CAFE, Table 4.3).  

The comparative genomics approach, as in IslandPick, did not perform as well as 

the composition based approaches, including CAFE (Table 4.3). The performance of 

this class of methods is contingent upon the genomes selected for comparison and the 

availability of closely related genomes. Though IslandPath-Dimob that relies on the 

presence of mobility genes was most precise, it is, however, prone to miss true GIs (e.g. 

those that may have lost the mobility genes), and therefore suffers from relatively low 

sensitivity. The high sensitivity of GIHunter can be attributed to the large size of its 

predicted GIs (average size of GIs predicted by GIHunter is 58.2 Kbp compared to 44.9 
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Kbp by CAFE). PredictBias predicted 1268 GIs, highest among all methods (compare to 

CAFE’s 172) and therefore, as expected, has a relatively high recall but low precision 

(Table 4.3). We also assessed Classification Accuracy for both synthetic and real test 

datasets, however, this is not an appropriate metric for an unbalanced dataset, which is 

the case here for both these datasets; e.g. real dataset has ~91% non-GI nucleotides 

and only ~9% GI nucleotides; not surprisingly the Classification Accuracy ranged from 

72%-93%, with majority of the methods having accuracy above 90%. As the number of 

nucleotides belonging to GIs is much smaller (~6.6 Mb across all 15 species) than the 

nucleotides in the rest of the genomes (~69.7 Mb), a method that identifies only a few or 

even no GI nucleotides will have a Classification Accuracy of ~90%. 

The CAFE and IslandViewer performed well in balancing the sensitivity and 

precision on an aggregated 15-genome dataset, yielding higher overall accuracy. 

However, the performance of GI prediction tools may vary on individual genomes or 

chromosomes. The performance of a method may depend on a number of factors, such 

as, the size of the genome, compositional variability including variations in GC-content, 

annotation, and availability of closely related genomes. CAFE performed very well in 

identifying nucleotides belonging to GIs in Vibrio cholerae, Streptococcus equi and 

Bordetella petrii (F-measure and MCC > 0.7) (Supplementary Table 20). CAFE also 

performed better than other methods on Mesorhizhobium loti (highest values for all 

accuracy metrics). All GI prediction methods had difficulty finding GI-nucleotides in 

Salmonella enterica (highest F-measure value was 0.56 by ZislandExplorer) and 

Corynebacterium diptheriae (highest F-measure value was 0.6 by IslandPath-Dimob; 

Supplementary Table 20). These results highlight the complementary strengths of GI 
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prediction methods. Overall, CAFE outperformed the other GI prediction methods in 

identifying nucleotides of the known GIs. Furthermore, CAFE displayed highest 

classification accuracy, performance coefficient, F-measure and MCC for three 

genomes, more than any other methods (Supplementary Table 20).  

 
Figure 4.3. Assessment of genomic island prediction tools in identifying GI nucleotides 
and GIs in 15 representative bacterial genomes. F-measure values for nucleotide level 
and island level performance assessment are shown on the Y-axis for different GI 
prediction methods. Island level F-measure values are shown for different overlap 
cutoffs (numbers in parenthesis on the X-axis; Z% cutoff means that Z% of a known GI 
should be identified with the predicted segment (or chain of contiguous segments) in 
order for the prediction to be deemed a success; see text for further details). 
Segmentation, contiguous clustering, and non-contiguous clustering were performed at 
thresholds 2∙10-1, 10-5, and 10-3 respectively. Methods based on composition, 
phylogenetics, and marker gene detection are shown with diagonal brick fill in bars. 
Bars with a dotted fill show methods using both composition and presence of marker 
genes for identifying GIs. Methods relying only on sequence composition are shown 
with upward diagonal lines, and method based only on sequence comparison 
(IslandPick) is shown with the grid. 
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4.3.3.2.2 Assessment on Real Genomes: GI Identification 

