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A strategy is presented for protein fold recognition from secondary
structure assignments (a-helix and B-strand). The method can detect
similarities between protein folds in the absence of sequence similarity.
Secondary structure mapping first identifies all possible matches (maps)
between a query string of secondary structures and the secondary
structures of protein domains of known three-dimensional structure. The
maps are then passed through a series of structural filters to remove those
that do not obey simple rules of protein structure. The surviving maps are
ranked by scores from the alignment of predicted and experimental
accessibilities. Searches made with secondary structure assignments for a
test set of 11 fold-families put the correct sequence-dissimilar fold in the
first rank 8/11 times. With cross-validated predictions of secondary
structure this drops to 4/11 which compares favourably with the widely
used THREADER program (1/11). The structural class is correctly
predicted 10/11 times by the method in contrast to 5/11 for THREADER.
The new technique obtains comparable accuracy in the alignment of amino
acid residues and secondary structure elements. Searches are also
performed with published secondary structure predictions for the
von-Willebrand factor type A domain, the proteasome 20 S o subunit and
the phosphotyrosine interaction domain. These searches demonstrate how
the method can find the correct fold for a protein from a carefully
constructed secondary structure prediction, multiple sequence alignment
and distance restraints. Scans with experimentally determined secondary
structures and accessibility, recognise the correct fold with high alignment
accuracy (86% on secondary structures). This suggests that the accuracy of
mapping will improve alongside any improvements in the prediction of
secondary structure or accessibility Application to NMR structure
determination is also discussed.
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Introduction

conventional alignment techniques (e.g. Lipman &
Pearson, 1985; Altschul et al., 1990; Smith &

The flood of new protein sequences demands
techniques to infer protein 3D structure from
sequence alone. For ~30% of protein sequences,
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Waterman, 1981) or profile and pattern methods
(e.g. Gribskov et al., 1987; Barton & Sternberg, 1990)
find similarities to a protein of known 3D structure
(Chothia, 1992). The remaining 70% of protein
sequences may adopt previously unseen protein
folds. Alternatively, they may have topologies (folds)
similar to known protein structures but share no
detectable sequence similarity (e.g. Russell &
Barton, 1994). Such fold similarities will normally
not be found until both protein 3D structures have
been determined experimentally (Orengo, 1994;
Holm & Sander, 1994a). In an attempt to find fold
similarities of this type in advance of 3D structure
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determination, several fold recognition techniques
have been developed (see Bowie & Eisenberg, 1993;
Wodak & Rooman, 1993; Jones & Thornton, 1993
and references therein). These techniques may
locate some fold similarities that are undetectable by
the comparison of sequence. However, the methods
are often computationally intensive and many
similarities still go undetected (Pickett et al., 1992;
Lemer et al., 1996).

In parallel with the development of fold detection
methods, the accuracy of secondary structure
prediction has improved from x65% to ~72% on
average. Though this is only a small percentage
increase, recent predictions are more useful, since
the application of multiple sequence alignments
improves the identification of the number, type and
location of core secondary structure elements.
Prediction from sequence alignments can also
accurately identify the position of loops, and
residues likely to be buried in the the protein core
(Benner et al., 1994; Barton, 1995; Russell &
Sternberg, 1995). Given a good secondary structure
prediction, the next question to ask is how the
secondary structures might be arranged into a
tertiary fold. ab initio methods for folding secondary
into tertiary structure search for possible arrange-
ments of secondary structures that obey general
packing rules (Cohen & Sternberg, 1980; Cohen
et al., 1980, 1982; Smith-Brown et al., 1993; Sun et al.,
1995). These methods have been applied in
numerous blind predictions (Hurle et al., 1987;
Cohen et al., 1986; Curtis ef al., 1991; Jin et al., 1994;
Huang et al., 1994) with varied results. A limitation
is the number of packing combinations that must be
considered. This can become unmanageable for
>nine secondary structures (Cohen et al., 1982),
though approaches to reduce the number of
combinations have been described (Taylor, 1991;
Clark et al., 1991).

