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ABSTRACT The genome scale threading of five
complete microbial genomes is revisited using our
state-of-the-art threading algorithm, PROSPEC-
TOR_Q. Considering that structure assignment to
an ORF could be useful for predicting biochemical
function as well as for analyzing pathways, it is
important to assess the current status of genome
scale threading. The fraction of ORFs to which we
could assign protein structures with a reasonably
good confidence level to each genome sequences is
over 72%, which is significantly higher than earlier
studies. Using the assigned structures, we have
predicted the function of several ORFs through
“single-function” template structures, obtained from
an analysis of the relationship between protein fold
and function. The fold distribution of the genomes
and the effect of the number of homologous se-
quences on structure assignment are also discussed.
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INTRODUCTION

With the recent completion of a number of genome
sequencing projects,1 a key goal is to identify the function
of all the open reading frames (ORFs) in a given genome.
Partly to aid in this goal and partly to elucidate the nature
of protein structure space, various structural genomics
projects2 have embarked on determining the tertiary
structure of a significant fraction of a number of genomes.
If the goal is to make this structure determination process
as efficient as possible in determining novel folds, then it is
important to identify those proteins whose domains have
structures similar to already known structures. Further-
more, in a series of papers, we have demonstrated that
even if the resulting predicted structures are of low
resolution, say having a root mean square deviation
(RMSD) from native, for the �–carbons below 6 Å, such
structures can often be used to predict the enzymatic
function of a protein.3–5 Thus, it is worthwhile to perform
genome scale tertiary structure prediction6–8 and even
more recently quaternary structure predictions,9–11 and a
number of workers have been engaged in this task.12,13

Before delving into applications of threading to entire
genomes, a brief overview of the state of the art is
appropriate. To assess whether the fold of a new protein
sequence, the target, has previously been solved, (i.e.,

matches a known template structure), two types of ap-
proaches have been developed. Roughly speaking, these
divide into sequence comparison and structure-based meth-
ods. Sequence-based approaches are designed to establish
whether an evolutionary relationship between two protein
sequences exists. If so, because fold tends to be better
conserved than function, one can then identify the fold of
the target. The most powerful of the recently developed
sequence-based approaches tend to be iterative and aim to
construct a sequence conservation profile by pooling se-
quences identified on successive iterations; a prototypical
example is PSI-BLAST.14 More recent innovations include
profile-profile comparisons that compare the sequence
conservation profile of the target with that of the corre-
sponding profile of the template sequences.15 Hidden
Markov Models16 (HMMs) represent yet another powerful
class of sequence based algorithms. These include Pfam17

and SAM-T99.18 Alternatively, although many of the most
successful of the threading algorithms have a strong
evolutionary component, threading includes structural
information into the fold assignment process. As convinc-
ingly demonstrated in CASP5, there are a number of such
approaches that now significantly outperform PSI-
BLAST.14 In this respect, this paper describes the applica-
tion to genome scale tertiary structure prediction of the
latest version of threading algorithm, PROSPECTOR_Q,
an earlier variant (PROSPECTOR 1.0),19 which was a key
contributor to our reasonably successful performance in
CASP5.20

In the recent past, there have been a number of both
threading and sequence-based whole genome analyses.
Despite these earlier reports, we have revisited this issue
because structure assignment to ORFs can often provide
significant insights into ORFs’ function, ligand interac-
tions, and possible role in the pathways. As shown in
CASP5, the performance of threading methods has been
improving both because of the increasing sophistication of
the algorithms and the expansion of structure/sequence
databases. Thus we believe it is important to ascertain the
current status of genome-scale protein structure predic-
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tion. We have selected the following five microbial genome
sequences to demonstrate the performance of our thread-
ing method, Mycoplasma genitalium, Escherichia coli,
Bacillus subtilis, Aquifex aeolicus, and Saccharomyces
cerevisiae. These genomes were frequently used in prior
studies,21–28 especially Mycoplasma genitalium, so that
we can compare our results to them. Our results are
typical of those from over a dozen genomes including
human that will be presented in subsequent papers.

This paper is organized as follows: First, we briefly
describe our threading algorithm PROSPECTOR_Q and
then present the results on a large-scale benchmark set.
The details can be found elsewhere.29 Then, an analysis is
made of the extent of fold assignment to five genomes, as
well the percent of residues in a genome assigned to
structures. Comparison is made to results obtained from
FASTA,30 PSI-BLAST,14 PEDANT,31 GTOP32 and other
earlier published works.21–28 Next, the predicted protein
fold distribution for the five genomes is shown. Finally, the
ability to use fold to uniquely assign protein function is
investigated. Here, we have analyzed protein structure
and function relationship as the correspondence between
the EC numbers and CATH fold,33 to select “single-
function” template structures, which were used for function
assignment. Our protein structure assignments to the ge-
nome sequences can be found at http://www.bioinformatics.
buffalo.edu/resources/genomethreading/.

