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ABSTRACT  

A significant deficiency in the existing state-of-the-art for the reconstruction of metabolic pathways is the ability 

to associate genes and proteins to the transport reactions that move specific compounds across the membranes of the cell. 

This paper presents TransATH, which stands for Transporters via ATH (Annotation Transfer by Homology), a system 

which automates Saiers protocol and includes the computation of subcellular localization and improves the computation of 

transmembrane segments. The choice of thresholds for the parameters of TransATH is investigated to determine optimal 

performance as defined by a gold standard set of transporters and non-transporters from S. cerevisiae. We demonstrate 

TransATH on the fungal genome of A. niger CBS 513.88 and evaluates the correctness of TransATH using the curated 

information in AspGD (the Aspergillus Database). A website for TransATH is available for use. 
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INTRODUCTION  
This paper deals with computational aspects of 

the automatic reconstruction of the metabolic pathways of 

an organism that relate to transport of compounds across 

membranes. We investigate how to include transport 

reactions, transporter proteins, and the GPR (Gene-

Protein-Reaction) associations for transport in the 

reconstruction of metabolic pathways. For prokaryotes, it 

is sufficient to model the transport across the cell 

membrane. However, eukaryotes have internal organelles, 

therefore the reconstruction requires modeling of the cell 

internal components and the intracellular transport across 

their membranes. The transport reaction should represent 

the transport of one or more specific substrates across a 

specific membrane. The GPR association should identify 

the transmembrane protein that performs the movement of 

those substrates across that membrane.  

Our knowledge of genes and the roles of their 

proteins are captured in public web resources, such as 

SwissProt. The data about roles is represented as terms in 

ontologies or classification schemes. For metabolic 

reactions, the important classifications are the Enzyme 

Commission (EC) numbers, and the Gene Ontology (GO). 

Protein domain classification provided by the Pfam and 

InterPro resources is an important means of automatic 

annotation, so maps between the various schemes and GO 

have been created and are widely used. For transport 

reactions, the important classifications are the Transporter 

Classification (TC) scheme, and the Gene Ontology; 

however, the classification of transport is more recent, 

more in development, and less harmonized than 

metabolism. Again, protein domains play important roles 

in annotation, but maps between TC and the other schemes 

have not been developed yet. 

Draft reconstructions are based on analogy with 

knowledge available about the organism of interest, and 

related organisms. Public web resources act as reference 

templates for forming Gene-Protein-Reaction (GPR) 

associations. The Gold Standard resources are based on 

experimental results in the scientific literature that are 

manually curated. These include SwissProt, for proteins 

and their properties; MetaCyc, for pathways and reactions; 

TCDB, for transport proteins; and model organism 

databases, especially those of E. coli (bacteria), S. 

cerevisiae (fungus), and A. thaliana (plant). The KEGG 

pathway database was the first pathway resource and is 

still widely used even though its pathway templates are 

not all based on manual curation of experimental results. 

 

BACKGROUND 

An organism carries out a range of processes, 

such as  

 reproduction; 

 cell growth; 

 cell differentiation; 

 metabolism; 

 response to stimuli; and 

 death. 

 

A eukaryotic cell is surrounded by a plasma 

membrane and contains cell organelles that are themselves 

defined by membranes and perform their own specific 

functions [1]. The membrane is a phospholipid bilayer. 

There are two major classes of membrane proteins defined 

by their position relative to the membrane: the peripheral 

membrane proteins and the integral membrane proteins 

(IMP). The IMPs are further classified into two groups: 

the integral polytopic proteins, which span the entire 

membrane, and the integral monotopic proteins, which do 

not. The polytopic proteins are also called transmembrane 

proteins. 

Structurally, the eukaryote transmembrane 

proteins have α-helices that span the membrane [2]. In 

gram-negative bacteria, there are transmembrane strand 

proteins that span the membrane with β-strands [3]. These 

are called transmembrane segments (TMS). Functionally, 

membrane proteins are classified as transporters, which 

transport ions or molecules across the membrane; ion 

channels, which provide a hydrophilic pathway across the 

membrane for ions; and receptors, which are proteins in 
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the membrane that attach to molecules such as hormones 

and neurotransmitters and trigger cell changes. 

