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The Directional Atomic Solvation EnergY (DASEY) is an atom-based
description of the environment of an amino acid position within a
known 3D protein structure. The DASEY has been developed to
align and score a probe amino acid sequence to a library of
template protein structures for fold assignment. basey is computed
by summing the atomic solvation parameters of atoms falling
within a tetrahedral sector, or petal, extending 16 A along each of
the four bond axes of each a-carbon atom of the protein. The
DASEY discriminates between pairs of structurally equivalent po-
sitions and random pairs in protein structures sharing a fold but
belonging to different superfamilies, unlike some previous descrip-
tors of protein environments, such as buried area. Furthermore, the
DASEY values have characteristic patterns of residue replacement,
an essential feature of a successful fold assignment method.
Benchmarking fold assignment with DASEY achieves coverage of
56% of sequences with 90% accuracy when probe sequences are
matched to protein structural templates belonging to the same
fold but to a different superfamily, an improvement of greater
than 200% over a previous method.

rotein structure provides insight into biochemical function and

biological behavior. Because the rate of protein sequence
determination continues to outstrip protein structure determina-
tion, reliable assignment of sequences to known folds continues to
be needed. As of June 2002, the National Center for Biotechnology
Information’s Non-Redundant GenPept database contained
1,019,589 sequences; the database doubles in size approximately
every 18 mo (1). On the same date, the Protein Data Bank
contained 16,952 structures; this data bank doubles in size approx-
imately every 3 yr (2). Computational methods that assign a
protein’s sequence to structure (3-25), including the fold assign-
ment method introduced here, mitigate the disparity between the
sizes of the sequence and structure databases.

Two Approaches to Fold Assignment

Computational approaches to assigning sequences to protein folds
(Fig. 1) have been of two types: sequence-to-sequence based and
sequence-to-structure based. In sequence-to-sequence-based as-
signments, the probe sequence is matched by dynamic program-
ming (26, 27) to the sequence of a protein with a known fold, and
it is inferred that the probe sequence folds in a similar way. In its
earliest form, this method was used in the 1960s to assign the
sequence of a-lactalbumin to the known structure of hen egg
lysozyme (28). Profile methods (29) permitted the information
inherent in a whole family of sequences to be used in the fold
assignment, and generalizations of the profile methods, including
PSI-BLAST (30) and HMMS (11, 13) have greatly expanded the
power of sequence-to-sequence fold assignment. Recently, Russell
and coworkers (12) have argued that sequence-to-sequence meth-
ods of fold assignment are the most sensitive.

In sequence-to-structure methods (3-10, 15-18, 21, 31), the
structure is encoded as a sequence of residue environments. The
environment of a residue position has been described in various
ways, including the area buried away from solvent in that position
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or in the distances from that position to surrounding residues.
Every type of residue receives a score for occupying a given type
of environment, and the sum of all residue scores represents the
compatibility of the probe sequence for the structure of the fold.

Directional Atomic Solvation EnergY (DASEY) extends se-
quence-to-structure methods in two ways. First, the environment of
each protein position is encoded as the distribution of nonhydrogen
atom types along four tetrahedral directions from the a-carbon of
the residue in that position. This distribution is related to the
concept of the visible volume proposed by Lo Conte and Smith (32)
and may be thought of as extending the residue environments
introduced by Bowie et al. (3). We also alter the environmental
definition of Bowie et al. by explicitly including a residue’s type.

The second extension is in the adoption of the formalism of
ref. 16 by computing the preference of a query probe residue and
its predicted secondary structure for the template environment
to which it is aligned when two proteins having a similar fold and
low sequence similarity are superimposed, rather than defining
the preference of a residue for an environment in its own
structure. The purpose of this is to mimic the fold assignment
process in the training method.

Materials and Methods

Domain Databases. Protein structure files were obtained from the
Research Collaboratory for Structural Bioinformatics’s Protein
Data Bank (2). Structures whose domain boundaries had been
specified in the CATH 2.4 (January 2002) database (33) were
parsed into their separate domain segments. Discontinuous
domains were discarded. For each residue of each domain, we
generated additional information, including: solvent-accessible
surface area exposed; fraction of area buried by polar atomic
groups (3); DASEY secondary structure [using DsSP (34)]; and
predicted secondary structure [using PHD (35)].

