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Using PFP and ESG Protein Function Prediction Web Servers
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Abstract
Elucidating biological function of proteins is a fundamental problem in molecular biology and bioinformatics. Conventionally, protein function is annotated based on homology using sequence similarity search
tools such as BLAST and FASTA. These methods perform well when obvious homologs exist for a query
sequence; however, they will not provide any functional information otherwise. As a result, the functions of
many genes in newly sequenced genomes are left unknown, which await functional interpretation. Here, we
introduce two webservers for function prediction methods, which effectively use distantly related sequences
to improve function annotation coverage and accuracy: Protein Function Prediction (PFP) and Extended
Similarity Group (ESG). These two methods have been tested extensively in various benchmark studies and
ranked among the top in community-based assessments for computational function annotation, including
Critical Assessment of Function Annotation (CAFA) in 2010–2011 (CAFA1) and 2013–2014 (CAFA2).
Both servers are equipped with user-friendly visualizations of predicted GO terms, which provide intuitive
illustrations of relationships of predicted GO terms. In addition to PFP and ESG, we also introduce
NaviGO, a server for the interactive analysis of GO annotations of proteins. All the servers are available
at http://kiharalab.org/software.php.
Keywords Protein function prediction, Genome annotation, BLAST, Gene Ontology, Automated
function prediction, Sequence analysis
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Introduction
Functional interpretation of novel proteins is a central problem in
molecular biology and bioinformatics. As genome sequencing and
proteomic technologies advance at a striking pace, an overwhelming amount of sequence data awaits to be analyzed and assigned
with functional interpretations. Since performing biological experiment for such purposes does not scale up in terms of time, effort
and expense, automatic function prediction (AFP) methods have
been pursued and have become one of the important problems in
bioinformatics. There are many AFP algorithms developed in the
past years in order to achieve accurate annotation and wider coverage to replace the conventional function prediction methods which
use homology as the source of information [1, 2]. A review by
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Hawkins & Kihara summarizes several categories of AFP methods
beyond traditional sequence similarity, which leverage sequence,
structural, genomic, cellular and metabolic context-based information [3]. A review by Sael et al. [4] focuses on AFP methods for
non-homologous proteins in the sequence and structure-based
categories.
For the advancement of such computational techniques, it is
very important that there are community-wide efforts for objective
evaluation of prediction accuracy. Among several efforts carried out
in the protein function prediction community in the past, a recent
notable one is CAFA (Critical Assessment of Function Annotation)
[5]. The first round of CAFA was held in 2010–2011 [5], and the
second round, CAFA2, was held in 2013–2014 [6]. CAFA3 is
planned in 2016–2017.
Here, we introduce two publicly available webservers for function prediction methods: Protein Function Prediction (PFP) [7, 8]
and Extended Similarity Group (ESG) [9]. Both webservers take a
list of query sequences and output a list of predicted Gene Ontology (GO) terms [10, 11]. The servers have been maintained over
years and extensively benchmarked in the past [12, 13]. In both
CAFA1 and CAFA2, PFP and ESG were ranked among the top
function prediction methods. In the CAFA1 experiment, ESG was
ranked fourth in the molecular function (MF) GO category among
54 participating groups [5], while PFP did well in all the three
categories in CAFA 2 [6]. In an earlier community-based assessment, the function prediction category of (CASP) held in 2006,
PFP was ranked the top [14].
PFP and ESG were designed to achieve complementary goals:
PFP is for achieving a large prediction coverage by retrieving
annotations widely including from weakly similar sequences. On
the other hand, ESG is for improving specificity by accumulating
contribution of consistently predicted GO terms in an iterative
search. The interactive webserver of PFP and ESG [15] is developed to assist in the sequence-based function prediction and to
enhance the understanding of predicted functions by an effective
visualization of the predictions in a hierarchical GO topology. In
addition, we also describe NaviGO, a newly developed web-based
tool for interactive analysis of GO term annotations of proteins.
All the servers are available at http://kiharalab.org/software.php.
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Function Prediction Algorithms in PFP and ESG
In this section, we briefly explain the main idea of PFP and ESG
algorithms. For more details, please refer to the original papers
[7–9].
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2.1 The PFP
Algorithm
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The PFP algorithm uses PSI-BLAST [1] to obtain sequence hits for
a target sequence and computes the score for GO term fa as follows:
s ðf a Þ ¼