At the island level, highest accuracy was attained by CAFE at all cutoffs. At the 

50% cutoff, CAFE outperformed other methods by up to 46% in F-measure (Figure 4.3 

and Table 4.4, 50% cutoff). CAFE was also most precise, outperforming other methods 

by up to 42% in Precision. CAFE outperformed the next best performing method 

IslandPath-Dimob by 11% in F-measure, bettering both recall and precision by 10% and 

11% respectively (Figure 4.3 and Table 4.4, 50% cutoff). At 60% recall, IslandViewer 

was most sensitive, outperforming CAFE by ~1%, however, IslandViewer’s precision 

was only 19% compared to 47% of CAFE. Of the 442 predictions by IslandViewer, 83 

were known GIs at the 50% cutoff. In contrast, of the 172 predictions by CAFE, 81 were 

known GIs. Zisland Explorer predicted fewer GIs than CAFE, however, it could identify 

only 43 knowns GIs (Table 4.4). CAFE outperformed other methods at the 75% and 

95% cutoffs as well, with the highest F-measure (Figure 4.3, Supplementary Tables 21 

and 22), outperforming the next best methods IslandPath-Dimob by 13% and GIHunter 

by 10% for 75% and 95% cutoffs respectively. At both 75% and 95% cutoffs, CAFE was 

again the most precise method, while PredictBias and IslandViewer were most sensitive 

(Figure 4.3 Supplementary Table 21 and 22).  

We also assessed the performance of GI prediction tools in localizing GIs in each 

genome. CAFE displayed highest F-measure for six genomes at 50% overlap cutoff as 

well as 75% cutoff (Supplementary Tables 23 and 24), more than any other methods. 

CAFE also had the highest average F-measure (per genome) at 50% and 75% cutoffs 

(Supplementary Tables 23 and 24). At 95% cutoff, CAFE had the highest F-measure in 

three genomes and the highest F-measure per genome (Supplementary Table 25). At 
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this cutoff, IslandViewer had the highest F-measure in six genomes (Supplementary 

Table 25).At the island level, CAFE thus had highest values of F-measure for up to six 

genomes out of fifteen and the highest overall accuracy. Comparative assessment of 

CAFE’s performance at both nucleotide and island levels highlights its strength in 

identifying GIs as contiguous elements.  

Table 4.4. Performance assessment of genomic island prediction methods in identifying 
GIs in 15 bacterial species at 50% cutoff.  

GI Prediction tool Recall Precision F-measure 
Number of 

GIs 
Identified 

Number of 
GIs 

Predicted 
CAFE 0.59 0.47 0.52 81 172 

IslandPath-Dimob 0.49 0.36 0.41 67 187 
GIHunter 0.43 0.27 0.34 60 220 

Zisland Explorer 0.31 0.30 0.31 43 143 
IslandViewer 0.60 0.19 0.29 83 442 

Seqword 0.22 0.19 0.21 31 159 
AlienHunter 0.51 0.08 0.14 70 847 

MSGIP 0.18 0.10 0.13 25 242 
PredictBias 0.57 0.06 0.11 78 1268 
SIGI-HMM 0.13 0.06 0.09 18 285 
IslandPick 0.09 0.05 0.06 13 276 

At this cutoff, 50% of a known GI should be identified with the predicted segment (or chain of contiguous 
segments) in order for the prediction to be deemed a success (see text for further details). 
 

Results from the nucleotide and island level assessment demonstrate the overall 

superior performance of CAFE over other methods. Although CAFE outperformed 

IslandViewer slightly in identifying nucleotides of known GIs in real genomes, its 

performance in identifying known GIs as single segments was substantially better than 

that of IslandViewer. CAFE compared favorably with IslandPath-Dimob as well at both 
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nucleotide and island levels (note that both these programs require the presence of 

markers in their predictions). Considering that some programs such as IslandViewer 

take a rather holistic approach by combining several GI prediction methods to raise the 

accuracy bar, we show here there is still scope for substantial improvement in 

standalone statistical methods by utilizing biological information to augment their power 

of discrimination. Notably, our analysis revealed the complementary strengths of 

different methods, which is further elaborated in the Discussion section below. 