Database of Aligned Protein Structures (paps). A database of aligned
protein structures was derived from the domain database. First,
all domain pairs were created for each domain-fold family within
CATH. Next, we used the Fold classification based on Structure—
Structure alignment of Proteins (FsSp) database to verify that our
domain pairs share a common fold (36). Pairs with DALI (37)
z scores <2 were discarded. A preliminary structural alignment
for each pair was generated by using STAMP (38). Final structural
alignments were generated by using COMPARER (39).

Domain Sets for Training, Testing, and Benchmarking. The domain
database was partitioned into five sets. First, training and testing
sets were extracted from CATH 1.7 (June, 2000). The training set,
used for defining and optimizing the DASEY, contained 1,123
domains and their corresponding 9,891 DAPS-aligned domain

Abbreviations: pAps, Database of Aligned Pairs of Structures; pAsey, Directional Atomic
Solvation EnergY; PDF, Probability Density Function; spp, Sequence Derived Properties.

*To whom correspondence should be addressed. E-mail: david@mbi.ucla.edu.

PNAS | December 10,2002 | vol.99 | no.25 | 16041-16046

)
o
a
>
x
o
(=]
o




pairs for a total of 2,131,404 aligned residue pairs. The test set
contained 96,672 residues from 626 domains and their corre-
sponding 4,013 DAPS aligned domain pairs for a total of 864,758
aligned residue pairs. Plots shown in Fig. 3 were generated by
using the test set. Distinct from the training set, two probe sets
and one domain template library were created to benchmark the
fold assignment performance of DASEY. The domain library
contained 3,914 domains from CATH 2.0 (January, 2001). The
probe set created for BENCHMARK 1 (benchmarking of coverage/
accuracy as a function of score) consisted of 1,000 probe domains
not classified within CATH 1.7. A second distinct probe set was
created for BENCHMARK 2 (benchmarking of coverage as a
function of rank) consisting of 500 recent protein chains rnot
classified within CATH 2.0. DAPS and the domain sets are available
from http://fold.doe-mbi.ucla.edu.

Non-pasey Fold Assignment Methods Tested. In addition to DASEY,
we also benchmarked the Method of Sequence Derived Prop-
erties (SDP) (6), sDP+, an improved version of the Method of
Sequence Derived Properties in which secondary structure
transition scores are derived from DAPS, PSI-BLAST (40), and the
GENTHREADER server (10). For each probe, PSI-BLAST was
executed by first iteratively scanning for homologous proteins
within the Non-Redundant GenPept database. We use 0.001 as
the threshold for inclusion of a sequence in subsequent iterations
as recommended by ref. 41 and used previously by ref. 42. We
allow a maximum of six iterations. At each of the six iterations,
we save the checkpoint matrix; then the checkpoint matrices are
used to search the sequences from the Protein Data Bank.

Evaluating Sequence-Structure Compatibility by Using Structural En-
vironment Dependent Scoring.We describe the compatibility of
sequence for a structure as the odds probability

P(res®,ss", DASEY?|res,ss”,0%)
P(res®,ss*, DASEY?) ’

(1]

P(structurelseq) =

where items in bold are vector quantities, the superscript “a”
denotes “aligned;” the superscript “p” denotes “predicted;” and
9* indicates the optimal alignment as computed by the Viterbi
algorithm on a global-local hidden Markov model similar to
those described by ref. 43. The DASEY is defined and described
in Results. P(structure|seq) is the normalized probability of an
encoded structure given a probe sequence. A structure is en-
coded as a multidimensional observation vector describing the
environment of a structural position as the combination of two
discrete parameters, residue and secondary structure, and the
continuous, four-dimensional DASEY. Transition and emission
probabilities, constant throughout the model, are derived di-
rectly from DAPS. The HMM emission probabilities, which are
analogous to scores found in a traditional scoring matrix, are
computed as the odds ratio describing the preference of a probe
residue and its predicted secondary structure to be aligned to a
template residue, secondary structure, and DASEY:

Residue Aligned

P(res;,ss;,DASEY; res;, ss7)
P(res;,ss{,DASEY;)P(res;,ss}) ’

