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Abstract 

e-Fungi aims to integrate sequence and functional data from multiple fungal species, to facilitate the 
systematic study of less well understood species with reference to model organisms. e-Fungi consists 
of a data warehouse and a library of bioinformatics queries and analyses, which can be combined in 
different ways to conduct studies of cellular processes, pathogenicity and evolution. Both the 
warehouse and analysis libraries will be made available within a service-oriented Grid. 

 

1 Introduction  

Classical comparative genomics identifies similar 
sequences in different organisms and infers 
functional equivalence from that sequence 
similarity. Its uses have included investigating 
orthologous genes (Tatusov et al., 1997), inferring 
the presence of metabolic pathways, (Giles et al., 
2003), and defining transcription-factor binding 
sites and other regulatory sequences in DNA 
(Cliften et al., 2001, Kellis et al., 2003). 
Comparative functional genomics aims to extend 
such comparisons by including experimental data 
about function and phenotype. In order to 
facilitate these comparisons, it is essential that 
sequence and functional data are organised in a 
way that makes integrated analyses 
straightforward. At present this is not the case; 
biological data is stored in a variety of formats at 
different sites, making integration problematic. 
We have previously developed the Genome 
Information Management System (GIMS) 
(Cornell et al., 2003), an integrated data 
warehouse storing sequence and functional data 
for the budding yeast Saccharomyces cerevisiae. 
The usefulness of this approach has been 
demonstrated by evaluating protein interaction 
data using microarray and annotation data 
(Cornell et al., 2004). The e-Fungi project will 

extend the functionality of GIMS to contain 
multiple fungal genomes, allowing cross-species 
analyses, as well as functional and annotation 
data.  

In the development of the GIMS database, the 
focus has been on a single organism allowing the 
data selection, cleaning, loading and maintenance 
activities to be conducted manually. However, the 
size of the e-Fungi data warehouse requires a 
more systematic approach to maintenance. The 
cost/benefit trade-offs for replicating data in a 
warehouse, as against retrieving data on-demand 
and the systematic development of appropriate 
maintenance policies (Engström et al., 2002, 
2003) are being explored. In addition, the 
increased size of the warehouse will lead to 
database queries becoming more computationally 
intensive. In order to overcome this problem, the 
e-Fungi database and analysis tools will be made 
available as web services, allowing the efficient 
evaluation of computationally demanding requests 
over the data to be deployed as services on the 
Grid. In particular, OGSA-DQP (Alpdemir et al., 
2003) will be used to express queries over a 
combination of the e-Fungi warehouse, external 
databases, and bioinformatic analyses made 
available as web services. 



In order to demonstrate the effectiveness of the e-
Fungi approach to data management we are 
conducting a detailed exploration of fungal 
pathogenesis in Magnaporthe grisea, Aspergillus 
fumigatus, and Candida albicans by effective 
comparison with the model eukaryotes such as 
Saccharomyces cerevisiae. 

2 The e-Fungi data warehouse. 

The e-Fungi data warehouse has been 
implemented using the FastObjects t7 database 
(http://www.versant.com/products/fastobjects/t7). 
The object model is an extension of that used in 
the GIMS database, allowing sequence data to be 
stored for multiple genomes. 

The data stored in the data warehouse can be split 
into two groups. The first is data that we have 
loaded from other data repositories, e.g. sequence 
data from the NCBI (Pruitt et al., 2005) and 
pathway data from KEGG (Kanehisa and Goto, 
2000), or from published data sets which have not 
been made available via online repositories, such 
as genes described as being involved in RNAi in a 
publication (Kim et al., 2005). The second type of 
data is that which we obtain from analysing other 
data in the warehouse. For example the orthology 
relationships obtained from all vs. all Blastp 
analysis (see Section 3).  