MATERIALS AND METHODS
Overview of PROSPECTOR_Q

Here, we briefly describe PROSPECTOR_Q. See Skolnick
and Kihara19 and Skolnick et al.20 for additional details.
PROSPECTOR_Q takes two kinds of multiple sequence
alignments (MSAs) to the target sequence as input: close
homologous sequences (35 to 90% pairwise sequence iden-
tity) and sequences whose FASTA30 E-values are less than
ten to the target sequences. The former is used to generate
a “close sequence profile,” and the latter to generate a
“distant sequence profile.” The resulting sequence profile
alignment generates the partners to be used in the evalua-
tion of the pair interactions expressed as the average over
all close or distant sequences of a quasi-chemical residue-
residue pair interaction potential (hence the Q in PROS-
PECTOR_Q). Also included is a secondary structure predic-
tion term. Next, consensus residue contacts among top hit
template proteins are converted into a protein-specific pair
potential34 that is combined with the aforementioned
homology averaged quasi-chemical pair potential and used
in the next iteration. This process is done a total of three
times. A new feature of PROSPECTOR_Q is that the score
is evaluated as the energy difference between the best
score of the target sequence aligned to the template and
the reversed sequence aligned to the template, following
the idea of Karplus;35 a comparison with sequence random-
ization which is much more expensive is summarized
below. We also reduced the gap penalties at the beginning
and end of the alignment to enhance the fold recognition
ability of the method.

The threading template library consists of a representa-
tive subset of proteins in the PDB,36 such that no pair of

template proteins has more than 35% pairwise sequence
identity calculated over either the aligned region, or over
the smaller of the pair of template proteins. As of February
2003, there are 3595 such proteins.

As shown elsewhere29 a benchmark was designed to
identify templates with little if any apparent homology to
the target sequence. For proteins below 200 residues,
there are 1491 such target sequences that are no more
than 35% identical to each other, with no more than 30%
identical to any template. Of these cases, 1109 (75%) have
identified templates whose Z-score (the energy in standard
deviation units relative to the average) is greater than 7.0
and at least a 20-residue-long alignment. The average
global sequence identity is about 22%. About 95% of the
target sequences have a good structural alignment for the
best scoring template, with an average coverage of 78%
and an average root mean square deviation, RMSD, from
native of the C� atoms of 2.95 Å. Thus, even if only one
template is identified with a Z-score � 7, there is a very
high likelihood that the fold of the target protein has been
correctly predicted. We now turn to the question of the
absolute accuracy of the predicted alignment, not just fold
assignment. If the best one is identified among the top five
scoring templates, with an average rank of 1.3 (1 means
that only the top template need be selected), then 73% of
the target sequences (with at least one template with
Z-score � 7) have at least one template alignment below
6.5 Å (a reasonable cutoff for structural similarity), with
an average RMSD from native of 3.7 Å and 82% coverage
for all aligned residues. Moreover, 886/1109 (80%) have a
very good alignment over a significant fraction of their
structure (with a local RMSD no more than 5 Å) and an
average RMSD of 2.3 Å with 71% coverage. If only the
highest Z-score template is used, then 57% have an RMSD
below 6.5 Å, with an average RMSD of 3.5 Å for all aligned
residues with a coverage of 86%. Seventy percent (70%) of
the highest Z-score templates have a significant fragment
below 5 Å, with an average RMSD of 2.0 Å and 71%
coverage. This is the typical expected accuracy for the
nontrivial cases of low sequence identity to templates that
we might expect to encounter when PROSPECTOR_Q is
applied to entire genomes.

If we compare the results of PROSPECTOR_Q when the
Z-score is calculated relative to randomized sequences (20
randomizations was used), we find the following: Sequence
randomization finds 1061 targets with at least one tem-
plate having a Z-score � 7. Nine hundred and ninety-eight
(998, 94%) of these targets are the same as when sequence
reversal is used. Using the highest Z-scoring template
from sequence randomization, 947 have the same template
as identified using sequence reversal, with average rank
1.2. There are 813 (76%) targets with a RMSD � 6.5 Å, an
average RMSD of 3.8 Å and 81% coverage. Of these,
800/813 are the same targets as when sequence reversal is
used; 89% have the same template as rank 1. If we
consider those targets having well identified regions, then
sequence reversal provides good targets in 80% of the
cases, while randomization is about 4% better. Given the
additional cost (a factor of 20 in computer time), the
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improvement using sequence randomization is hard to
justify, with essentially identical results obtained.