Emission Score =

[2]

where the subscripts i and j denote specific positions of the
structure and sequence, respectively. Each of the 3,660 = (60 X
60 + 60) four-dimensional partial probability density functions
(PDFs) from which the emission score is computed, P(res;,ss;,
DASEY] res;,ss”) and P(res],ss!,DASEY;,gap), is modeled as
shown in Eq. 3 as a mixture of multivariate normal density
functions:
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These functions are generated as shown schematically in Fig. 2
and described in the figure legend. Each multivariate normal
density k within the mixture is defined by wy, ux and 3, the mix
weight, mean vector, and covariance matrix, respectively. EMMIX
(44) was used to estimate g, the appropriate number of mixture
components, and to derive the parameters wy, u, and 2 of the
PDFs from the populations of DASEYs binned by (res;,ss;,
res;,ss?). The population size of each bin was used to derive
Otrest ssires;, ss” which weights the partial density functions (Eq. 3)
and ensures that the complete mixture of partial PDFs integrates
to one over all DASEY values for the support set of all
res?,ss?, DASEY,res,ss” combinations. For poorly populated bins,
we use a PDF uniform with respect to DASEY environments
rather than attempting to overfit a complex density function. To
test the stability of the generated mixture PDFs and to verify we
did not overfit the data, density functions were computed first
with all of the training data and a second time with 10% of the
aligned domain pairs removed. The two sets of PDFs were
indistinguishable, implying that the distributions were not overfit
despite the high degree of parameterization. Although it is
possible to derive PDFs for P(res?ss?,DASEY?) directly, we
instead compute P(res®,ss®, DASEY?), as shown in Eq. 4, as a sum
of the partial densities P(res;,ss;,DASEY},res;,ss?) with respect to
the 60 res;,ss” combinations and gap:

P(res?,ss!,DASEY?) = P(res;,ss{,DASEY},gap)

+ 2 2 P(res],ssi,DASEY; res,ss). [4]

res  ss

Notice that, in addition to the 60 residue and secondary structure
classes (20 residue types times 3 secondary structure types: «, (3,
and coil), we introduce an additional “gap” character to treat
insertions and deletions. The PDF describing the likelihood of
emitting a gap insertion in the probe is computed similarly to
the other residue types. However, DAPS is used to derive
P(gap; res;,ss}), the likelihood of aligning a gap to a res;,ss; from
the probe sequence(deletion in the probe).

Once the 3,660 PDFs were derived, each describing the
likelihood that a probe residue and its predicted secondary
structure are aligned to a (DASEY, template residue, template
secondary structure) set, we were able to compute emission
probabilities and use them in a hidden Markov model to generate
sequence—structure compatibility scores between a probe se-
quence and template structures.

Results

The DASEY. The DASEY, shown in Fig. 1 Lower Right Inset,
describes the chemical environment around a residue position in a
known structure in terms of the distribution of hydrophobic and
hydrophilic atomic groupings. The sequence of these distributions
is thought to be characteristic of a protein fold (45). Around each
Ca, we compute the weighted sum of the atomic solvation param-
eters of the atoms contained in four tetrahedral sectors, or Petals,
whose major axes lie along a bond direction and extend 16 A. The
contribution of an atom to the sum is Gaussian weighted by distance
from the bond axis so that less than 5% of the volume overlaps
between directions. Values of atomic solvation parameters were
taken from ref. 46. Atomic solvation parameters are derived from
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Fig. 1. Fold assignment relies on scoring the compatibility of a probe sequence (Top Left) with a known 3D structure (Middle Right). Also available for scoring
are the sequence and secondary structure of the protein of known structure (Top Right) and features predicted from the probe sequence (Top Left). The
compatibility can be scored by any of the type of functions listed in the Left Middle box. Our method scores the compatibility with DASEY. The DASEY (Inset
Bottom Right) describes the hydrophobicity of the environment of a Ca position in a known protein structure. Each of the four dimensions of the DASEY is
calculated by summing the Atomic Solvation Parameters (ASPs) of the atoms contained within a tetrahedral sector, or petal, that extends 16 A along a bond
direction from the a-carbon atom of the position. The distance from the bond axis weights down the contribution of each ASP. The four tetrahedral petals are
shown (Inset). Two atoms are shown in the petal along the Ca—N direction. The N atom has a negative (polar) ASP; the C atom has a positive (apolar) ASP.

measured energies of transfer of atomic groups from a polar solvent
to a nonpolar solvent. Consequently, the DASEY can be thought
of as a description of the hydrophobicity of the environment in
which a residue is situated. Large DASEY values imply that a
residue is in a hydrophobic environment. Small DASEY values
imply that a residue is in a hydrophilic environment. As shown in
Table 3, which is published as supporting information on the PNAS
web site, www.pnas.org, DASEY can be defined in numerous ways.
Permutations of the listed parameters were tested within the
training set to determine the parameter set that best discriminates
structurally equivalent positions from random positions and best
separates residue distributions, as explained in the following.