The data warehouse currently contains genomic 
sequence data from 25 fungal species, including 
model organisms, non-pathogenic fungi and both 
human and plant pathogens (see Table 1). As 
further genomes are sequenced we intend to add 
them to the data warehouse. The extent to which 
genomes have been sequenced and annotated 
varies greatly. Some consist of fully sequenced 
chromosomes, with annotation including sequence 
similarities, intron positions, non-translated RNAs 
and repeat sequences. Others consist of contig 
sequences with annotation limited to predicted 
open reading frames (ORFs). The accuracy of the 
data also varies between genomes. In the case of 
S.cerevisiae, since the original publication of the 
genome there have been further studies which 
have led to re-annotation of the genome (e.g. 
Kellis et al., 2003). This has not yet happened for 
more recently published genomes. In addition 
different sequencing projects may have used 
different protocols for annotating sequence data. 
For example, the two annotations of the S.bayanus 
and S.mikatae have very different numbers of 
ORFs and differing percentages of these encode 

small (less than100 amino acid residues) proteins. 
During our analysis of the fungal sequence data 
we aim to resolve some of the issues and provide 
more robust set of fungal coding sequences. 

Large amounts of functional data are being 
generated for fungal species. In some cases, such 
as expression or protein interaction data, this data 
is restricted largely to S.cerevisiae. However, it is 
likely that functional data will become available 
for other species. For example, once an organism 
has been fully sequenced, microarray slides will 
often be generated for that organism. In other 
cases there is more data available for non-model 
organisms. For example, large amounts of EST 
data has been made available for M.grisea and 
N.crassa. It is intended that e-Fungi analyses will 
involve a diverse range of functional data 
including microarray expression data, protein 
interactions and metabolic pathways. In addition, 
there is annotation data from GO (Ashburner et 
al., 2000) and MIPS (Mewes et al., 2002). The 
size of the database as well as the diverse range of 
data and the large number of different data 
sources, will raise issues concerning the updating 
of the data warehouse and the requirements for 
running complex queries. These will be discussed 
more fully in Section 5.   

 

3 Protein families analysis 

One goal in comparative genomics is the 
functional assignment of predicted genes. Genes 
that are significantly similar (either paralogs 
resulting from gene duplication, or orthologs 
resulting from speciation) are frequently found to 
have a related biological function. In order to 
examine homologies through protein family 
analyses and to identify orthologs and paralogs we 
divide our analysis pipeline into two phases, 
Phase A and Phase B. In Phase A of our pipeline 
we follow a top level analyses approach, for 
example Blast based orthology assignments, while 
in Phase B we perform an in-depth analysis, such 
as phylogenetics based orthology assignments, to 
reveal relationships among proteins from the data 
set. Phases A and B are further divided into 
various steps as follows: 

 

 

 



GGeennoommee  DDaattaa  ssoouurrccee  OORRFFSS  %%OORRFFSS<<11
0000  aammiinnoo  
aacciiddss  

GGeennoommee  
ssiizzee  ((MMbb))  