Genome Sequences

The sequences of the ORFs of the five analyzed organ-
isms are taken from the KEGG database (ftp.genome.ad.jp/
pub/kegg/genomes/genes).1 To build the sequence profiles,
we constructed a sequence database by combining Swiss-
Prot (http://www.expasy.ch/sprot/)37 and the KEGG ge-
nome sequence database. For each ORF, we have prepared
the close and the distant profiles. FASTA38,39 was used to
select homologous sequences from the sequence database,
and then clustalW40 was used to generate the MSAs.

Identification of Single-Function Topologies

For each protein topology classified in CATH database33

(i.e., the first three levels/digits in the classification
scheme), the associated EC numbers of the protein struc-
tures (i.e., PDB entries) are identified. For a protein
structure, EC numbers are extracted not only from the
PDB file itself, but also collected through related Swiss-
Prot37 and Enzyme database41 entries using the
BioMolQuest system.42 Figure 1 shows a histogram of the
CATH topologies with the associated number of the EC
numbers (the first three levels/digits are counted). In this
analysis, we have discarded topologies classified into classes
5–9 in CATH, because these classifications are prelimi-
nary (i.e., only the CATH topologies whose first digit is 1–4
are counted). As shown in Figure 1, besides several
multi-functional topologies, such as TIM barrels or ferre-
doxins, more than 70% of the topologies are associated
with only one EC number. This procedure constitutes a
preliminary screening of “single-function” topologies, or
more precisely, “single-enzyme-function” topologies, since
the EC number is used to classify protein function. There
are 260 topologies (represented by 410 threading template
proteins in our template database) that are selected. On
average, there are three protein sequences associated with
each topology in CATH (at the 90% sequence homology
level).

RESULTS

We have applied PROSPECTOR_Q to five representa-
tive complete genome sequences, namely, Mycoplasma
genitalium, Escherichia coli, Aquifex aeolicus, Bacillus
subtilis, and Saccharomyces cerevisiae. Summaries of the
fold assignments are shown in Table I. For each genome,
structures are assigned to more than 72% of the ORFs,
with the highest assignment of 85.2% belonging to A.
aeolicus. The Z-score threshold used here was 7.0, which is
the same as the one used in the benchmark described in
the previous section. For comparison, we have employed
FASTA30 and PSI-BLAST14 (the fourth to sixth column
from the right in Table I), because these are two major
programs for homology searches, and also show results
from other sources: GTOP,32 PEDANT,43 and results from
Gerstein’s group done in 2000. In the sixth and fifth
column, FASTA and PSI-BLAST were simply run against
protein sequences in the PDB.36 The E-value threshold
used for the FASTA run was 0.01.39 For the PSI-BLAST
search, the inclusion threshold was set to 10�5, the
number of iterations is set to 10, and the final match
threshold is set to 10�4.43 Since the threshold values used
for the PSI-BLAST run are somewhat conservative,43 in
all the cases, the number of ORFs assigned by FASTA is
greater than by PSI-BLAST. To enrich the sequence
information in the PSI-BLAST iteration, PDB sequences
were then combined with the Swiss-Prot, trEMBL37 and
genome sequences in the KEGG database (see the fourth
column from the right in Table I, the same threshold
values are used). Now PSI-BLAST because of its iterative
approach, on average results in a 10.4% increase in the
number of structure assignments. GTOP and PEDANT
use PSI-BLAST, and GTOP tends to assign more struc-
tures than PEDANT (with S. cerevisiae being the only
exception). Compared to GTOP, structure assignment by
PROSPECTOR_Q is on average 23.6% more ORFs for a
genome. Figure 2 shows the growth of fraction of ORFs in a
genome to which a structure is assigned. There is around a
20% increase of the assignment between the year 2000 and
2002, and a similar big leap was made by PROSPEC-
TOR_Q.

In contrast to the high ratio of ORF coverage of our
structure assignment, the amino acid coverage obtained
just by counting the total number of residues assigned to
templates relative to the number of residues in the
genome(the fifth column in Table I) to a genome still
remains at the level of 30% for eukaryotic genomes and at
50% for prokaryotic genomes. Interestingly, the average
coverage for an individual protein is 62.9%. This implies
that additional structure modeling procedures are still
needed for unaligned regions to obtain the whole structure
of an ORF, which is raison d’etre of an ab initio folding
algorithms44 despite the fairly successful ability of thread-
ing to identify structurally related proteins. This average
range of coverage generally results in buildable models.45

Effect of the Number of Sequences Used to Build
the Profiles

Since the inputs to the PROSPECTOR_Q are MSAs, it is
of interest to see how the number of homologous sequences

Fig. 1. Histogram of CATH topologies associated with a given number
of different EC numbers. Only the first three digits of the EC numbers are
counted.
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in the alignments affects the resulting ability to confi-
dently assign structures. Figure 3(A) and (B) shows the
distribution of the number of sequences in the close and
distant sequence profiles respectively, and the correspond-
ing fraction of structure assignments. It is obvious that the
fraction of ORFs that have a structure assigned grows as
the number of sequences used to construct either profile
increases (solid circles); indeed, when the number of
sequences in the close profile [Fig. 3(A)] exceeds 15, in
more than 90% of the cases, a template structure is
assigned to the ORF.