 

4.3.4 Analysis of Novel Genomic Islands 

We examined CAFE predicted GIs that do not overlap with known GIs. CAFE 

identified 72 novel GIs in 15 bacteria we studied (Supplementary Table 26). These 

islands display atypical composition and were identified within clusters that were either 

marker-enriched or displayed unusual phyletic pattern, providing multiple lines of 

evidence in support of their possible horizontal acquisition. Of the 72 novel GIs 

identified by CAFE, 20 have marker genes such as transposase, integrase or phage-

related genes (Supplementary Table 26). The compositional, phylogenetic and marker 

analyses performed by CAFE suggest that these “false positives” are likely true 

positives, and accuracy rendered by CAFE is likely much higher.  

 

4.4 Discussion 

Although top-down, recursive segmentation is a powerful tool for genome 

analysis, adapting this approach to delineate GIs necessitates parameter optimization, 

robust cluster merger, and elimination of spurious predictions. In this study, we show 
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that the combining diverse evidence helps in minimizing the sensitivity of parametric 

methods on parameter setting. Significance thresholds that result in the optimal 

performance of the segmentation and clustering often vary between bacterial taxa, 

however, by incorporating GI specific feature enrichment and phyletic distribution 

analyses within this framework, we identified parameters that were globally applicable 

on a diverse set of bacterial species in delineating GIs with high accuracy. This 

suggests that once clusters are reliably populated within a broad range of stringent 

thresholds, feature enrichment and phyletic distribution analyses suffice to group native 

clusters of apparently variable composition and thus enable robust detection of GIs. 

This could reflect on overall performance as is apparent in CAFE’s higher single 

accuracy metric values in identifying known GIs from 15 representative genomes in 

comparison to segmentation-clustering; the values for nucleotide-level Classification 

Accuracy, Average Performance, Performance Coefficient, F-measure, and MCC were 

0.93, 0.66, 0.49, 0.66, and 0.62 respectively for the former, while 0.88, 0.55, 0.34, 0.50, 

and 0.47 respectively for the latter (Tables 4.1 and 4.3). In genome-wise comparison as 

well, segmentation-clustering at genome specific optimal parameter setting could not 

perform better than CAFE at its single, universal parametric setting on a majority of 

genomes (Table 4.1 and Supplementary Table 20). Although genome specific optimal 

parameter setting is hard to realize for yet uncharacterized genomes and the quest will 

always be for a universal parameter setting (the “default setting”) that yields the best 

overall performance, future efforts could focus on organism or species-specific 

parameter setting where feasible to further enhance the performance and take the GI 

prediction to even greater heights.   
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Since compositional disparity is a strong indicator of recent HGT (18), a host of 

methods exploiting the compositional or codon usage biases have been developed to 

localize alien genes or GIs (19, 26, 29, 30). Methods or visualizations tools that search 

for signals, such as, the remnants of GI integration in the recipient genome and markers 

or features associated with GIs have also been developed (21, 49). Attempts have also 

been made to combine the sensitive compositional approach with the conservative 

signal sensor approach (98). Our approach to detect GIs via clustering and enrichment 

stands out among the current methods in its ability to perform unbiased detection of GIs 

through the grouping of genomic segments of similar origin based on composition and 

enrichment. GIs that are weakly atypical or those that lack identifying markers are 

difficult to identify; clustering allows their identification via association with GIs from the 

same source. Marker-deficient GIs are prone to be missed by the conventional 

approaches. These GIs could group with marker-enriched GIs originating from a donor 

source within our proposed framework, and therefore, could be identified based on 

association. Marker-deficient GIs from a source, if allowed to be grouped and analyzed 

together, as in CAFE, may even display significantly greater enrichment than the native 

clusters. The predicted segments with only one or two markers are likely to be missed 

by conventional methods that base their predictions on abundance, unlike CAFE that 

bases its inference on grouping and enrichment. An example is shown in 

Supplementary Table 27, where 20 segments (annotated GI 1 – GI 20) from the 

backbone genomes of three donors, namely, D. thermolithotrophum, F. nucleatum, and 