SSaacccchhaarroommyycceess  cceerreevviissiiaaee  ** EEnnttrreezz  ((NNCCBBII)) 55886666 55..33 1122..22 
SScchhiizzoossaacccchhaarroommyycceess  ppoommbbee  ** EEnnttrreezz  ((NNCCBBII)) 55001100 44 1122..55 
EEnncceepphhaalliittoozzoooonn  ccuunniiccuullii  ** EEnnttrreezz  ((NNCCBBII)) 11999966 11..9955 22..55 
CCaannddiiddaa  ggllaabbrraattaa  ** EEnnttrreezz  ((NNCCBBII)) 55119922 33..2222 1122..33 
DDeebbaarryyoommyycceess  hhaannsseenniiii  ** EEnnttrreezz  ((NNCCBBII)) 66331177 77..9922 1122..22 
EErreemmootthheecciiuumm  ggoossssyyppiiii  ** EEnnttrreezz  ((NNCCBBII)) 44772266 22..9988 88..88 
KKlluuyyvveerroommyycceess  llaaccttiiss  ** EEnnttrreezz  ((NNCCBBII)) 55333366 33..7755 1100..77 
YYaarrrroowwiiaa  lliippoollyyttiiccaa  ** EEnnttrreezz  ((NNCCBBII)) 66554444 33..11 2200..66 
AAssppeerrggiilllluuss  nniidduullaannss AAAACCDD0011000000000011 2211118811 11..7766 4477..22 
CCaannddiiddaa  aallbbiiccaannss AAAACCQQ0011000000000011 1144221177 00..8822 2277..66 
GGiibbbbeerreellllaa  zzeeaaee  AAAACCMM0011000000000011  1111664400  11..8811  3366..11  
MMaaggnnaappoorrtthhee  ggrriisseeaa AAAACCUU0011000000000011 1111110099 33..0033 3388..88 
NNeeuurroossppoorraa  ccrraassssaa AAAABBXX0011000000000011 1100007799 1100..7722 3388..00 
UUssttiillaaggoo  mmaayyddiiss   AAAACCPP0011000000000011 66552222 11..0066 1199..77 
SSaacccchhaarroommyycceess  bbaayyaannuuss MMIITT  ((vviiaa  SSGGDD)) 99442244 2233..8844 1111..55 
SSaacccchhaarroommyycceess  bbaayyaannuuss WWaasshhUU  ((vviiaa  SSGGDD)) 44996666 33..33 1111..99 
SSaacccchhaarroommyycceess  ccaasstteelllliiii WWaasshhUU  ((vviiaa  SSGGDD)) 44667777 22..6677 1111..44 
SSaacccchhaarroommyycceess  kklluuyyvveerrii WWaasshhUU  ((vviiaa  SSGGDD)) 22996688 33..6644 1111..00 
SSaacccchhaarroommyycceess  kkuuddrriiaavvzzeevviiii WWaasshhUU  ((vviiaa  SSGGDD)) 33776688 44..6622 1111..22 
SSaacccchhaarroommyycceess  mmiikkaattaaee MMIITT  ((vviiaa  SSGGDD)) 99005577 2233..4466 1111..55 
SSaacccchhaarroommyycceess  mmiikkaattaaee WWaasshhUU  ((vviiaa  SSGGDD)) 33110000 55..3355 1100..88 
SSaacccchhaarroommyycceess  ppaarraaddooxxuuss MMIITT  ((vviiaa  SSGGDD)) 88995555 2233..6666 1111..99 
TTrriicchhooddeerrmmaa  rreeeesseeii JJGGII 88559922 00..0077 3344..55 
PPhhyyttoopphhtthhoorraa  ssoojjaaee JJGGII 1199007711 33..1122 8866..00 
PPhhyyttoopphhtthhoorraa  rraammoorruumm JJGGII 1155889900 22..9911 6666..77 
PPhhaanneerroocchhaaeettee  cchhrryyssoossppoorriiuumm JJGGII 1111553322 1199..1188 2288..88 
AAssppeerrggiilllluuss  ffuummiiggaattuuss CCAADDRREE 99994455 33..9955 2299..77 
 

Table 1. Genomes currently in e-Fungi data warehouse. * indicates that this genome has been fully sequenced, 
i.e. there are complete chromosome sequences. Other genomes are available as a set of contig sequences and 
there may be DNA sequences that have not been sequenced for these organisms. For these genomes, the 
genome size is an estimate based upon the total sizes of all the contigs.   

 

Phase A: 

A1)  All against all Blast (Altschul et al., 
1997) analysis with Evalue threshold of 
1e-5. 

A2) Clustering Blast similarities into non-
overlapping protein families using MCL. 

A3) Categorization of protein families based 
on presence or absence of genes, across 
24 fungal genomes. 

A4) Best Bi-directional Blast Hit (BBH) 
analysis to assign orthlologies. 

A5) InterProScan analyses to get information 
about sequences by scanning signature 



databases e.g. GO terms, Prosite motifs, 
Pfam domains etc. 

 

Phase B: 

B1)  More sensitive similarity searches based 
on results from A2, using CHASE (Alam 
et al., 2004) to get maximum possible 
members of a protein family and their 
alignments. 

B2)  Repeat A3,  

B3)  Finding missing genes using 
GenCHASE. 

B4)  Categorization of protein families based 
on presence or absence of genes from 
genomes. For example, fungi specific, 
filamentous fungi specific, ascomycete 
specific and eukaryotic specific. 