Properties of the DASEY. DASEY is useful for fold assignment in
part because each distinct set of summed atomic solvation
parameters prefers particular residues. That is, the DASEY
discriminates residue substitution preferences. Fig. 3 4 and B
shows two of the four one-dimensional projections (one for each
petal) of sample DASEY distributions for five of the total of
3,660 distributions for the variables (residue, ss, residue, ss?).
Notice that each distribution is multimodal. The multimodality
of the distributions is informative, revealing the preferences that
residues have for different structural environments. For exam-
ple, “AH AH” substitutions appear favorable in both hydropho-
bic and hydrophilic environments, whereas “AH EH” substitu-
tions are most favored in hydrophilic environments. Note that
each distribution is distinctive, demonstrating each residue’s
environment-dependent substitution preferences.

The DASEY is better able to discriminate structurally equiv-
alent positions from random positions than either “area buried”
or “fraction polar” the environmental descriptors used by Bowie
et al. (3). If a continuous environmental descriptor were per-
fectly conserved at structurally equivalent positions, a scatter
plot of that descriptor’s value in each of the structurally equiv-
alent positions would populate the diagonal. Conversely, if the
parameter were poorly conserved such a scatter plot would be
diffuse. Fig. 3 C and D show log cell-plots of the values of two
of the tetrahedral directions of the DASEY at structurally
equivalent positions. Fig. 3 E and F show log cell-plots plots of
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area buried and fraction polar respectively for structurally
equivalent positions within the DAPS test set. Notice the diffuse
character of the graphs shown in Fig. 3 E and F as compared with
Fig. 3 C and D where a trend toward the diagonal is evident. The
other two DASEY directions are also better conserved than area
buried and fraction polar (data not shown). Fig. 3 C—F reveal the
DASEY is highly conserved at structurally equivalent positions,
whereas “area buried” and “fraction polar” are not. Further-
more, the DASEY is not conserved at random pairs of positions
(data not shown) implying that the DASEY discriminates struc-
turally equivalent positions from random positions.

Performance in Fold Assignment Accuracy and Coverage of DASEY
Relative to the Earlier Methods spbp and spp+. DASEY displays
greater coverage at several accuracies than either SDP (6) or SDP+.
In our first benchmark, a sequence—structure compatibility score
was generated for each member of a set of 1,000 probe sequences
whose true folds have been classified in CATH 2.0 with each member
of a structural template library whose folds had also been classified
in CATH 2.0. Resulting scores are partitioned into three bins de-
pending on the classified fold and superfamily of the probe and
template. If the probe and template have different folds [different
class, architecture, and topology (C.A.T.), as defined in CATH], we
call the match incorrect and the sequence—structure compatibility
score for that match contributes to the probability of false alarm. If
the probe and template belong to the same fold and to the same
homologous superfamily (same C.A.T.H as defined in CATH), the
match is discarded as being appropriate for what could be termed
remote homology recognition rather than for fold assignment. If the
probe and template belong to the same fold and to different
homologous superfamilies (same C.A.T., different H), the match is
retained, denoted correct, and contributes to the probability of
detection. Consequently, only fold level matches were considered.
The average sequence identity between pairs in our set of true-
positive matches was 7%.