M. agalactiae were inserted into the backbone genome of A. baumannii. D. 

thermolithotrophum and F. nucleatum contributed seven GIs each, while M. agalactiae 
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contributed six GIs; half of these 20 GIs lacked any markers. Application of optimized-

CAFE to this synthetic A. baumannii genome with 20 GIs revealed a robust grouping of 

GIs from a donor source, both with and without markers. All seven GIs from D. 

thermolithotrophum were assigned to a single cluster (Cluster ID 2, Supplementary 

Table 27). The two F. nucleatum clusters (Cluster IDs 6 and 7) were also not 

contaminated with GIs from other sources. All six GIs from M. agalactiae were assigned 

to a single cluster (Cluster ID 8). This demonstrates the ability of CAFE to identify 

marker-devoid GIs via their association with GIs with markers through a pipeline of 

segmentation, clustering, and enrichment.  

We further emphasize the augmentation of generic attributes of this pipeline 

through the incorporation of a phylogenetic module in posteriority to enable identification 

of marker-deficient GI clusters. By incorporating both enrichment and phylogenetic 

modules within an integrated framework of segmentation and clustering, we have 

strived to develop an approach that can work well on just sequenced, yet 

uncharacterized genomes. Though segmentation and clustering identify the native 

genome well, yet in several clusters that often include some very small clusters. These 

smaller native clusters show atypical composition for reasons other than HGT, however, 

these clusters are likely not enriched in GI-specific features and/or lack unusual phyletic 

pattern. Therefore, CAFE takes a two-pronged approach (enrichment and phyletic 

distribution) to address this. First, it attempts to minimize false positives by allowing the 

merger of non-enriched clusters into the largest (native) cluster and in parallel, it 

attempts to minimize false negatives by ensuring that those non-enriched clusters that 

display unusual phyletic pattern are not merged. This augments the precision 
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substantially, without a significant decrease in the recall, resulting in significant 

improvement in overall accuracy (e.g. F-measure). The power of CAFE thus lies in its 

ability to precisely delineate GIs due to the segmentation approach, identify GIs devoid 

of markers by their association with marker-enriched GIs (in clusters), and identify GIs 

displaying unusual phyletic pattern by association again (in clusters). Whereas many 

predicted GIs are expected to display atypical composition and marker enrichment or 

unusual phyletic pattern, some with only atypical composition could also be identified 

because of association, deciphered via clustering. CAFE, in principle, is thus more 

precise than segmentation and clustering approach, while retaining the generic 

attributes of this approach. Our results indeed support this (compare CAFE’s Recall and 

Precision of 0.71 and 0.61 with the respective 0.72 and 0.39 by Segmentation and 

Clustering; Tables 4.1 and 4.3). 

Overall, CAFE was found to be most accurate among the GI prediction methods, 

however, none of the methods could outperform all others on all genomes considered in 

this study. Our results reveal the complementarity of different approaches and suggest 

usage of compositional, phylogenetic, and functional or structural features in concert to 

comprehensively catalog GIs. We show here that enriching a statistical framework with 

biological information is a step forward in the more robust delineation of GIs. Such 

frameworks will become even more relevant as more information encoded within 

genomes is deciphered and utilized within these frameworks. Future efforts could also 

focus on exploiting the complementarity of different methods, which enables boosting 

the sensitivity without compromising the specificity (see, for example, Azad and 

Lawrence, 2005 (174)).   
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CHAPTER 5 

GENERAL DISCUSSION AND FUTURE APPLICATIONS 

GI Prediction Methods: Assessment and Development 

In our quest to develop and apply a sensitive and robust approach for GI 

detection, we compared and assessed several methods currently available. We 

hypothesized that accurate detection of GIs will help us understand the evolutionary 

mechanisms for gaining drug resistance and virulence in bacterial pathogens. 