N
X
i¼1

NX
funcði Þ 
j ¼1



ðlogðE  valueði ÞÞ þ b ÞP f a jf j

ð1Þ

where N is the number of sequence hits considered in the PSIBLAST hits; Nfunc(i) is the number of GO annotations for the
sequence hit i; E-value(i) is the PSI-BLAST E-value for the
sequence hit i; fj is the jth annotation of the sequence hit i; and
constant b takes value 2 (¼ log10 125) to keep the score positive
when retrieved sequences up to an E-value of 125 are used. The
conditional probabilities P(fa|fj) are used to consider co-occurrence
of GO terms in a single sequence annotation, which are computed
as the ratio of the number of proteins co-annotated with GO terms
fa and fj as compared with ones annotated only with the term fj. To
take into account the hierarchical structure of GO, PFP transfers
the raw score to the parental terms by computing the proportion of
proteins annotated with fa relative to all proteins that belong to the
parental GO term in the database. The score of a GO term computed as the sum of the directly computed score by Eq. 1 and the
ones from the parental propagation is called the raw score.
Compared to the conventional usage of PSI-BLAST that uses a
strict E-value cutoff, e.g., 0.001, for transferring function annotations, the characteristic of PFP is that it collects GO annotations even
from very weakly sequences up to an E-value of 125. Individual
weakly similar sequences do not contribute much to a raw score,
but a GO term can accumulate a substantially large score and be
predicted with confidence if the GO term appears in many sequences.
2.2 The ESG
Algorithm

ESG recursively performs PSI-BLAST searches from sequence hits
obtained in the initial search from the query sequence Q, which will
retrieve N sequence hits (N is “the number of hits per stage”
parameter in the ESG input page as shown in the next section),
S1, S2,. . .SN, each with E-value E1, E2,. . .EN, respectively. Each
sequence hit in a search is assigned a weight Wi that is computed
as the proportion of the log(E-value) of the sequence relative to
the sum of the log(E-value) from all the sequence hits considered
in the search of the same level:
Wi ¼

logðE i Þ þ b
N 
 

P
log E j þ b

ð2Þ

j ¼1

where score –log(Ei) is shifted by a constant value b, which makes
the score a nonnegative value. This weight is assigned for GO terms
annotating the sequence hit and the probability of the GO term fa
annotating the query sequence Q is defined as the sum of weights
of fa that come from sequences annotated with fa:
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Fig. 1 Computing the ESG score. (a) For a single-layer search, a score of a function fa is computed as a sum of
the weight of sequences that have fa in their GO annotation. (b) When a two-layer search is performed, a score
comes from a weighted combination of the second level search and the first level search. This figure is
adopted from the original paper of ESG (Chitale, Hawkins, Park, & Kihara, Bioinformatics, 25: 1739–1745,
2009) with permission from the publisher

P dQ ðf a Þ ¼

N
X
i¼1

W i  I S i ðf a Þ

ð3Þ

The function I indicates whether the given sequence Si has
annotation fa:

1 if S i has f a annotation
ð4Þ
I S i ðf a Þ ¼
0 otherwise
The index d on the left side of Eq. 3 indicates that function
information comes from direct annotations to sequences. Additionally, multilevel exploration (“the number of stages” parameter
in the ESG input page) of the sequence-similarity space (PSIBLAST) shown in Fig. 1 is performed around the target protein
by sharing the weights between levels using a weight parameter v.
In the second round, each of the sequences S1, S2,. . .SN retrieved in
the first round is in turn used as a query. Suppose sequence Si
obtains Ni sequences by a PSI-BLAST run, each referred to as Sij.
The weights for Sij, Wij can be computed in a similar manner to
Eq. 2. Combining the two levels of searches:
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P dQ ðf a Þ ¼