Three fold-assignment methods were tested. The first method
was Fischer and Eisenberg’s (6) Method of Sequence Derived
Properties (SDP). The second method was an extension to SDP
denoted spp+. In sDP+, the score for the match or mismatch of
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Fig.2. Dpaseyisused to align and score a probe sequence with a known template
structure. This is achieved with PDFs of the form P(res,ssf, DASEY?, res; ss) (Eq. 5),
that give the likelihood of aligning residue type (res) j of the probe to structure
position i of the template. This PDF depends on pasey, res, and secondary structure
type (ss). In the example of a paps aligned residue pair shown in Step 2, position
i of structure I, which happens to be occupied by a valine in a sheet (E) with a
DASEY of [30, 56, 25, 48] and pHp (35) predicted secondary structure of sheet (E)
is aligned to position j of structure J, an arginine in a coil (C) with a DASEY of [32,
53, 20, 41] and pHp-predicted secondary structure of helix (H). The DASEY of [32,
53, 20, 41] means that the weighted sum of atomic solvation parameters for
atoms within the Ca— N petal is 32, and so forth. Notice that the DASEY vectors
from the aligned residue pair contribute to two bins. We place the DASEY vector
[30, 56, 25, 48] from position i into the first bin, which we denote “VE RH.” This
means this DASEY represents a valine strand aligned to an arginine-predicted
helix. Next we place the DASEY vector [32, 53, 20, 41] into a second bin, which we
denote “RC VE.” Appropriately binned DASEY vectors from the training set of
aligned known structures give density plots as shown on the left in Step 4. The
distribution of DASEY values in each of the 3,600 bins (one bin for each combi-
nation of residue, predicted secondary structure, aligned residue, aligned sec-
ondary structure) is modeled as a mixture of multivariate normal PDFs, as shown
by the equation on the right in Step 4. These density functions are the dominant
terms of the emission score and describe the likelihood of aligning a residue and
predicted secondary structure from a probe sequence of unknown structure with
a residue, secondary structure, and DASEY from a template structure.

the secondary structure element comes from a log-odds table
derived from DAPS, rather than from an identity matrix, enhanc-
ing the fold recognition capacity of SDP slightly. Finally, the third
method uses DASEY structural environment-dependent scor-
ing. The method of Bowie et al. (3) was not tested because SDP
was previously found to be more effective (47).

We used sDp, SDP+, and DASEY to generate sequence—
structure compatibility scores between 1,000 probe sequences
and 3,914 domain templates; generating ~4,000,000 scores for
each method. From the sets of correct and incorrect scores,
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Fig. 3. The four dimensions of the DASEY are distributed differently for
different probe-to-template position alignments and discriminate structurally
similar pairs of positions from random pairs in the test set of 864,758 pairs of
aligned residues in similarly folded proteins of different superfamilies. A and B
demonstrate the capacity of DASEY to discriminate among different residues for
different structural positions in the test set of 864,758 pairs of aligned residues in
similarly folded proteins of different superfamilies. A and B show this capacity for
one of the four petals. In fact, all four petals contribute to the discrimination and
together constitute the environment of a position. The five curves show the
different densities P for different residue-secondary structure combinations.
Notice the clearly different distributions. C—F plot the value of an environmental
descriptor for one residue position of a protein on the x axis, and the descriptor
for a structurally equivalent position from a similarly folded protein from a
different superfamily on the y axis to demonstrate the degree of conservation of
an environmental descriptor; a well-conserved parameteryields a tight line along
the diagonal. Note that the DASEY dimensions are better conserved than either
Fraction Polar or Area Buried of ref. 3, which are poorly conserved.

probabilities of detection and false alarm were computed and
used to generate the Receiver Operator Characteristic plot
shown in Fig. 4. DASEY presents a clear improvement over SDP
and sDP+. As shown in Table 1, with error rates of 5 or 10%, the
DASEY-based method achieves greater than twice the coverage of
the SDP methods.

Fold Assignment Rank Performance of pasey Relative to psi-BLAsT (30),
GENTHREADER (10), sop (6), and spbp+. As an additional benchmark, we
selected 500 proteins from the Protein Data Bank not classified in
CATH 2.0. These proteins were not members of either our training
set, or fold library (which exclusively contain proteins from CATH
2.0 or before). These proteins were also not members of GEN-
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Fig. 4. BENCHMARK 1 assesses the accuracy and coverage of the 3-fold assign-
ment methods, pasey, sop (6), and spp+. For the 1,000 protein sequences of the
probe set and the 3,914 structures of the template library, the fraction of
correct fold assignments is given. The coverage or probability of detection
describes the method’s sensitivity or true positive fraction. The probability of
false alarm describes the method’s false positive (error) fraction, (1-accuracy).
These two quantities are plotted on a Receiver Operator Characteristic plot
(48). Perfect performance on a Receiver Operator Characteristic plot is a
horizontal line along the top of the graph representing 100% coverage and
0% error. The pasey method has nearly double the coverage of the sop methods
at low error rates. The vertical bars refer to thresholds in Table 1.