Assessment of the GI prediction methods highlighted the strengths and weaknesses of 

different methods. Further, this led to the development of novel approaches for GI 

prediction that uncovered novel islands, several of these harboring antibiotic resistance 

and virulence genes in pathogen genomes. These newly discovered islands in 

pathogens provide novel insights into evolutionary factors regulating emergence and 

dissemination of antibiotic resistance and pathogenicity in bacteria. 

Our survey of the currently available GI prediction methods and their comparative 

assessment unraveled the limitations of the current methods in identifying GIs in 

bacteria. Interestingly, on our tests on MRSA genomes, the gene clustering approach 

JS-CB outperformed several methods that were specifically designed to identify GIs 

(Chapter 2 and (175)). Even though these genomes lacked large GIs (>100 kb), the 

superior performance of JS-CB was still a surprising finding. While JS-CB also belongs 

to the class of bottom-up methods, it is algorithmically distinct from the typical gene-by-

gene analysis programs that assess the properties of each gene against those over the 

entire genome (i.e. the genome average) (17). JS-CB identifies genes from different 

sources by grouping genes with similar codon usage biases (17). This is in contrast to 
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other bottom-up methods that assess dissimilarity with the bulk of the genome to 

identify atypical genes. This avoids the pitfall of genome average that may not represent 

the native genome if a genome has acquired substantial amount foreign DNAs; in 

addition, by grouping similar genes into a cluster, it is able to achieve better 

discrimination as the cluster statistics likely renders JS-CB more power than a single-

gene statistics used by other methods. The JS-CB ’s success in identifying known GIs 

in MRSA genomes may also be attributed to its use of codon usage bias as the 

discriminant criterion that may provide more stronger signals, particularly when the 

transfers are recent (8, 43, 53). Although SIGI-HMM also relies on codon usage bias for 

identifying GIs, SIGI-HMM compares codon usage of individual genes to a set of codon 

usage tables of microbial donors, which is akin to single gene statistics compared 

against genome statistics. This suggests that JS-CB gains more discriminative power 

likely because of its ability to use codon usage bias within a clustering framework, and 

of course, its usage of Jensen-Shannon divergence as the measure for quantifying the 

difference in the biases. This measure has previously been shown to be very useful in 

DNA sequence analysis (52).  

Though JS-CB compared favorably with current methods in detecting GIs in 

MRSA genomes, it is still a bottom-up approach, which may limit its ability to delineate 

large stretches of foreign DNA with a greater precision. The performance of the existing 

methods indicated that there is much room for improvement, and so the need of a new 

approach for raising the accuracy bar in GI detection. This motivated us to develop new 

methods for delineating GIs. We first attempted to augment an integrated segmentation 

and clustering method (24) by incorporating biological information, namely the segment 
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context information within a genome of interest (Chapter 3). Evaluation of this statistical 

framework of segmentation and clustering, supplemented with segment context 

information, on P. aeruginosa genomes highlighted the strengths of this approach in 

deciphering large acquired structures in genomes. Application of GEMINI, to a relatively 

well-understood P. aeruginosa LESB58 provided novel insights into the evolution this 

genome, in addition to recapitulating most of the previously known GIs (Chapter 3 and 

(19) ). Furthermore, GEMINI provided an estimate of the core and accessory genome of 

this pathogen. The GIs identified by GEMINI in LESB58 genome helped understand the 

mechanisms that likely contributed to hyper-virulence in this strain. Clearly, the top-

down approach and the use of segment context-based information for native clusters 

merger enabled GEMINI to identify GIs, particularly large ones, such as LESGI-3 with 

over hundred genes, better than any other methods.  