There are two reasons why this happens: the first and
simpler reason is that proteins in dominant families have
a larger possibility that the structure of a family member
has been solved, i.e., closely homologous to the target
sequence. In Figure 3(A) and (B), this case is shown in
open diamonds for both close and distant profiles. The
second reason is that enrichment of sequence information
makes it possible to detect a structure that does not have
apparent homology to the query sequence. This is illus-
trated by the fact that the fraction of homologous template
proteins does not exceed around 70% [see Fig. 3(A)], which
shows that enrichment of sequence information using the
profile is a very important factor to drive the fraction of the
structure assignment up to almost 100% [Fig. 3(A)] when
structural information is included in the threading scoring
function. As shown clearly in Figure 3(A), for 65.2% of the
cases a template structure is assigned to ORFs when there
is not a single homologous sequence in the close profile.
Thus, only distant sequences are used in the detection. In
Figure 3(B), when there is also no sequence detected in the
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Fig. 2. Growth of the fraction of ORFs with an assigned structure in
each genome. Solid circles, M. genitalium; crosses, E. coli; open dia-
monds, B. subtilis; open circles, A. aeolicus; gray squares, S. cerevisiae.
Below, sources of data points used in the plot are listed for each genome.
The year (i.e., X-axis in the plot) is shown in the parentheses. The data
points used for M. genitalium: Fisher and Eisenberg (1997);21 Huynen et
al. (1998);22 Teichmann et al. (1998);23 Rychlewski et al. (1998);24 Wolf et
al. (1998);56 Müller et al. (1999);26 Jones (1999);27 Salamov et al.
(1999);28 Gerstein et al. (2000, from the group web page, the year shows
the date when the file was last modified); PEDANT (2002, the year when
we retrieved the data from the database); GTOP (2002, the year when we
took the data from the database); and our current result in Table I (2003).
For E. coli: Rychlewski et al. (1998);57 Wolf et al. (1998);56 Salamov et al.
(1999);28 Gerstein et al. (2000); PEDANT (2002); GTOP (2002); our result
(2003). For B. subtilis, A. aeolicus, and S. cerevisiae: Wolf et al. (1998);56

Salamov et al. (1999 only for B. subtilis);28 Gerstein et al. (2000);
PEDANT (2002); GTOP (2002); our result (2003).
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e10 profile (i.e., only the target ORF sequence), still 47.4%
of the ORFs have a template assignment.

Comparison to Other Methods

Since we have assigned substantially more template
structures to each genome than other methods (Table I),
our curiosity leads us to investigate the nature of newly
assigned structures. In Table II, ORFs in each genome
were divided into two groups, namely, the ones that have a
template structure assigned only by PROSPECTOR_Q
(“newly assigned ORFs”), and the ones that have a tem-
plate assigned also by the other methods in Table I (i.e.,
FASTA, PSI-BLAST against the PDB, PDB�genes, GTOP
and PEDANT) (previously assigned ORFs, termed here
“preassigned”). Then, the number of distinct template
proteins assigned to the two groups of ORFs is compared.
The set of template proteins of the newly assigned ORFs
does not overlap much with those of the previously as-
signed ORFs. This fact indicates that PROSPECTOR_Q
tends to assign new template proteins rather than assign-
ing the same templates to more ORFs; these newly as-
signed ORFs account for around 30% of the total variety of
assigned templates in a genome. The average Z-score of
the cases when only PROSPECTOR_Q assigned a tem-

plate is 17.31, compared to 34.74 when other methods also
made a template assignment. The average number of
homologous sequences in the close (distant) profile is 1.58
(27.2) and 10.29 (74.8) for the former and the latter cases,
respectively. This clearly shows that the threading algo-
rithm is making rather difficult assignments (with lower
Z-score on average) thereby compensating for lack of close
homologous sequence information.