THREADER’s fold library. The sequences were submitted to SDP,
SDP+, DASEY, PSI-BLAST and GENTHREADER. As the GENTHREADER
server returns only its top 10 matches, we cannot construct the
Receiver Operator Characteristic plots shown above and can ask
only the question, “For what number of the probes was a correct
structural template assigned within the top scoring (1, 5, or 10)
templates, excluding templates belonging to the same homologous
family as the probe sequence?” For this benchmark, we do not
consider sequence—structure compatibility scores. Instead, we focus
solely on the existence of a correct fold within the top scoring 1, 5,
or 10 template assignments. The performance of PSI-BLAST on this
benchmark is discussed below. As before, we consider only fold
level matches; superfamily matches are discarded. Benchmark

results are shown in Table 1. DASEY displays a significantly greater
coverage than other methods.

Discussion

Strengths and Weaknesses of pAsey in Relation to Other Fold-Assign-
ment Methods. Any new approach to fold assignment must be
compared with the powerful sequence-profile-based program
PSI-BLAST (30), which is incorporated in several approaches to fold
assignment (10, 12). In the benchmark described above with 500
probe sequences, PSI-BLAST was unable to assign folds, either
correctly or incorrectly, for 455 of the 500 probe sequences. These
are proteins with fold level but not sequence level similarity to the
probe. For 225 of the 455 proteins that PSI-BLAST was unable to
assign, DASEY is able to rank a correct, structural homolog in the top
10 scoring folds. Table 2 gives 10 examples of protein chains from
the Protein Data Bank that were part of our second benchmark;
these were correctly assigned to a fold with rank one and high
confidence by DASEY and could not be assigned to a structure,
either correctly or incorrectly, by using PSI-BLAST.

Conversely, by using the June 2002 sequence databases, PSI-
BLAST was able to correctly assign folds to 29 of the 261 proteins
DASEY was unable to assign correctly. PSI-BLAST is powerful when
a probe protein has numerous diverse homologs within sequence
databases (e.g., GenPept). In contrast, DASEY relies solely on the
comparison of a single probe sequence to a library of template
structures. Consequently, its performance is not related to the
number or diversity of homologs a probe sequence might have. The
29 proteins predicted preferentially by PSI-BLAST each had a large
diverse collection of homologs within GenPept. If superfamily
matches are included, PSI-BLAST’s performance increases dramat-
ically. Instead of assigning only 43 proteins to correct folds, PSI-
BLAST is able to assign 176. On the other hand, DASEY’s improve-
ment is less marked, assigning 307 correctly, whereas with only fold
matches it was able to assign 239.

GENTHREADER utilizes PSI-BLAST, but appears to yield greater
coverage and accuracy than PSI-BLAST alone: GENTHREADER 1is
able to assign 20 proteins that DASEY is unable to. On the other
hand, we find that DASEY is able to assign 105 proteins that
GENTHREADER is unable to, an improvement of 17%.

pAseY's Performance Gain Is Not Just from Improved Handling of
Secondary Structure Information. DASEY scoring differs from the SDp
and Bowie methods in two major respects: improved handling of
secondary structure information and more elaborate descriptions
of structural environments. It might be argued that the improved

Table 1. Performance of 5-fold assignment methods in two challenging benchmarks

Benchmark 1

Benchmark 2

No. (%) of 500 probes correctly identified fold in top

Method Coverage, % Accuracy, % 1 5 10

psi-BLAST (30) NA NA 30 (6) 35 (7) 43 (9)

spP (6) 12 95 45 (9) 64 (13) 87 (17)
21 90

SDP+ 14 95 52 (10) 95 (19) 138 (28)
26 90

GENTHREADER (10) NA NA 83 (17) 110 (22) 152 (30)