The most successful predictions of protein
tertiary structure in the absence of clear sequence
similarity to a protein of known 3D structure, have
been those where secondary structure predictions,
and experimental information were combined to
suggest resemblance to an already known fold.
Correct folds have been predicted in this way for the
a subunit of tryptophan synthase (Crawford et al.,
1987), a family of cytokines (Bazan, 1990), and
recently, for the von Willebrand factor type A
domain (Edwards & Perkins, 1995), and the
synaptotagmin C2 domain (Gerloff et al., 1995).
Although the details of these studies differed, all
used predicted secondary structures from multiple
alignment, combined with the careful application of
protein structural principles (often together with
experimental data) to suggest a protein fold. Two
automated methods for comparing predicted and
experimental secondary structures have been
described previously (Sheridan et al., 1985; Rost,
1995) with promising though limited preliminary
results.

In this paper we show how secondary structure
and accessibility prediction together with basic

rules of protein structure may be used to find the
correct fold within a database of protein structural
domains. The method first generates all possible
matches (referred to as maps) between query and
database secondary structure patterns, allowing
for insertions and deletions of whole secondary
structure elements. Maps are filtered by a series of
structural criteria to arrive at a collection of sensible
template structures. The sequence of the query
protein is then aligned to the template structures by
matching predicted and observed patterns of
residue accessibility. Finally, alignments are ranked
by a score that combines accessibility matching
with a penalty for differences in secondary struc-
ture length. The method is designed to cope with
incorrect secondary structure assignments, in-
sertions/deletions of whole secondary structure
elements, and differences in the lengths and
orientations of secondary structures.

Theory and Algorithm

Database of unique protein 3D
structural domains

A database of protein 3D structural domains was
derived from the Brookhaven Protein Databank
(Bernstein et al., 1977). 930 non-identical chains
were clustered by sequence comparison (Smith &
Waterman, 1981; Barton, 1993) to leave 275 sequence
families. One representative of each family was
chosen to have the highest resolution and lowest
R-factor. The representative structures were then
split into 377 domains by eye. A sub-database of
higher quality domains was created for analysis.
This contained only those structures determined by
X-ray crystallography, refined and of a resolution of
2.5 A or better. Secondary structures for all domains
were defined by the programs DSSP (definition of
secondary structure in proteins; Kabsch & Sander,
1983) or by DEFINE (Richards & Kundrot, 1988)
when only C* atoms were available. Axial coordi-
nates were calculated for all secondary structures as
described by Richards & Kundrot (1988). Extra axial
coordinates were calculated at the N and C-terminal
ends to allow for possible differences in secondary
structure length. The domain database is available
via the WWW (http:/ / geoff.biop.ox.ac.uk/).

Alignment of secondary structures

The secondary structure of the protein is
represented as a sequence of H and B characters
where each H represents an entire o helix and each
B a B strand. A fast method for generating all exact
matching alignments between two strings that
allows up to a maximum number of deletions from
each string (Russell et al., 1995) is used to find all
maps between the query pattern of secondary
structures and the domain database. The method is
recursive, and reminiscent of regular expression
matching. In this study up to two deletions were
permitted from the query secondary structure
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Table 1. Effect of filters when applied independently

Table 3. Matrix for scoring alignment of accessibilities

Initial Inital Remaining ~ Remaining

maps folds Filter maps (%) folds (%)

204,783 212 Rgc 182,696 (89.2) 210 (99.1)
Loop 163,836 (80.0) 211 (99.5)
Adj 161,470 (78.8) 212 (100)
Rgt 156,192 (76.3) 209 (98.5)
Sheet 14,057 (7.0) 199 (93.9)
Strand 13,336 (6.5) 192 (90.6)

Ry, coarse Rg; Loop, loop lengths; Adj, adjacent parallel; Rgf,
fine Rq; Sheet, poor B sheets; Strand, B strand with too few
contacts.

structures where all distance restraints (loop
length and/or experimental) are satisfied simul-
taneously.

After application of all the other filters, matches
contained entirely within another match are
considered redundant, and removed.

Maps removed by each filter

It is illustrative to consider the fraction of maps
removed by each of the filters described above.
For example, scanning with a pattern derived from
a DSSP assignment of secondary structure for
thioredoxin that allows for two secondary structure
element deletions from the query and five from the
database, the initial alignment of secondary
structure elements reduces the number of folds
from 377 — 212. 165 folds have no match of
secondary structures with the thioredoxin pattern.
Table 1 illustrates the fractions of the initial 204,783
maps within 212 folds that are removed by each
filter when applied independently. Table 2 shows
for the same example, how the number of
maps drops as the filters are applied in succession.
The filters are independent of one another apart
from consistency filtering, which must be applied
after loop and distance restraint filtering, and
redundancy filtering, which must be applied last.
The order of filters shown in Table 2 was chosen so
as to optimise speed.