N
X
i¼1

W i  P dS i ðf a Þ

P dS ðf a Þ ¼ v  I S i ðf a Þ þ ð1  vÞ 

Ni
X
j ¼1

W ij  I S ij ðf a Þ
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ð5Þ
ð6Þ

Equation 5 is a variation of Eq. 3, representing that the score of
a GO term fa for the query Q is contributed by sequences retrieved
at the first level (S1 to SN). The weights for GO terms found in the
second level search are computed similarly, where Eq. 2 defines the
weight Wi. Eq. 6 defines the score for fa for sequence Si as a
combination of I S i ðf a Þ, which is sequence Si’s annotation, and
the second level search. The first and the second terms are weighted
by a factor v. Moreover, the equations can be recursively extended
to multiple levels of searches to explore broader space around the
query sequence. The score for each GO term ranges from 0.0 to
1.0.
ESG predicts a GO term with a high score if it appears many
times consistently in the multiple searches including the initial
search and the second level searches. In general, the number of
GO terms predicted by ESG is smaller (5–10 GO terms) than PFP
(often over 50 terms), and terms predicted by high scores by ESG
are usually highly accurate.
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Input and Output of the Servers

3.1 Query Input Page
of PFP and ESG

In Subheading 3, we explain how to use the webservers with an
example. PFP is available at http://kiharalab.org/pfp.php and ESG
is at http://kiharalab.org/esg.php. Query sequences can be submitted to both PFP and/or ESG from the combined submission
page at http://kiharalab.org/web/pfp_esg.php. Please also refer to
a detailed instruction at http://kiharalab.org/web/pfp_tutorial.
php and http://kiharalab.org/web/esg_tutorial.php for PFP and
ESG, respectively. Both the servers may be used without making an
account; however, users are encouraged to create their account on
the servers. With an account, users may automatically keep and
refer to prediction results that have been processed earlier.
PFP and ESG accept query inputs of FASTA formatted protein
sequences. Users may submit sequences separated by line breaks in
the text box titled “Enter Query Sequence(s)” or upload a FASTA
file containing multiple sequences (Fig. 2). To view a sample of the
format, users may click on “Load Sample” to fill the field with an
example sequence. Selecting “Clear” will remove all inputs
sequences including uploaded files. Currently, up to 100 sequences

Fig. 2 Query input page of ESG. Query sequences can be pasted in the submission window or a sequence file
can be uploaded. The query page of PFP is essentially the same, except that it does not have the number of
hits and the number of stages parameters
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may be submitted at a time to avoid overloading the computer
server by the job queue.
For ESG, there are two more parameters that must be entered:
“Number of hits” and “Number of stages.” “Number of hits”
indicates the number of PSI-BLAST hits to be considered at each
level of ESG. The default value of this parameter is set to 10 in our
web server. “Number of stages” indicates the level of searches to be
performed by ESG. The default value for this parameter is chosen as
2. We recommend not changing the “Number of stages” parameter
to a larger value as the computational time will suffer exponentially
and we did not observe an improvement during benchmark in the
original paper [9]. As for the “Number of hits” parameter, it can be
increased if a prediction result by the default value is not satisfactory. For example, we used 50 for this value since it performed well
during the benchmark [9]. However, if the parameter value is
increased from 10 to 50, it requires roughly five times more computational time (with the two-stage setting).
3.2 Output Page with
Case Studies

After selecting the submit button at the bottom section of the page,
users will be directed to the job page displaying the status of that
job. The job will be queued and assigned CPU time when available.
You may refresh the page manually to check the status. Average
computational time for PFP and ESG is 40.1 s and 7.5 min [15],
respectively. When the job is completed, clicking on the job ID will
display the predicted GO terms for the query sequences. Below we
explain in detail how the results are presented.