In Figure 4, structure assignments from PROSPEC-
TOR_Q, and GTOP,32 and PEDANT31 are compared. We
have judged agreement of a pair of structure assignments
by one of three ways: The first is to align two assigned
structures using our recently developed protein structure
alignment program, SAL46 (http://www.bioinformatics.
buffalo.edu/resources/sal/). A pair of fold assignments is
considered to be the same if the aligned region of the two
structures covers more than 80% of the smaller protein of
the pair with an RMSD less than 6.5 Å [“A” in Fig. 4(A)].
The second way is to refer to the CATH database; if two
assigned structures belong to a same topology defined in
the CATH database, both structures are considered to be
the same (“C”). The last way is to refer the SCOP47

database in a similar fashion (“S”). Here, only those ORFs
that all three procedures have assigned a structure are
considered. GTOP and PEDANT consistently show the
highest agreement [black histogram in Fig. 4(A)]. This
may be because both procedures employ PSI-BLAST.
Figure 4(B) shows the distribution of Z-scores from PROS-
PECTOR_Q, with ORFs classified by the three types of
agreement of structure assignments. The average Z-score
of the ORFs with the same assigned fold by all three
methods is 37.6, that of ORFs to which a different fold was
assigned only by PROSPECTOR_Q is 24.4, and that of
ORFs with three differently assigned folds is 25.1. When
the Z-score is less than 16, assignments by PROSPEC-
TOR_Q do not agree with GTOP and/or PEDANT for more
than half of the cases, but this disagreement decreases as
the Z-score grows. When the Z-score exceeds 20.0, all three
assignments agree in 92.1% of the cases. In the benchmark
test, a Z-score 15.0 is the threshold above which the
threading alignments are very reliable; namely 81.6% of
the cases one of the top five scoring templates has an
RMSD of less than 6.5 Å,29 any errors if present typically
involve the orientations of the N- or C- terminal secondary
structural elements. One of the reasons is because the
statistical significance of sequence identity between a
query ORF and its template grows with the increase of the
Z-score, so that the template also becomes visible by
sequence-based methods.

Fold Distribution

Figure 5 shows the fold distribution of the five genomes,
with the top five topologies and architectures shown in
Table III. The fold classification is taken from the CATH
database. A predicted structure of an ORF is considered to
have the fold of the protein structure when the aligned
part between the query ORF and the structure covers more
than 60% of the structure. Together with the fact that not
all the proteins in the PDB are included in CATH data-
base, 89.1, 92.0, 91.5, 91.9, 90.0% of the PROSPECTOR_Q

Fig. 3. The number of sequences in MSAs. A: The close (35–90%)
profile, B: the distant (e-value � 10) profile. The gray bars show a
histogram of the number of sequences found in a given type of MSA. The
bin of the bars is set to five, except for the two most left bars, i.e., the most
left bars, zero sequences; the second bar, 1–4 sequences. This is to
separately show the number of cases with no homologous sequences.
Solid circles, the fraction of the fold assignments to the MSAs. Open
diamonds, the fraction of assigned template structures which are homolo-
gous (� 35% sequence identity) to the target ORF sequence.
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assigned structures of M. genitalium, E. coli, B. subtilis,
A.aeolicus, and S. cerevisiae, respectively, are counted in
these statistics. The fold distribution of the five organisms

is quite similar, with on average 53.9% of the proteins
predicted to be in the �/� class. Table III(A) shows the
ranking of top five abundant architectures. It is very clear
that 3-layer and 2-layer �� sandwiches, and orthogonal
helical bundles are the most abundant in all the genomes.
Table III(B) shows the ranking of the most abundant
topologies, the next hierarchy of CATH classification
scheme. The most abundant topology is the Rossmann fold
(89) in all the organisms, and the TIM barrel (33), �� plaits
(31), immunoglobulin-like (22), Arc repressor mutant sub-
unit A (orthogonal � helical bundle structure) (18), OB fold
(12) follows.

As Gerstein has pointed out,43 these abundant topolo-
gies are adopted by proteins of various functions, i.e., they
are multi-functional topologies: the number of different
EC numbers (the first three digits) is shown in the
parentheses. It is also interesting that the kinase fold
enters as the fifth abundant topology of S. cerevisiae.
There are 101 ORFs which hit a kinase fold. Among them,
87 genes are indeed a kind of kinase, with 57 genes
functioning as a serine/threonine protein kinase (accord-
ing to the KEGG database). There are eight ORFs of
unknown function.

Function Prediction via Assigned Fold

One of the most important possible applications of a
genome scale structure prediction is inferring protein
function from their predicted structure, following the
“sequence–structure-function” paradigm.4,48 As shown in
Figure 1, there are many protein topologies that have a
one-to-one relationship to enzyme function (EC number);
these we termed “single-enzyme function” topologies. The
idea here is to investigate the possibility of transferring
the function of a template protein having a single-function
topology to an assigned ORF.