Transporters move molecules and ions across the 

membrane [4]. Transporters constitute up to 30% of all 

cellular proteins [5], and they play important roles in 

cellular metabolism [6]. Transporters have a high degree 

of substrate specificity and bind to one or a few substrate 

molecules [7]. The different forms of molecule transport 

are (I) Diffusion of small hydrophilic or hydrophobic 

particles driven by a concentration gradient; (II) Diffusion 

of hydrophilic or charged particles driven by a voltage 

gradient; (III) Osmosis, diffusion of solute driven by a 

concentration gradient of a non-permeable compound; 

(IV) Facilitated diffusion; and (V) Active transport against 

a concentration gradient [1].  

Transporters are classified according to different 

criteria, such as mechanism, substrate, and family. While 

functional annotation in general targets the Gene Ontology 

as the description or annotation, predictors for transport 

proteins target either the Transport Classification scheme, 

or the substrate category. It would be useful in these three 

approaches were cross-referenced with each other, and 

with the protein domains [8]. Here we briefly overview the 

three schemes. 

The International Union of Biochemistry and 

Molecular Biology (IUBMB) introduced the Transporter 

Classification System (TC) [9] in June 2001 for 

classifying membrane transport proteins. Analogous to EC 

numbers for classifying enzymes, a TC identifier such as 

TC 2.A.1.1.35 has five components representing  

 

1. the transporter class (TC-class), eg 2; 

2. the transporter subclass (TC-Subclass), eg 2.A; 

3. the transporter family (TC-Family), eg 2.A.1, 

which in some cases is a superfamily; 

4. the transporter subfamily, eg 2.A.1.1; and 

5. the specific transporter (TC-ID), eg 2.A.1.1.35. 

 

A superfamily is a large divergent family, in 

which cases the distant clades are considered families 

within the larger superfamily. The grouping of transport 

proteins is determined by sequence homology and 

phylogenetic analysis into the various classes and families 

and stored in the TC Database (TCDB) [10]. As of May 

28, 2014, the TCDB contained more than 10,000 

published references with 11,574 unique protein 

sequences, classified into more than 800 transporter 

families and 53 transporter superfamilies [11]. 

 

TransATH system 

This section presents an implementation that 

automates the protocol for predicting the transporters in a 

genome used by Saier’s lab. The reason for this choice are 

multifold: the Barghash and Helms comparison [12] 

shows that homology works as well as other approaches in 

predicting transporters; Milton Saier and the TCDB are the 

authority on transporters; Saier’s lab uses homology; and 
Saier’s lab applies their approach to whole genomes. The 

protocol used by Saier’s lab is as we discerned it to be 

from their publications. Our system is named TransATH, 

which stands for Transporters via ATH (Annotation 

Transfer by Homology). 

Algorithm 1 presents the TransATH algorithm 

for the implementation of the protocol of Saier’s lab for 

determining the transporters in a given genome. 

TransATH stands for Transporters via ATH (Annotation 

Transfer by Homology). Note that Algorithm 1 requires 

several items of information to be provided from the 

TCDB and this pre-processing is presented in Algorithm 

2. We represent this information as mappings from the 

TCID to the information, irrespective of whether it is 

easily available at TCDB or not. The information on 

topology of a protein can be retrieved from UniProtKB for 

the entries of SwissProt; in other cases, the information 

may be computed by HMMTOP. Algorithm 3 presents a 

utility function find transporters which calls TCDB-Blast, 

the BLAST search at the heart of TransATH. Algorithm 4 

shows TCDB-Blast, the BLAST search of the TCDB 

using our choice of thresholds. Algorithm 5 shows the 

algorithm to determine the topology of a protein, and 

Algorithm 6 shows the algorithm to determine subcellular 

localization. 