3.2.1 PFP Output Page

The PFP results page shows the input sequences at the top section
followed by the predicted terms for each GO category (Molecular
Function (MF), Biological Process (BP), and Cellular Component
(CC)), which have confidence greater than 5% of score of the top
hit (Fig. 3). The results page also provides a link to the results in the
XML format, which users may download for further processing.
Selecting “Visualization of Predicted GO terms” will allow users to
view the predicted terms in an interactive GO hierarchy. This tool
allows users to pan and zoom through sub-nodes of related
branches and is color mapped based on their assigned probability.
Alternatively, users may select to color the nodes based on the
number of child nodes under predicted terms. There are three
different layouts users may choose (tree, radial, and circle) for
visualizing the GO hierarchy as well as configurable layouts and
interactive nodes in the Cytoscape [16] (Fig. 4).
Three links are provided below the visualization redirect links,
which allow users to download static images of the GO hierarchy
visualization. Selecting to download the image will render the SVG
image and generate a figure. At the top of each static image is also a
link to download the PNG image file. Users may also save the SVG
image by bookmarking the static page for future reference.

Fig. 3 An example of predicted GO terms by PFP is shown in the PFP output page. The query used is hemF,
oxygen-dependent coproporphyrinogen-III oxidase (UniProt ID: Q87FB2). Each category of GO terms is separated by
Molecular Function (MF), Biological Process (BP), and Cellular Component (CC). Prediction confidence is annotated
by the color of the PFP Score, whereas red is very high confidence (>20 K) and blue is low confidence (100–500)
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Fig. 4 Cytoscape output demonstrating a hierarchical Tree Layout of the PFP prediction. Each node represents
a predicted GO term. Red shades in this figure indicate the prediction confidence

At the bottom section of the output page, the predicted results
are categorized by MF, BP, and CC GO terms including the confidence, term ID, and term description. GO terms are colored as red,
orange, green, and black, whereas red indicates high confidence of
prediction (>70%) and black represents a low confidence (<30%).
PFP allows users to trace the origin of the predicted GO terms
through a dropdown list. Since the PFP algorithm often retrieves
GO annotations from distantly related sequences that may not be
obvious homologs, this tool provides useful insights as to how
predictions are computed and the function of the query sequence.
For each predicted GO term, clicking the [þ] sign will open a
dropdown list of sequence IDs which contributed toward the
prediction. The contribution of each sequence is shown as the
percentage of the score that originates from similar sequences
(Fig. 5).
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Fig. 5 Example of the PFP GO term dropdown box displaying several links to other UniProt proteins that
conferred the prediction, as well as the percent of their contribution. This list is shown for a GO term,
GO:0004109, predicted for a query protein, Q87FB2

As an example, here we discuss prediction by PFP for oxygendependent coproporphyrinogen-III oxidase (UniProt ID: Q87FB2)
(Fig. 3). This protein is involved in the first step of the
protoporphyrinogen-IX from coproporphyrinogen-III synthesis
pathway during heme biosynthesis. According to the EMBL-EBI
database, this protein contains four MF, four BP, and one CC GO
terms. PFP correctly predicts two of the four MF terms with medium
to high confidence: GO:0004109 (coproporphyrinogen oxidase
activity) and GO:0042803 (protein homodimerization activity). By
expanding the dropdown list of GO:0004109 (coproporphyrinogen
oxidase activity), we can trace the proteins that confer this prediction
(Fig. 5). Proteins include hemF of Escherichia coli O6:K15:H31
(UniProt ID: Q0TF33) (the protein in the bottom of Fig. 5) in
the list serve to catalyze the aerobic oxidative decarboxylation of
propionate groups of rings A and B of coproporphyrinogen-III to
yield the vinyl groups in protoporphyrinogen-IX, and thus have the
annotation of GO:0004109.
All four BP terms are predicted by PFP with very high confidence, which are GO:0006779 (porphyrin-containing compound
biosynthetic process), GO:0006782 (protoporphyrinogen IX
biosynthetic process), GO:0006783 (heme biosynthetic process),
and GO:0055114 (oxidation-reduction process). Expanding the
dropdown of GO:0006779 (porphyrin-containing compound
biosynthetic process) reveals other hemF proteins such as (UniProtID: B7M6U5) of Escherichia coli O8 (strain IAI1) which support
this prediction. PFP also correctly predicts the only CC term,
GO:0005737 (cytoplasm), with very high confidence (Fig. 3).
3.2.2 ESG Output Page