The gradual elimination of maps and folds
shows how the simple principles of protein
structure are sufficient to reduce the number of
possible alignments by two orders of magnitude.
Interestingly, the number of folds drops very
little after the generation of maps, suggesting
that the filters are tending mostly to remove
nonsensical maps associated with each identified
fold rather than ruling out folds. Note that
consistency filtering tends only to remove maps

b e u gap
b 2 -2 0 -1
e -2 2 0 -1
u 0 0 0 -1
gap -1 -1 -1

b, buried; e, exposed; u, unknown; gap, residue that overhangs
the end.

when tight loop lengths or distance restraints are
included in the pattern.

Fitting sequences on to 3D structures

Accessibilities for residues within each map are
calculated quickly by exploiting the relationship
between relative accessibility and the number of
other CP atoms within 7 A (N¢g) of a residue’s CP
atom. N¢y7 is calculated by considering secondary
structures and the C-terminal coils for the matched
structures. Analysis of the high quality domains
shows that helical residues are buried (b) when
Ncg; = 3, exposed (e) when Ny = 0 and intermedi-
ate/unknown (u) otherwise. Similarly, residues in
strands are b when N¢g; > 6, e when N¢g < 3 and
u otherwise. In the examples presented here,
predicted accessibilities were taken from the SUB
line within PHD (Rost & Sander, 1994) output,
which highlights those regions predicted with
confidence.

Given assignments of accessibility, the best
alignment for each pair of secondary structures not
permitting gaps within either secondary structure is
found by applying the scoring matrix shown in
Table 3. These values were chosen to prevent long
overhanging gaps in the alignment of predicted and
experimental secondary structures, and designed
not to penalise mismatches too heavily. The total
similarity score for the alignment is then defined as:

1=N
(Z Sacc) - Ldiff
1=0

where S, is the best score for a pair of matched
secondary structures calculated by summing values
from Table 3, N is the number of matched secondary
structures, and Ly is the total difference in the
lengths of the two protein domains being com-
pared. When calculating Las those secondary
structures that have been equivalenced are ignored,
since overhanging gaps are already penalised by the
gap score in Table 3.

Table 2. Effect of filters when applied sequentially

Sheet Ry Ryt

Loop

Strand Adj Cons. Red.

Maps 204,783 — 14,057 — 13,575 — 12,534 — 11,435 — 7074 —> 5108 — 5108 — 2541

Folds 212— 19— 195—

194 —

192 — 178 — 176 — 176 — 176

Rgc, coarse Rg; Loop, loop lengths; Adj, adjacent parallel; Rgs, fine Rg; Sheet, poor B sheets; Strand,
B strand with too few contacts. Cons., consistency; Red., redundancy:.
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Protein structure patterns for evaluation

Representatives (queries) from each of 11 struc-
tural families containing structural similarities
despite no sequence similarity (Russell & Barton,
1994) were chosen to assess the method. The 11
queries are shown in Table 4 and represent a
diversity of folds from all four protein folding
classes. For all queries, there is at least one clear
example of a similar fold in the database that does
not show any detectable sequence similarity to the
query. For reference, similar folds in the database
were found by the STAMP (structural alignment of
multiple proteins) structure comparison program
(Russell & Barton, 1992) and with reference to the
structural classification of proteins (scop) database
(Murzin et al., 1995).

Two patterns were defined for each of the 11
structures: (1) one taken directly from the DSSP
secondary structure assignment and accessibility
(i.e. perfect prediction) and (2) one from cross-vali-
dated secondary structure and accessibility predic-
tion by the methods of Rost & Sander (1993, 1994).
The PHD program and jack-knifed neural network
architectures were kindly provided by Dr Burkhard
Rost (EMBL). Experimental secondary structure
summaries and accessibilities (a) were taken from
DSSP (Kabsch & Sander, 1983). Predicted secondary
structure summaries (b) were taken from the “PHD
sec” entries and accessibilities from the ““SUB acc”’
entries, since these most closely resembled the
assignments from the N¢g calculation of accessibil-
ity PHD assignments of buried (b) and exposed (e)
states were classified as buried (b) and exposed (e),
with all other positions (i or no assignment) as
unknown (u). Strands shorter than two residues,
and helices shorter than four residues were ignored.
The length of the secondary structure was given by
the number of residues in each secondary structure
(maximum = minimum), and the number of
residues between the secondary structures was
taken as the minimum loop length.