Analyzing the structure assignment by PROSPEC-
TOR_Q to the five genomes, there are 3460 ORFs of known
function (according to KEGG) to which “single-enzyme
function” template proteins are assigned. We have counted
only ORFs whose sequences were covered by more than
60% by the selected template protein. Among these, 147
ORFs (i.e., 4.2% false assignment rate) have an apparently
different function according to KEGG as compared to that

Fig. 4. Comparison of the structure assignment by PROPECTOR_Q,
GTOP and PEDANT. A: For each five organisms, the fraction of the
agreement of structure assignment between two methods is shown: white
histogram, comparison between PROSPECTOR_Q and GTOP; gray histo-
gram, comparison between PROSPECTOR_Q and PEDANT; black histo-
gram, comparison between GTOP and PEDANT. The comparison of
assigned structure was carried out in three ways: A, our structure alignment
program SAL46 was used to superimpose two assigned structures; C, CATH
database; S, SCOP database is. See text for additional details. B: Z-score
distribution of the assigned structures. White histogram, the Z-score distribu-
tion of the ORFs to which all the three methods assigned equivalent template
structures; gray bar, that of the ORFs to which only PROSPECTOR_Q
assigned a different structure from the other two methods; black bar, that of
ORFs to which all three methods assigned different structures.

TABLE II. New Templates Assigned by PROSPECTOR_Q†

(A � B � C) Number of
different templates assigned

by PROSPECTOR_Q

(B) Number of different
templates assigned both to

newly assigned ORFs
and preassigned ORFs (%)a

(A) Number of different
templates assigned only to
newly assigned ORFs (%)a

M. genitalium 323 15 (4.6) 78 (24.1)
E. coli 1527 336 (22.0) 506 (33.1)
B. subtilis 1309 258 (19.7) 438 (33.5)
A. aeolicus 849 104 (12.2) 231 (27.2)
S. cerevisiae 1855 426 (23.0) 685 (36.9)
All organisms 2692 1140 (42.3) 797 (29.6)
†ORFs in each genome were divided into two groups, “newly assigned ORFs”: the ones that have a template structure assigned only by
PROSPECTOR_Q, and “preassigned ORFs”: the ones that have a template assigned also by the other methods in Table I. Then the number of
different templates that were assigned (A) only to newly assigned ORFs; (B) both to newly assigned ORFs and preassigned ORFs; (C) only to
preassigned ORFs; are counted (i.e., a Venn diagram). (A) � (B) � (C) gives the total number of different templates assigned to a genome. a)
Percent of the total number of different templates assigned to the genome (i.e., (A � B � C) is the denominator).
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of the PROSPECTOR_Q assigned template protein. The
small false positive rate suggests that the concept of
function assignment via the single-function fold works
fairly well. There are 71 template proteins (17.3% of the
total number of single function templates) involved in
these apparently false positive assignments. We have
rejected those 71 template proteins from the list of “single-
enzyme function” template proteins resulting in 339 single-
function template proteins, which were used to annotate
function via predicted structure to ORFs for unknown
function. This step constitutes the final screening of “single-
enzyme function” topologies.

Next, we have checked those cases when template
proteins of “single-enzyme function” topologies are as-
signed to ORFs of unknown function. ORFs of unknown
function are selected by the keywords “unknown” or “hypo-
thetical” in the DEFINITION field of the KEGG database.
In the five genomes, a total of 120 ORFs of unknown
function are assigned to template proteins with a “single-
enzyme function” topology. Since the list of these template
proteins is based on current databases which are still
expanding and only enzyme function is considered (Fig. 1),

we are reluctant to naively transfer function through the
assigned template proteins without further investigation.
Therefore, we have checked if PROSITE49 or Pfam17

patterns, or active site residues described in the literature
of the template protein are shared with the ORFs and are
well aligned by PROSPECTOR_Q. Among these 120 cases,
there are 40 cases where we could find some supporting
evidence, i.e., those aligned motifs/active site residues in
their threading alignments. In 35 cases out of the 40 cases,
either GTOP or PEDANT assigns equivalent template
proteins. Below we show four cases where neither GTOP
nor PEDANT has assigned any structure/function, but
where there is some evidence that the function prediction
may be correct.

yozI. A B.subtilis ORF, yozI hit 1b13A, rubredoxin with
a Z-score of 27.66. The rubredoxins are iron-sulfur pro-
teins, featuring a single Fe(S-Cys)4 site in a protein.50 As
shown in Figure 6, yozI has all four cysteine residues in
two loops aligned to the cysteine ligands in the rubredoxin
family. YozI also has Gly10, which is said to be important
for the maintenance of hydrogen-bonding interactions
around Fe(S-Cys)4 site (In 1b13A, Gly10 is artificially

TABLE IIIB. Top Five Abundant Topologies (CATH) in Genomes

M. genitalium (%) E. coli A. aeolicus B. subtilis S. cerevisiae

1 Rossmann fold
3.40.50a (18.8)

Rossmann fold
3.40.50 (18.1)

Rossmann fold
3.40.50 (18.6)

Rossmann fold
3.40.50 (18.4)

Rossmann fold
3.40.50 (12.8)

2 �� plaits 3.30.70
(5.2)

�� plaits 3.30.70
(4.7)

�� plaits 3.30.70
(6.4)

�� plaits 3.30.70
(5.7)