Although GEMINI optimized for P. aeruginosa LESB58 genome, worked well in 

identifying verified GIs in P. aeruginosa genomes, application to a bigger dataset of 

bacteria necessitated identifying parameters that could be applicable globally. The 

segment context information and parameters used in GEMINI did not yield the same 

level of success as with P. aeruginosa LESB58 when tested on a large dataset with 

genomes from different lineages. We, therefore, developed a new approach, 

Compositional Anomaly and Feature Enrichment (CAFE), which utilized marker and 

phylogenetic information within the framework of segmentation and clustering to 

decipher GIs. Marker enrichment and phyletic pattern analysis enabled CAFE to identify 

GIs lacking markers by virtue of their association with GIs with markers, and similarly 

GIs of atypical phyletic distribution, with much better specificity. The CAFE program was 
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tested against synthetic and real genomes (Chapter 4). In the former, the native 

genomes were spiked with known non-native segments, whereas the latter included 

genomes of 15 different species. The performance of CAFE was compared against 

other detection tools. Overall, CAFE outperformed other methods.  

 

 Future Directions and Applications of GI Identification 

 Lineage-Specific Thresholds 

In Chapter 3, we optimized segmentation and clustering thresholds based on the 

knowledge of a few verified islands in the LESB58 genome (9). These thresholds 

optimized for P. aeruginosa LESB58 strain worked as well in identifying known islands 

in PA14 strain (19). Based on these observations, we recommend using these 

thresholds for all strains of P. aeruginosa.  

In Chapter 4, we proposed a global threshold setting based on known GIs in 15 

bacterial species. This was made possible because of integration of statistical 

framework of segmentation and clustering with functional annotation and phyletic 

distribution, as implemented in the CAFE program. However, as discussed in chapter 4, 

the optimal thresholds for individual genomes may vary and may likely be different from 

the global optimal setting. This suggests that further improvements may be achieved by 

using organism or lineage-specific thresholds. As with the LESB58 genome, availability 

of verified islands in bacteria belonging to different lineages will help determine the 

optimal thresholds. As validated islands are difficult to obtain even for a handful of 

genomes, one can compile a set of high fidelity putative GIs outputted by all different 
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classes of methods for a genome of interest and use this dataset to determine optimal 

threshold setting for the genome.  

 

 Selection of Reference Genomes 

In the current version of CAFE, users are required to select close relatives of the 

genome being studied. These close relatives could even be other bacterial strains 

belonging to same species. However, this approach requires the availability of at least 

five genomes from the same species for sequence comparison. If this condition is not 

met, CAFE relies on the expertise of the user to define close relatives. Thus CAFE 

depends on the availabilty of sufficient number of strains of a species of interest, 

otherwise on the users to identify close relatives. An alternative approach could be to 

use a distance metric for selecting the reference genomes for comparison. A distance 

matrix for all sequenced genomes could be made using CVTree (176). This matrix can 

then be used to identify genomes similar to the query genome. Similar approach has 

previously been used by a sequence comparison based method for selecting reference 

genomes (27).  

 

 Identification of Donors of GIs 

In Chapter 3, we identified donors for the mosaic genomic islands using 

sequence comparison approach (Section 3.3.4). However, as noted earlier (chapter 3), 

longtime resident islands may have undergone substantial changes since their 

acquisition making difficult the identification of their donors. The most frequently invoked 

local sequence alignment using BLAST is also not ideal for identifying donor bacteria. 
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Nucleotide BLAST often didn’t return any hits from outside P. aeruginosa group, and 

even if it did, it aligned short conserved sequences to multiple bacteria. To overcome 

this problem, we used protein BLAST. However, protein BLAST returned best hits from 

different organisms for different query proteins from a GI, thus confounding the 

recognition of the donor organism. Even for individual proteins, BLAST may return 

multiple hits to the query GI protein with similar scores (but belonging to different 

organisms), and thus complicate donor identification (Section 3.3.4). To overcome these 

problems in identifying donors of GIs, we propose using a composition-based approach 

for identifying donors. 