Patterns may also contain distance restraints, such
as those available from NMR experiments, disul-
phide linkages, or SDM studies. Distance restraints
were only added in the von-Willebrand factor and
proteasome patterns (see Results).

Cross-validation

Any predictive method that needs large numbers
of parameters must be cross-validated to ensure
that the method does not do artificially well on the
examples used to derive the parameters. For
cross-validation of the secondary structure and
accessibility predictions, we used the jack-knifed
neural-network architectures described by Rost &
Sander (1993). Secondary structure and accessibility
for each query protein were predicted by an
architecture that did not include the query protein
or any homologue.

The filters and matching algorithm described
here use only a few geometric parameters all of

Table 4. Proteins used to assess the method

Code Protein name Class Fold

hnf3 Hepatocyte nuclear o+ p Winged helix-turn-helix
factor DNA binding motif

Imba  Myoglobin o  Globin

1plc Plastocyanin B Greek-key B sandwich

1rcb Interleukin-4 o  Up-up-down-down

4-helix bundle

Ishaa  v-src tyr kinase a+ B SH2 domain fold
SH2 domain

lubq  Ubiquitin a+ B B-Grasp

lwsya a-Subunit of trp a/p  a/p-Barrel
synthase

2hmga Hemerythrin o  Up-down-up-down

4-helix bundle

2pgd_1 6-Phosphogluconate /B Rossmann fold

dehydrogenase
2trxa Thioredoxin /B  Thioredoxin
Afgf Basic fibroblast B B-Trefoil

growth factor

Codes are the Brookhaven PDB code postfixed with the chain
identifier code and domain number in Roman numerals where
appropriate. hnf3 is assigned to a structure not in the PDB.

which are independent of the protein sequence.
Accordingly, removal of query proteins and
homologues from the set used to derive the
equations above makes a negligible difference to the
parameters.

Computational details

Runs for the patterns shown in Table 4 take
between 5 and 60 minutes on a Silicon Graphics
Indigo 2 (150 MHZ IP22 Processor MIPS R4400).
The MAP program is available from the authors.
Contact GJB by e-mail: gjb@bioch.ox.ac.uk or see
the WWW address http:/ /geoff.biop.ox.ac.uk/ for
details.

Results

Assessing accuracy

Structural similarity is a continuum and for some
fold types opinions differ as to what constitutes
“similar”. For example, thioredoxin has a B-sheet
with helices packing on each side which superfi-
cially resembles a Rossmann fold domain. However,
the topology of the sheet is different from a
Rossmann fold: the connectivity is different, and it
contains a mixture of parallel and antiparallel
hairpins rather than all parallel. To build a detailed
model of thioredoxin based on a Rossmann fold
would be incorrect, but recognising that thioredoxin
has a “’single sheet with helix on each side” is still
useful. For some folds, e.g. the B-trefoils, there is no
such ambiguity. We discuss the accuracy of our
method using two grades of success “strict” and
“loose’’, which are outlined in Table 5. Strict
similarities are those where the topology of the
structure in the database is nearly an exact match of
that found in the query (e.g. plastocyanin and
azurin). Loose similarities are those where the
topologies are broadly similar, with additional
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Table 5. Strict and loose matches with each query

Query Strict match Loose match

hnf3 ~ Winged DNA binding ~ Any HTH DNA binding
HTH domain domain

1mba Globins, phycocyanins  None
colicin A

1ple Cupredoxins Any Greek key B

sandwich

1rcb Any up-up-down-down Any four helix
4-helix bundle bundle

Ishaa  BirA domain II None

lubq Any B-grasp fold None

lwsya  Any o/ barrel fold None

2hmga Any up down up down Any four helix bundle
4-helix bundle

2pgd_I  Rossmann folds Any doubly wound

a/B domain
Any doubly wound
o/B domain
None

2trxa Any thioredoxin fold

4fgf Any p-trefoil

secondary structures in one fold relative to another,
and with some differences in topological ordering or
orientation of equivalent secondary structure el-
ements (e.g. plastocyanin and an Ig fold). Strict
similarities tend to correspond with those specified
by scop (Murzin et al., 1995), whereas the loose
similarities tend to correspond roughly with those
identified by CATH (Orengo et al., 1993) and by the
assessors of the protein structure prediction
challenge (Lemer et al., 1996).