 

 
 

We modified G-Blast(v2), the second version of 

the GBlast implementation of Saier’s lab to do more than 

simply take the top BLAST hit. The results here refer to 

TCDB-Blast, the modified G-Blast(v2) which collects all 

hits passing a set of thresholds: e-value 1e-20; percent 

identity 40%; query coverage 70%; subject coverage 70%; 

and difference in length of 10%, which were selected 

following an evaluation. Algorithm 4 shows the main step 

of the algorithm for the BLAST search of the TCDB.  
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There are several programs for predicting the 

topology of membrane proteins. Topology is widely 

predicted using TMHMM. In a comparison of nine 

programs on four TC families [13], HMMTOP [14] is 

overall the best, performing best for the sugar porters, and 

performing well for the other families. Also performing 

well were MEMSAT-SVM [15] and SPOCTOPUS [16]. 

Note that Saier’s protocol [17] manually considers 

hydropathy plots using WHAT [18] to correct HMMTOP 

predictions. The term hydropathy, which means “strong 
feeling about water”, is introduced by Kyte and Doolittle 
[19] in 1982 to refer to the relationship between the 

hydrophilicity and hydrophobicity of an amino acid. The 

hydropathy plot averages across a window to smooth out 

the values. The hydrophobic moment plot of Eisenberg 

and co-workers [20, 21] is a similar tool used in the 

UniProt protocol (http://www.uniprot.org/help/transmem), 

which requires agreement of at least two methods from 

TMHMM, MEMSAT, Phobius and the hydrophobic 

moment plot method to predict alpha helical TMS. 

Phobius is used to resolve conflicts between overlaps in 

predicted N-terminal signal peptides and transmembrane 

domains. 

 

 
Our implementation relies on TM-Coffee [22] 

which computes MSA of transmembrane proteins, to 

determine the alignment of the TMS regions of the query 

protein sequence with the TMS regions of the entry in 

TCDB. This approach uses the transmembrane proteins in 

SwissProt as further entries in the MSA. Algorithm 5 

shows our implementation to determine the topology of a 

protein.  

A widely used tool for subcellular localization in 

fungi is WoLF PSORT [23]. It predicts localization to the 

nucleus, mitochondrion, cytosol, plasma membrane, 

extracellular region, Golgi, endoplasmic reticulum, 

peroxisome, vacuole, and several dual localizations. 

WoLF PSORT does not explicitly separate localizations 

inside an organelle and localizations in the membrane of 

an organelle. 
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A tool for localization prediction that has a 

comprehensive treatment of placing proteins in 

membranes of organelles is LocTree3 [24]. LocTree3 

targets 18 sites, including 8 membranes: plasma 

membrane, nuclear membrane, mitochondrion membrane, 

ER membrane, Golgi membrane, vacuole membrane, 

peroxisome membrane, and chloroplast membrane. 

LocTree3 achieves an overall accuracy of 80%. 

Furthermore, in the experimental comparison [24], 

LocTree3 is shown to be superior to existing tools, 

including WoLF PSORT. 

 

 
 

We have an extended version of Saier’s protocol 
which includes localization information. Although the 

TCDB does not store localization information, for those 

entries in SwissProt, the localization can be retrieved 

using the UniProt identifier of the TCDB entry. In other 

cases, it can be computed using LocTree3. 

The beta version of TransATH is publicly 

available and can be accessed at 

http://transath.umt.edu.my. Figure-1 shows the input page 

for the user to upload a fasta file of protein sequences. The 

user is able to choose the thresholds for percentage 

alignment and e-values. For percent alignment, the 

thresholds from 40 for less stringent filtering to over 70 

for more stringency. While for e-value thresholds, there 

are six choices: 10, e-5, e-10, e-20, e-30 and e-50. 

 

 
 

Figure-1. Input page for TransATH. 

 

TransATH takes approximately 80–100 minutes 

for a typical fungal genome fasta input file of size 

approximately 10MB using a web server with an 8-core 

processor, 8GB memory and 45GB of disk space. A link 

to the result page is generated once TransATH finishes. 