Bacterial genomes are often chimeric, with different segments having different 

ancestries (Chapter 3, Section 3.3.4). The clusters generated by the segmentation and 

clustering procedure elucidates the mosaicism of the bacterial genomes. As these 

segments or clusters of segments have different ancestries and likely different 

composition, we describe a genome as a collection of models representing the segment 

clusters. Each model is a collection of Markov chain (177) initial probabilities 

𝑝𝑝(𝛼𝛼1𝛼𝛼2 …𝛼𝛼𝑚𝑚) and transition probabilities, 𝑃𝑃(𝛼𝛼𝑃𝑃|𝛼𝛼𝑃𝑃−𝑚𝑚𝛼𝛼𝑃𝑃−𝑚𝑚+1 …𝛼𝛼𝑃𝑃−1), where 𝛼𝛼𝑃𝑃 denotes 

nucleotide 𝛼𝛼 at position 𝑃𝑃. 𝑃𝑃(𝛼𝛼𝑃𝑃|𝛼𝛼𝑃𝑃−𝑚𝑚𝛼𝛼𝑃𝑃−𝑚𝑚+1 …𝛼𝛼𝑃𝑃−1) is the probability of observing 

nucleotide 𝛼𝛼𝑃𝑃, given the preceding sequence of nucleotides 𝛼𝛼𝑃𝑃−𝑚𝑚𝛼𝛼𝑃𝑃−𝑚𝑚+1 …𝛼𝛼𝑃𝑃−1 of length 

m that defines the order of the Markov model. Given a GI sequence S, it is matched 

against the database of Markov chain models of genomes as described above. The 

best matching model determines the potential donor of the GI. The probabilistic score 

that quantifies the similarity or match level between sequence S of length N and model 

M of order m, P(S|M), is calculated as, 
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𝑃𝑃(𝑆𝑆|𝑀𝑀) = 𝑝𝑝(𝛼𝛼1𝛼𝛼2 …𝛼𝛼𝑚𝑚)∏ 𝑝𝑝(𝛼𝛼𝑃𝑃|𝛼𝛼𝑃𝑃−𝑚𝑚𝛼𝛼𝑃𝑃−𝑚𝑚+1 …𝛼𝛼𝑃𝑃−1)𝐹𝐹
𝑃𝑃=𝑚𝑚+1 , 

where, 𝑝𝑝(𝛼𝛼1𝛼𝛼2 …𝛼𝛼𝑚𝑚) is the marginal probability of oligonucleotide 𝛼𝛼1𝛼𝛼2 …𝛼𝛼𝑚𝑚 of 

length m.  

 

 Evolution of Pathogenicity-Associated Metabolic Networks 

Deciphering large genomic structures with atypical composition or distribution in 

pathogens is an important goal as described in Chapter 3. Our knowledge of their 

contributions to the pathogenicity will be further enriched if this information gleaned from 

the genomes could be integrated with the systems level information provided by 

metabolic networks. Our data demonstrated the power of recursive segmentation 

method in deciphering GIs harboring dozens or hundreds of functionally related genes. 

These large structures could be acquired in single evolutionary events or could be a 

consequence of multiple acquisitions at that particular genomic locus. The latter may 

result in mosaic GIs (e.g. LESGI-3 in Fig. 3.8). Mosaic GIs in pathogens have often 

been implicated in conferring novel metabolic traits including hyper-virulence (Section 

3.3.4). The contribution of HGT to the adaptive evolution of metabolic networks in 

bacteria could be reassessed in the light of our more robust identification of GIs by 

using CAFE.  