�� plaits 3.30.70
(4.4)

3 Arc repressor
mutant subunit A
1.10.10 (3.5)

TIM barrel 3.20.20
(4.1)

TIM barrel 3.20.20
(3.6)

Arc repressor
mutant subunit A
1.10.10 (4.0)

Immunoglobulin-like
2.60.40 (2.8)

4 OB fold 2.40.50 (2.7) Arc repressor
mutant subunit A
1.10.10 (4.0)

Arc repressor
mutant subunit A
1.10.10 (2.5)

TIM barrel 3.20.20
(3.9)

Arc repressor
mutant subunit A
1.10.10 (2.1)

5 Aspartyl tRNA
synthetase,
subunit A,
domain 2
3.40.690 (2.5)

Immunoglobulin-like
2.60.40 (3.0)

OB fold 2.40.50 (2.1) Aminopeptidase
3.40.630 (1.9)

Kinase 3.30.200 (2.7)

aThree digit CATH code for the topology is shown after the name of the topology. Percentage of the assigned CATH domains in the genome is
shown in the parentheses.

TABLE IIIA. Top Five Abundant Architectures in Genomes

M. genitalium (%)a E. coli A. aeolicus B. subtilis S. cerevisiae

1 3-Layer ���
sandwich 3.40b

(25.9)

3-Layer ���
sandwich 3.40
(27.9)

3-Layer ���
sandwich 3.40
(27.1)

3-Layer ���
sandwich 3.40
(28.8)

3-Layer ���
sandwich 3.40
(19.7)

2 2-Layer sandwich
3.30 (15.8)

Orthogonal bundle
1.10 (12.9)

2-Layer sandwich
3.30 (15.3)

Orthogonal bundle
1.10 (14.0)

2-Layer sandwich
3.30 (14.6)

3 Orthogonal bundle
1.10 (11.7)

2-Layer sandwich
3.30 (12.0)

Orthogonal bundle
1.10 (9.9)

2-Layer sandwich
3.30 (12.5)

Orthogonal bundle
1.10 (14.3)

4 (Partially classified)
6.1 (7.1)

��Complex 3.90
(5.9)

(Partially classified)
6.1 (6.2)

(Partially classified)
8.1 (5.4)

Up-down bundle
1.20 (6.9)

5 Up-down bundle
1.20 (6.0)

(Partially classified)
8.1 (5.3)

��Complex 3.90
(5.9)

��Complex 3.90
(5.3)

(Partially classified)
6.1 (6.5)

aPercentage of the assigned CATH domains in the genome is shown in the parentheses. A domain in CATH is assigned to an ORF when the
alignment of the two proteins covers larger than 60% of the length of the CATH domain. The percent of ORFs in each genome to which CATH
domains are assigned is: M. genitalium: 66.2%; E. coli: 68.3%; B. subtilis: 65.4%; A. aeolicus: 66.4%; S. cerevisiae: 63.9%.
bTwo-digit CATH code for the architecture is shown after the name of the architecture.
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mutated to Ala). 1b13A has a PROSITE pattern PS00202
(rubredoxin signature), [LIVM]-x(3)-W-x-C-P-x-C-[AGD],
in the region of residues 33-43. YozI only lacks the first
residue and the tryptophan from the PROSITE pattern,
but has the rest of the residues specified by the PROSITE
pattern.

YrdN, a protein in B. subtilis hits 1bjpA, 4-oxalocroto-
nate tautomerase with a Z-score of 18.22. Three function-
ally important residues in the catalytic site, Pro1, Arg39
and Arg6151 are aligned between 1bjpA and yrdN. yrdN is
also recognized by the Pfam17 signature as a tautomerase.

b3555 (yiaG), an E.coli ORF hits 1b0nA, SinR transcrip-
tion regulator with a Z-score of 19.90. Since the lengths of
both proteins are similar (1b0nA, 103 residues; b3555, 96
residues), and both hit Pfam HTH_3 (a helix-turn-helix
profile), it may be possible that b3555 is a novel helix-turn-
helix type transcription factor. Babu & Teichmann list this
protein as an unknown lambda repressor-like DNA-
binding domain.52

b2399 (yfeD), an E. coli ORF hits 1adr, p22 c2 repressor
with a Z-score of 10.4. It also hits two Pfam signatures,
bacterial regulatory protein lacI and HTH_3. Babu and
Teichmann annotate this protein as unknown lambda
repressor-like DNA-binding domain.52

DISCUSSION

In this paper, we have reported the genome-scale struc-
ture prediction of five organisms using PROSPECTOR_Q.
The new features of PROSPECTOR_Q are that it incorpo-
rates a better treatment of gaps at the both termini of the
alignment and that following Karplus,35 the score is
evaluated as the energy difference between the best score
of the target sequence aligned to the template and the
reversed sequence aligned to the template. Using the
Z-score threshold established in an extensive benchmark
test, we could assign structures to 72–85% of the ORFs in
the examined genomes. Compared to earlier studies by
several authors, this fraction is greater by almost 20% on
average. About half of this improvement comes from the
assignment of ORFs to new template proteins that were
not assigned before (Table II), and many of these tem-