Figure-2 shows an example of an output page that displays 

a table of predicted transporters imitating the result by 

Saier [17, Table-1]. There are nine columns: Family TC#, 

Family Name, Hit TCID, Access in TCDB, Hit TMS#, 

Substrate Group, Specific Substrate, Sequence ID# and 

Query TMS#. The user is able to download the whole 

table in tsv format by clicking on the first icon at the top 

right of the output page. 

The user can generate a pie chart of the predicted 

substrate groups by clicking on the View Chart icon at the 

top right of the result page. Figure-3 shows an example. 

By mousing over the pie chart, the specific slice will be 

highlighted and the Percentage Values box to the left of 

the chart will display the substrate group name with its 

percentage of the total. 

 

 
 

Figure-2. Page of results of TransATH for A.niger 

CBS513.88 

http://www.arpnjournals.com/
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Figure-3. Pie chart of TransATH predictions for A.niger 

CBS513.88. 

 

This is a beta version of TransATH. To date, 

there are 467 TCIDs from the TCDB that map to 

information on their substrate groups and specific 

substrates. There are 32 substrate groups identified to date, 

including the Unknown group. This pre-processing was 

done manually for the beta implementation of TransATH. 

In future we will extract the roughly 4000 entries available 

in merlin [25] which were also manually collected from 

the TCDB. The beta version of the implementation does 

not use the web services of TM-Coffee and LocTree3 yet. 

HMMTOP is used to compute the TMS, and localization 

information is not yet available. Furthermore, the facility 

to be notified by email does not function yet. The system 

will in future notify users when jobs complete and provide 

a link to the result page of the job. 

 

SETTING PARAMETER THRESHOLDS 
For the evaluation we took the gold standard 

dataset used by [12, Table S3] of 177 transporters in S. 

cerevisiae that have been experimentally characterized. 

These were the positive examples in the dataset. A set for 

negative examples of size 177 was chosen at random from 

S. cerevisiae at SGD (http://www.yeastgenome.org) taking 

care to avoid entries in the positive set and transmembrane 

proteins. The gold standard dataset of positives and 

negatives was compared against the 11,572 entries of the 

TCDB as of May 2014.  

The effect of each parameter is monotonic: as we 

make the parameter more stringent we obtain fewer results 

because more sequences are filtered out. However, there 

are some changes in thresholds for parameters that have a 

noticeable effect, mainly on the results for non-

transporters than for transporters. Table-1 and Table-2 

show the results for different combinations of parameter 

thresholds. They include the F-measure for each 

combination: 

 

F = 2 ∗ T P/ (2 ∗ T P + F P + F N) 

 

where TP is the number of true positives, FP the 

number of false positives, and FN the number of false 

negatives. Table-1 and Table-2 compare G-Blast(v2) and 

TCDB-Blast. Table-2 shows the optimal thresholds for 

TCDB-Blast. The optimal thresholds for TCDB-Blast use 

60% as the threshold for percent identity. The other 

suggested threshold values have no effect on the results. 

With the optimal thresholds, TCDB-Blast achieves an F-

measure of 95.73% which is slightly better than the F-

measure of 93.90% achieved by G-Blast(v2). 

 

Table-1. F-measures for G-blast(v2) predictions for 

combinations of thresholds. 
 

 
 

The number of results when using blastp to 

search the 354 protein sequences of the gold standard 

dataset consisting of 177 transporters and 177 non-

transporters against the 11,572 entries of the TCDB as of 

May 2014 with different combination of thresholds. In this 

trial neither G-Blast(v2) nor TCDB-Blast removed 

sequences without transmembrane segments. G-Blast(v2) 

uses an initial e-value threshold of e-3 for transporters, and 

then a threshold of e-1 for putative transporters. The table 

shows the effect of both thresholds. G-Blast(v2) does not 

explicitly constrain percent identity, query coverage, and 

percent difference, so the table shows the default values 

for these parameters that do not filter out any alignments. 