For comparison, we also scanned the same 11
queries against the database of domains using the
fold recognition program THREADER (Jones et al.,
1992) with default parameters.

In addition to the recognition of the correct fold,
it is important to consider how well the query is
aligned onto the database structure. Two measures
of alignment accuracy are given: (1) the fraction of
correct residue equivalences found by each method
% Res-Res, and (2) the fraction of correctly
overlapping secondary structure elements found %
Sec-Sec. Secondary structures were considered
correctly matched if at least two residues from
structurally equivalent secondary structures over-
lapped in the alignment generated by each method.
% Res-Res is a strict definition, and broadly
measures how accurate a 3D model would be if
based on the alignment found. % Sec-Sec is a looser
definition, and allows for slippages of secondary
structures and thus indicates the accuracy of the
predicted topology. The second measure is arguably
a more reliable guide, since for many pairs of
similar protein structures, alignments of sequence
based on 3D structure are ambiguous. Problems
arise when assessing the symmetrical o/ barrel
structures. Shifting the alignment of secondary
structure elements by one B a unit can lead to zero
accuracy by these measures, though the resulting
structure is largely correct. We thus report average
accuracies with and without the a/p barrels. To
assess the overall alignment accuracies of each
method, only those strict similarities that were not
detectable by a sensitive sequence comparison
algorithm (Barton, 1993) were considered. Simi-

larities excluded were those with the globins,
1ECA, THBG and IMYGA when scanning with sea
hare myoglobin (IMBA), and that with 1PAZ when
scanning with plastocyanin (IPLC). For all other
examples, accuracies were included in the calcul-
ation of an average, regardless of whether the
similarity was found at or near the top of the ranked
lists. A total of 36 strict similarities were used in the
calculation.

Searches with 11 test proteins

The results of comparing the 11 protein structures
to the database of domains using DSSP patterns,
PHD patterns, and the THREADER program are
shown in Table 6. The Table lists the top ten ranked
domains for each query by each method. For each
domain, the code, score, structural class and fold
description are shown together with the alignment
score and the percentage accuracies of the
alignments at the residue (% Res-Res) and
secondary structure (% Sec-Sec) level (see below).
Within Table 6, domains classified as strict
similarities (ignoring those detectable by sequence
comparison) are shown in inverse text; loose
similarities are shown as shaded. Table 7 summar-
ises the rankings shown in Table 6 (see the legend).

Judging by the strict criteria shown in Table 5,
8/11 of the scans made with experimentally
determined secondary structure (MAP(DSSP)) put
the correct fold in the first rank. By the loose
definition, the method located 10/11 folds in the
first rank. Predictably, the scans based on patterns
from secondary structure prediction fare worse.
4/11 folds were correctly ranked at position 1 by the
strict criteria. However, this compares favourably
with THREADER which placed one fold correctly in
the first rank. When the loose definitions of fold
similarity are used, our method placed 5/11 correct
folds at the top of the list compared to 2/11 for
THREADER. Expanding the definition of success to
include any search that places a correct fold in the
top ten, as described by Lemer ef al. (1996), shows
a similar trend (Table 7). The greater success of the
DSSP derived patterns suggests that fold recog-
nition by this method will improve alongside any
improvements in secondary structure and accessi-
bility prediction. The structural class of proteins (as
identified using scop) in the top ten domains was
more consistent by our method: MAP(PHD) scans
lead to 10/11 correct protein class predictions for
the first ranked protein, compared to 5/11 for
THREADER. Although this improvement may be
due mostly to the accuracy of the PHD predictions,
the result suggests that other fold recognition
methods could profit from the consideration of
predicted secondary structures.

Our method (MAP) shows an improvement over
THREADER with respect to detecting the correct
fold. What of alignments of sequence to structure?
Values for individual accuracies are given in Table 6.
Reference alignments of 3D structures were found
by the STAMP algorithm (Russell & Barton, 1992)