B5)  Phylogenetic analysis based on A1 and 
B4. 

In Phase A, we generated a dataset of 214,777 
amino acid sequences, corresponding to all 
predicted protein sequences with length greater 
than 40 amino acids from 25 fungal genomes. 
Step A1 produced 30,715,566 similarities between 
protein sequences. Based on these similarities the 
Markov Chain Clustering (MCL) (Van Dongen, 
2000) was carried out (A2), resulting in 178,821 
proteins being clustered into 19,203 families of 
homologues and the rest (35,956) as singletons.  

Categorization of protein families shows that there 
are about 176 families, of sizes between 27 and 
1732 which are conserved throughout pathogenic 
and non pathogenic genomes. We are currently 
generating phylogenetic trees based on these 
conserved families. Among the unevenly 
distributed families, 19,027 have sizes between 2 
and 1401. Of these 18,367 families have less then 
30 members. 

Analyses in Phase B will result in a more detailed 
picture of the relationships among the 
participating pathogenic and non-pathogenic 
genomes. In general, a complete phylogenetic 
analysis of all groups of homologous genes is 
required to decipher true orthologous relationships 
(Koonin and Galperin, 2002). To define robust 
protein families, containing maximum possible 
members, we used CHASE (Alam et al., 2004) 
which uses multiple sequence-based homology 

search methods. Further, to recover possible 
missing genes, we apply GenCHASE (Alam, 
unpublished) a tool that employs multiple 
methods, taking protein sequences as an input and 
finding homologues in DNA sequences using six 
reading frame translations. Robust protein 
families obtained as a result of this phase of 
analysis will improve the phylogenetic analyses, 
helping identify orthologs and paralogs which in 
turn aids the functional assignment of predicted 
genes. The results from these analyses will be 
made available to users via the e-Fungi data 
warehouse, allowing them to be combined in 
queries with appropriate functional data. 

4 Study of pathogenicity factors 

Molecular phylogeny has shown that pathogenic 
fungi are found in many taxonomic groups, 
suggesting that these lifestyles have evolved 
repeatedly within the fungal kingdom. It can be 
speculated that there are three possible 
mechanisms that account for the evolution of 
pathogens (Tunlid and Talbot, 2002). Firstly, the 
genomes of pathogens may have acquired novel 
genes, enabling them to infect and colonise plants. 
This might occur by horizontal gene transfer 
(Rosewich and Kistler, 2000), or, more likely, as a 
result of gene duplication followed by sequence 
divergence (Ohno, 1970). Secondly, pathogenicity 
might be associated with gene loss. Thirdly, there 
may be genes in pathogens that are also present in 
non-pathogens but take on a different role in the 
former, possibly due to changes in gene 
regulation.  

By searching the literature we have identified 292 
experimentally determined pathogencity factors 
from both plant and animal pathogens. These are 
involved in a wide range of cellular processes. We 
hope that comparison of genomic and functional 
data between pathogenic and non-pathogenic 
species of fungi, combined with our knowledge of 
these pathogenicity factors, will enable us to start 
to answer the question “What makes a pathogen 
different from a non-pathogen?” Comparison of 
gene inventories between fungal genomes, as 
described in Section 3, will allow us to identify 
instances of gene duplication or loss, as well as 
genes which are unique to pathogens or non-
pathogens. By integrating functional data, for 
example on metabolic pathways or gene 
expression, we may be able to investigate whether 
altered gene regulation is responsible for 
pathogenicity. 



Figure 1. The e-Fungi architecture. 
 
As a result of our analyses described in Section 3, 
we have identified 71 protein families, in which 
proteins from pathogenic fungi appear to be over-
represented. These are now being subjected to 
more detailed analysis. 