Previous gene-based studies examined the physiological coupling of horizontally 

acquired genes or enzyme pairs in proteobacteria using flux-coupling analysis and 

concluded that physiologically-coupled enzyme pairs are more often the parts of 

operons (178). In another words, enzymes in a pair are often physically associated 

within genomes and serve as physiological modules that are gained or lost together in 
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evolution (178). We hypothesize that the atypical structures deciphered by CAFE are 

the “complete” physiological modules that are gained or lost in toto. Metabolic networks 

provide a platform for the validation of this hypothesis. Systems-level analysis will make 

it possible to understand the interactions between GIs or mobile physiological modules 

and even the hierarchical structures underlying modules. As GIs are often enriched in 

genes whose functions are still not known (27), identification and characterization of GIs 

as physiological modules could also help in inferring the functions of yet 

uncharacterized genes if the functions of some of the genes within in a GI are known. 

This can be accomplished using metabolic networks that enable understanding the 

roles of genes in the broader context of metabolism and thus the physiology of an 

organism. This has been made possible due to advances in whole genome sequencing, 

which has made accessible the entire repertoire of genes or proteins of a number of 

organisms, thus enabling systems level study of proteins, specifically, their interactions 

within the metabolic network of an organism. Genome-scale metabolic reconstruction 

infers the functionality of an organism from whole genome sequence data. Genome-

scale metabolic reconstructions enlist all chemical transformations taking place within 

the entire metabolic network of an organism (179, 180). It entails combining sequence 

data information with biochemical, genetic and physiological knowledge about an 

organism within the framework of mathematical models. These mathematical models, 

also referred to as genome scale models (179) or metabolic models, provide a platform 

for simulating wet-lab experiments in an in silico environment. Metabolic models have 

been used to address a variety of biological problems, including prediction of nutrient 

requirements (181), identification of novel antimicrobial drug targets (182), and 
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prediction of phenotype from genotype. However, the field of reconstructing metabolism 

is still new, with the first metabolic model, of Haemophilus influenzae, made available 

less than two decades ago (183). As bacteria continue to increase their virulence and 

antibiotic resistance arsenal, it is hoped that new developments in metabolic 

reconstruction will help identify novel drug targets. Future studies could focus on these 

aspects. 

 

 GIs as Biomarkers 

Our analysis showed presence of strain specific segments in the P. aeruginosa 

LESB58 genome (Chapter 3). In particular, the segment LESGI-3-C1A was found to be 

almost completely absent from other strains of P. aeruginosa that we compared against 

(Section 3.3.4). The arrangement of the disparate segments in the LESGI-3 island was 

also observed to be unique to LESB58 (Section 3.3.4). Such GIs could thus be used as 

biomarkers for strains. This is particularly important in outbreaks and epidemiological 

studies. Future studies could also focus on expelling or inactivating these regions in 

order to expunge or attenuate virulence or resistance in pathogens. 

 

 Conclusions 

Knowledge about the query genome can greatly aid in identifying GIs in bacteria. 

Presence of experimentally verified islands can help benchmark GI prediction methods 

and aid in selection of tools for robust identification of GIs. For newly sequenced or yet 

uncharacterized genomes, an integrative approach combining several facets of GI 

identification such as atypical composition, aberrant phylogeny and presence of marker 



129 
 

genes should be used for identifying islands. The power of integrative approach was 

demonstrated in this study, leading to the development of CAFE for more robust 

identification of GIs. Our study also highlights the complementary strengths of different 

methods. Composition based methods may have difficulty identifying GIs of similar 

composition as that of the recipient bacteria, which may still be identified by the 

phylogenetic approach. Conversely, a GI that may have integrated into the genomes of 

several close relatives of the recipient bacteria may be difficult to identify using 

sequence comparison but may be identified by composition based approach. Taken 

together, this suggests use of complementary methods in concert to comprehensively 

catalog GIs in bacterial genomes.   
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