Both ESG and PFP display identically formatted results page. To
understand ESG’s output page, refer to Subheading 3.2.1. PFP
Output page.
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3.3 GO Term Analysis
Using NaviGO
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In the last section, we introduce NaviGO, a recently developed
web-based tool for Gene Ontology visualization and similarity
quantification, which is useful for understanding the relationships
between predicted GO terms. It is accessible at http://kiharalab.
org/web/navigo.
To enable a quantitative analysis of GO terms and gene functions from various aspects, on NaviGO, users can compute similarity of GO terms using six different scoring schemes that incorporate
a variety of information ranging from GO topological structure,
contextual association, and GO annotation frequency. There are
four major functionalities, which are accessible through tabs on the
top bar of the web site, i.e., GO Parents, GO Set, GO Enrichment,
and Protein Set.
In the GO Parents page, users are able to retrieve parental GO
terms in the GO hierarchy (Directed Acyclic Graph, DAG) for a list
of query GO terms. It uses a lite version of GO Visualizer [15] to
help users understand relationships of GO terms topologically in
the GO DAG. Results are rendered in an interactive DAG where
query GO terms are circled with bold black outlines. Additionally,
parental GO terms will be listed in the text area below the
visualization.
In the GO Set page, the tool will compute pairwise GO similarity scores for a list of input GO terms and output them as three
formats (Fig. 6): a table, a network graph, and a bubble chart.

Fig. 6 (a) Workflow for NaviGO. Two types of input data are accepted, a set of GO terms or a set of genes with
GO annotations. Similarity of GO terms is computed with six different GO scores including IAS, CAS, and PAS. If
input data is a list of genes, then pairwise similarity scores for each pair of genes are computed. If GO
enrichment analysis is selected, statistical significance of enrichment of GO terms is computed. (b),
Presentation of results in NaviGO. Results are provided by a network view where similar GO terms or genes
are connected; and in a bubble chart where similarity of GO terms is shown in a 2D plot of multi-dimensional
scaling, or in a tabulated fashion, where significance of score similarity is indicated by a color scale
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In the result table, Resnik’s Similarity, Lin’s Similarity, Relevance
Similarity [17], Co-occurrence Association Score, PubMed Association Score [18], and Interaction Association Score [19] of pairs of
input GO terms are colored based on score cutoffs. Table columns
are sortable by clicking on score names at top row of the table.
Common parents between a pair of GO terms are shown in the last
column as well as a link to the interactive visualization, which
illustrates parental GO terms in the GO DAG. In the network
graph format, we showed an interactive network that summarizes
the GO similarity as clusters where nodes are GO terms and edges
indicate similarity score above a user-defined cutoff. The bubble
chart format uses multidimensional scaling [20] to map the similarity into 2D coordinates and the user is able to choose the scoring
schemes for either X or Y coordinates.
In the GO Enrichment tab, NaviGO will take the NCBI taxonomy ID of the organism and a list of annotated genes in the
organism and output the enrichment p-value for each unique GO
term in the input annotation. Enriched GO terms are color mapped
in GO visualizer. User can also adjust the number of enriched GO
terms to visualize.
In the Protein Set tab, users can input a list of annotated
proteins and NaviGO will calculate the functional similarity
between each pair of input proteins using Funsim score [8, 17]
with different similarity schemes similar as in the GO Set tab. The
confidence of similarity predictions is classified into five levels: very
high, high, moderate, low, and the rest. It indicates the score is
within top 1%, 5%, 10%, and 20% relative to the score distribution
of all protein pairs of an arbitrary organism specified by the user.
The upper section in the result page shows an interactive clustering
view based on protein similarity score (Fig. 6). A user-defined
cutoff value controls the connectivity of edges between nodes,
and scoring schemes can be switched using the bar on the top
right-hand corner of the network panel. The computed analysis
results can also be download as a table in the CSV format.
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