5 The e-Fungi architecture. 
As stated earlier, the development of e-Fungi from 
the GIMS database has greatly increased the size 
of the data warehouse and the requirements for 
running complex queries. The three tiers of the e-
Fungi architecture are shown in Figure 1. At the 
resource level, there is the e-Fungi data 
warehouse, other on-line databases which might 
be used for updating the e-Fungi warehouse or for 
running queries in association with e-Fungi data, 
plus a library of queries for performing data 
analyses. At the service level, OGSA-DAI 
(Antonioletti 2005) middleware will be used to 
integrate data, while OGSA-DQP (Alpdemir et 
al., 2003) will be used to express queries over a 
combination of the e-Fungi warehouse, external 
databases, and bioinformatic analyses made 
available as web services. At the portal level, the 
e-Fungi interface will be implemented using 
Pierre (Garwood, unpublished), a model driven 
application for creating front ends for data 
repositories. 

5.1 Data Warehouse Updates  

Data integration currently requires intensive 
maintenance activities by a bioinformatician, as 

new data sources are integrated and old sources 
updated. There is a need to make use of aspects of 
Data Warehouse technologies in order to reduce 
the need for ongoing human interactions in 
maintenance activities. The cost/benefit trade-offs 
for replicating data in a warehouse, as against 
retrieving data on-demand and the systematic 
development of appropriate maintenance policies 
have been explored (Engström et al., 2002, 2003). 

For example, the current GIMS system 
incorporates multiple external data sources and is 
in need of mechanisms that provide some means 
of automated updating to the local databases. 
While maintaining the local databases in the best 
possible manner, these mechanisms should not 
overload the warehouse or the source by updating 
the database excessively. Careful considerations 
on the updating policy are required to optimize the 
performance without sacrificing data accuracy. 
Such policies may be based on information such 
as the type of source, analysis, as well as data 
users' behavior. Passed query results may also be 
cached to further enhance performance. 

When new data sets are integrated it would be 
desirable if the amount of human interaction 
required were minimized, although the lack of 
standards within biological data sources will make 
some interaction inevitable. However we will 
endeavor to make e-Fungi data conform to the 
emerging standards, such a SBML (Hucka et al., 
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2003), to maximize the extent that e-Fungi can be 
integrated with other online resources. 

5.2 Data Integration 

In data integration, it is important for any tool to 
be able to present itself as a service such that it 
can be used/integrated into other higher-level 
services. For example, as an analysis tool itself, 
the potential of GIMS can be significantly 
expanded by having the ability to integrate itself 
to other tools/services, i.e. by latching on 
standardized protocols such as Grid and Web-
services. As a resource, the results from the local 
analyses are also important. They need to be 
structured in a standardized, consistent and 
meaningful manner and, where possible, 
accompanied by meta data, such that the results 
can be compatible as input data to other services.  

5.3 Computational infrastructure 

There is a need to satisfy QoS requirements within 
the context of the possibilities offered by 
computational Grids. A request for modest 
resources within a lightly constrained timeframe 
may allow local (and cheap) computation. 
However, a request for high precision over large 
data sets may well trigger a Grid-based solution 
constrained only by specified cost. All of this, 
including the selection of the appropriate 
algorithms to deliver the correct level of precision, 
should be transparent to a user.  

6 Conclusions 

The development of high throughput DNA 
sequencing combined with advances in gene 
expression profiling, proteomics and 
metabolomics, have resulted in an explosion in the 
amount of publicly available sequence and 
functional data. The development of systems 
biology necessitates the integration of this data in 
order to help us answer complex biological 
problems. However, automated data integration 
has proved problematic, often due to the lack of 
compatibility between data formats and the 
inability of databases to communicate. The 
development of web services and agreed data 
structures will provide some solutions to these 
problems. 

However, these approaches have only been 
applied to a subset of biological data sources, a 
problem that was evident when integrating the 
genomic data in e-Fungi. The e-Fungi approach, 
building an integrated data repository and analysis 

software, and making them available as web 
services, may provide some solutions. Data 
integration is still problematic but having been 
done; the data can be made available in a 
structured format. In addition, the problem of 
functional annotation in fungal genomes, with the 
vast majority of data applying to a couple of 
model organisms, might be eased by making the 
results of comparative genomics available in an 
integrated format via the e-Fungi data warehouse.  
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