Fig. 5. Fold distribution of the five organisms (the CATH wheel58).
This representation comprises three concentric pie charts. The most inner
circle in color shows the class [C] of template proteins hit for a genome:
blue, mainly �; red, mainly �; yellow, mixed ��; green, low secondary
structure content. The rest of them, colored in pale blue shades, are
classified to the class number 5–9, which are the preliminary classifica-
tions in CATH. The middle circle represents the architecture [C.A], and the
outer circle represents the topology [C.A.T]. The angle defined by any
segment is proportional to the number of assigned template proteins in
the category. Names of the top five dominant topologies are shown.
Abbreviations of the five organisms are: Mg, M. genitalium; Ec, E. coli; Aa,
A. aeolicus; Bs, B. subtilis; Sc, S. cerevisiae.

Fig. 6. Threading alignment of yozI (B. subtilis) to a template, 1b13A
(rubredoxin). A: The structure of 1b13A. Aligned parts to yozI are shown
in color (blue, N-terminus; red, C-terminus). Four cysteine residues that
constitute Fe(S-Cys)4 site are shared with yozI, and shown in ball & sticks
model. B: A multiple alignment of rubredoxin sequences. The sequences
are taken from Swiss-Prot. These sequences share a sequence identity of
35% or more to 1b13A, and less than 90% to each other. Two alignments
of yozI are shown at the bottom: One aligned by PROSPECTOR_Q, and
the other aligned by align059 to 1b13A. The secondary structure, i.e.
helices and strands shown in gray boxes and white boxes, respectively.
For 1b13A, DSSP60 is used for the definition of the secondary structure.
For yozI, Psipred61 is used to predict the secondary structure. The four
cysteine residues are marked in rectangles.
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plates are not closely homologous [Fig. 3(A, B)]. Thus, the
PROSPECTOR_Q threading algorithm is capturing struc-
tural features of the template structures. Actually, even
when no homologous sequences are found for distant
profiles [Fig. 3(B)], PROSPECTOR_Q finds a template
above the Z-score threshold for 47.4% of the cases.

On the other hand, comparing the assigned structures
by PROSPECTOR_Q, our assignment matches around
80% of the GTOP and PEDANT fold assignments [Fig.
4(A)]; the mismatch ratio grows as the Z-score deteriorates
[Fig. 4(B)]. At some point, this mismatch of structure
predictions is inevitable because of the different character-
istics/limitations of each method. Another problem is the
accuracy of threading alignments; when the Z-score is not
very high, an accurate alignment may not be obtained
even if the fold itself is correctly identified. Therefore,
although our algorithm was tested on the benchmark set,
where the fold assignment is 95% accurate, for practical
use of a threading-based protein model, one should still
carefully check the validity of the model.

Although the fraction of ORFs with an assigned tem-
plate structure is large, in the majority of the cases, the
predicted structure does not cover the entire region of the
ORF sequence, with on average around 60% is aligned
(Table I). To deal with the problem of gaps in predicted
structure, we have developed procedures to build a model
of an entire molecule of a protein based on threading
alignments53 containing gaps.45 The resulting predicted
structures can be further utilized in protein-ligand dock-
ing54 or protein-protein interaction9 prediction.

Hegyi and Gerstein55 have done a survey on the relation-
ship between protein fold and function. Through a similar
analysis, we have identified CATH topologies, which are
associated with only one function (more precisely, three
digits of an EC number), which we termed here “single-
enzyme function” topologies. Then, as a further step, we
have tried to transfer function when an ORF has a
single-function template protein assigned. This simple
procedure worked fairly well for known cases, and we have
made some predictions based on this prediction scheme.
The idea of transferring function through predicted struc-
ture is based on the observation that protein structure is
more conserved than sequence, so that evolutionary his-
tory might be better tracked by looking at the structure
rather than its sequence.33 But practically, it should be
kept in mind that the current list of “single-enzyme-
function” topologies may include false positives, since this
list is based on current versions of databases and also
non-enzyme functions are not counted. Therefore it is
necessary that a function assignment be supported by
other sources, such as experimental evidence or conserva-
tion of functional residues. If used properly, we believe
that due to its simplicity, it might be useful for the
preliminary screening process associated with massive
genome-scale functional annotation.

Based on the present results and due to the fact that an
increasing number of template protein structures will be
available from the expansion of PDB, there is no doubt
that threading algorithms will continue to play an ex-

tremely important role in the progress of structural genom-
ics.
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