Bold indicates the maximum F-measure. 

 

TransATH CORRECTNESS 

The methodology used to determine the 

correctness of the predictions by TransATH on A. niger 

CBS513.88 was to compare the predictions with the high 

confidence annotations for transporters in the AspGD 

database. 

The AspGD is a well-curated database. 

Annotation information is recorded in terms of the Gene 

Ontology. The curators read the literature in order to 

assess which evidence code to assign to a Gene Ontology 

term. The experimental evidence codes of Inferred from 

Experiment (EXP), Inferred from Direct Assay (IDA), 

Inferred from Physical Interaction (IPI), Inferred from 

Mutant Phenotype (IMP), Inferred from Genetic 

Interaction (IGI), and Inferred from Expression Pattern 

(IEP) indicate the inference by the curators from the 

experimental evidence presented in the literature. In 

addition, the team at AspGD has compared the genomes of 

the Aspergillus genomes and other well-curated fungal 

genomes to create high confidence orthology mappings 

between the genomes. They use this to assign GO terms 

based on orthology. Although they assign the evidence 

code Inferred from Electronic Annotation (IEA) to the GO 

term, the source indicates the orthologous gene that is 

experimentally characterized. In addition, there are the GO 

terms with evidence code IEA where the source is an 

InterPro entry. This indicates an inference because an 

InterPro domain was located on the sequence. 

 

http://www.arpnjournals.com/
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Table-2. F-measures for prediction using combinations of 

thresholds. 
 

 
 

The number of results when using blastp to 

search the 354 protein sequences of the gold standard 

dataset consisting of 177 transporters and 177 non-

transporters against the 11,572 entries of the TCDB as of 

May 2014 with different combination of thresholds. In this 

trial neither G-Blast(v2)  nor TCDB-Blast removed 

sequences without transmembrane segments. For TCDB-

Blast uses default thresholds of e-20, 70%, 70%, and 10% 

for e-value, percent identity, query coverage, and percent 

difference, respectively. The effect of modifying the 

threshold for percent identity is shown in the first block. 

The effect of using e-30 as the threshold for e-value is 

shown in the second block. The effect of modifying the 

threshold for query coverage is shown in the third block. 

Bold indicates the maximum F-measure. 

The TCDB as of May 2014 has 9 entries from A. 

niger CBS 513.88 as shown in Table 3. As mentioned 

before, TCDB is a curated database that incorporates 

functional and phylogenetic information of membrane 

transport proteins, which are organized according to TC 

systems.  The information in TCDB gathered from many 

species, domains, kingdoms or phylum. In our study, the 9 

entries mentioned in Table-3 representing 7 different TC-

superfamilies were identified belong to A. niger CBS 

513.88 of AspGD.  

According to the rules of TC systems, the last 

digit of TCID represents the substrates or range of 

substrates being transported. The last two columns of 

Table-3 display substrates information. Some might be 

putative, too vague or general, or even unknown. This 

kind of information is only stored as unknown in TCDB. 

 

 

Table-3. TCDB entries from A. niger CBS 513.88. 
 

 
 

The table shows information for the 9 TCDB 

entries that come from A. niger CBS 513.88. The Gene 

column shows the gene identifier in AspGD. The TCID 

column shows the identifier in the TCDB. The UniProt 

column shows the identifier in UniProt. The Substrate 

Group column shows the type of substrate transported, as 

known by TCDB. The Specific Substrate column shows 

the specific substrate transported, as known by TCDB. As 

of May 2014. 

 

 

Table-4. Transport GO entries with experimental evidence for A. niger CBS 513.88. 
 

 

http://www.arpnjournals.com/
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The table shows information for the genes from 

A. niger CBS 513.88 with transport-related GO terms 

supported by experimental evidence. The Gene column 

shows the gene identifier in AspGD. The GO ID column 

shows the Gene Ontology identifier for the GO term. The 

Description column shows the short description of the GO 

term. The Code column shows the evidence code for the 

GO term as curated by AspGD. The Source column shows 

the source of the evidence. The Domain column shows the 

GO domain BP(P), MF(F), CC(C) of the GO term. As 

curated in the AspGD as of 28 March 2016. 