DASEY 34 95 124 (25) 192 (38) 239 (48)
56 90

Two distinct benchmarks of bAseY’s fold assignment performance were executed: one looks at DASEY scores, the other looks at template
rankings. For both benchmarks, we denote a match to be ““correct” only if the two proteins share a fold but are members of different
superfamilies. In Benchmark 1 (see Materials and Methods), we compare the coverage and accuracy of DASEY scores relative to methods
for fold assignment on challenging targets: 1,000 probe sequences of known structures, distinct from the training set, were compared
with 3,914 template domains. In Benchmark 2 (see Results), 500 probe sequences not in cATH 2.0 were submitted to the five methods.
Note that DASEY correctly identifies more fold matches at higher ranks than other methods.
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Table 2. A sample of protein sequences from Benchmark 2 confidently assigned to folds by pasey but not

by psi-BLAST

Probe ID Probe protein Template ID Template protein P RMSD % ID
1du3L Death Receptor 5 1gbg Glucanase 0.99 3.8 2
1leygD Ssb-C 1bcpD Pertussis toxin 0.95 3.1 4
1fewA Smac 1vls Aspartate receptor 0.99 3.6 4
1dysB Glucanase Cel6B 1cz1A Exo-B-(1,3)-glucanase 0.99 4.2 5
1gh8A Translation EF 1B TpsdA D-3-P dehydrogenase 0.95 3.1 6
1ge8A Pcna 1b77A Sliding clamp 0.99 3.1 1
1dr9A B7-1 (Cd80) Triw Phospholipase A2 0.99 3.1 12
19¢jB Importin-Beta 1b3uA Pp2A 0.99 3.7 12
1erjC Tup1 1gfmA Prolyl oligopeptidase 0.99 3.7 13
1e20A Hal3 1bn6A Haloalkane dehalogenase 0.99 4.2 14

Of the 500 probe protein chains from Benchmark 2, psi-BLAST assigned a fold for only 45, and 10 of these assignments were incorrect.
Of the remaining 455 proteins from Benchmark 2, we select 10 protein sequences that bAsey confidently assigned to folds at rank one.
For these 10, columns 1 and 3 give the PDB accession no. of the probe sequence and template structure, respectively. Columns 2 and 4
give the functional names of the probe and template proteins, respectively. Column 5 lists the probability value assigned by DASEY to the
match. Column 6 lists the rms deviation (RMSD) of the pALI structural alignment between the probe’s actual structure and the template’s
structure. Column 7 lists the percent identity of DALl structural alignment between the probe and template structures. Each protein
belongs to a different fold family. Note that bAsey confidently (i.e. large P) assigns distant sequences [small percentage identical residue

(% ID)] to similar folds (small RMSD).

performance of DASEY is primarily due to a better use of secondary
structure and that the environmental component is irrelevant.
However, a comparison of the difference in performance of SDP+
and DASEY reveals improved performance of DASEY is mainly from
the environmental-dependent scoring, because the scoring tables
used in SDP+, were derived from DAPS. Although SDP+ is able to
assign 23 proteins DASEY is unable to, DASEY is able to assign 130
proteins SDP+ is unable to.

Accessibility of pasev and Avenues for Improvement. Although DA-
SEY performs better than some earlier procedures, there is room
for improvement, as shown by Fig. 4. We use the area underneath
Receiver Operator Characteristic curves to measure of DASEY’s
ability to use a given template structure, or fold class, to
discriminate sequences sharing fold-level similarity from se-
quences not sharing fold level similarity. With this measure, we
observe that DASEY is least able to assign sequences belonging to
templates of small proteins and of proteins containing a large
percentage of coil. For example, protein templates belonging to
CATH class four, protein domains which have low secondary
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structure content, were less well assigned than protein domains
whose structures belong to classes one, two, or three. Further-
more protein domains such as 31dh01 and 1c0dA0, which contain
extended coil regions, are poorly assigned despite belonging to
the Rossmann and TIM Barrel folds, respectively, which overall
are among the best-assigned fold classes. We also observe that
short proteins will often preferentially match substructures that
resemble their native fold within larger domains of a different
fold type. For example, a sequence whose true fold is a helix-
turn-helix might on occasion preferentially match a helix-turn-
helix region in a large mixed - fold.

Probe sequences may be submitted to DASEY for assignment to
known folds at the University of California Los Angeles De-
partment of Energy Fold Server, http://fold.doe-mbi.ucla.edu.
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