The high confidence AspGD annotations for 

transporters were determined by downloading the gene 

association.aspgd file from the AspGD web-site at 

http://www.aspgd.org. The entries pertaining to A. niger 

CBS 513.88 were extracted and cross-referenced with the 

set of all GO terms in BP (Biological Process) and MF 

(Molecular Function) in the subtree of 

GO:0006810(transport) from BP and 

GO:0005215(transporter activity) from MF. The GO terms 

with experimental evidence codes and the GO terms that 

had IEA evidence code and were derived by orthology 

were extracted to give the final list of high confidence 

annotations for transporters in A. niger CBS 513.88. The 

list contained 242 GO terms for 190 individual genes. 

Table 4 shows the information for the 10 genes with 

experimental evidence. 

From the total 242 GO terms for 190 genes only a 

few include detail about the substrate being transported. 

Of the nine genes from A. niger CBS 513.88 that are 

entries in the TCDB as of May 2014, only three have high 

confidence GO term annotations relating to transport in 

the AspGD. For the evaluation TransATH was run at 

http://transath.umt.edu.my using the thresholds: e-value 

1e-20; percent identity 40%; query coverage 70%; subject 

coverage 70%; and difference in length of 10%. The 

TCDB as of May 2014 was used. Sequences in the TCDB 

and in the A. niger CBS 513.88 genome without 

transmembrane segments were filtered out. 

In total TransATH returned predictions for 221 

sequences in the A. niger CBS 513.88 genome. Of these 

52 were matches to the 190 genes that had high confidence 

GO terms related to transport according to AspGD. 

Another 85 of the 190 genes had blastp hits to TCDB 

sequences that fell below the thresholds set for this 

evaluation. A further 20 genes with predictions by 

TransATH that did not have high confidence GO terms for 

transport in the AspGD had GO terms for transport 

inferred from InterPro domain hits in AspGD. In summary 

157 of the 221 sequences in the A. niger CBS 513.88 

genome for which TransATH returned a prediction had 

good corroborating evidence in the AspGD that they were 

transporters. 

For the 30 genes with information on the 

substrate transported, TransATH returned predictions for 

11of the 30 genes. Another 9 of the 30 genes had blastp 

hits to TCDB sequences that fell below the thresh-olds set 

for this evaluation. For 9 of the 11 genes with predictions 

from TransATH there is agreement on the substrate 

transported, while for the other two (An05g01660 and 

An15g02930) there is agreement at the Substrate Group 

level. 

In conclusion, at the level of predicting 

transporter versus non-transporter, TransATH was correct 

at least for 157 of the 221 sequences predicted to be 

transporters; that is, there was had good corroborating 

evidence in the AspGD that they were transporters. This is 

at least 71.0% of the predictions were correct. Keep in 

mind that 43.7% (6141/14067) of genes in the A. niger 

CBS 513.88 genome have no annotation. 

At the level of predicting substrate, TransATH 

returned predictions for 11 of the 30 genes with 

information on the substrate transported. For 9 of the 11 

there was good agreement on the substrate, and for the 

other 2 there was plausible evidence that the predictions 

were correct at the level of Substrate Group. 

 

CONCLUSIONS 

This paper presents TransATH, a system which 

automates Saiers protocol and includes the computation of 

subcellular localization and improves the computation of 

transmembrane segments. TransATH predicts transporters 

via annotation transfer by homology using the TCDB 

database of known transporters. 

To determine optimal performance as defined by 

a gold standard set of transporters and non-transporters 

from S. cerevisiae, the choice of thresholds for the 

parameters of TransATH is investigated. We demonstrate 

TransATH on the fungal genome of A. niger CBS 513.88 

and evaluates the correctness of TransATH using the 

curated information in AspGD (the Aspergillus Database). 

A website for TransATH is available for use.  
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