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ABSTRACT: The classical problem of secondary structure prediction is approached by a new joint algorithm
(Q--JASEP) that combines the best aspects of six different methods. The algorithm includes the statistical
methods of Chou-Fasman, Nagano, and Burgess—Ponnuswamy-Scheraga, the homology method of
Nishikawa, the information theory method of Garnier—Osgurthope-Robson, and the artificial neural network
approach of Qian-Sejnowski. Steps in the algorithm are (i) optimizing each individual method with respect
to its correlation coefficient (Q;) for assigning a structural type from the predictive score of the method,
(ii) weighting each method, (iii) combining the scores from different methods, and (iv) comparing the scores
for a-helix, B-strand, and coil conformational states to assign the secondary structure at each residue position.
The present application to 45 globular proteins demonstrates good predictive power in cross-validation testing
(with average correlation coefficients per test protein of Q,, = 0.41, @, 5 = 0.47, @, = 0.41 for «-helix,
B-strand, and coil conformations). By the criterion of correlation coefficient (Q,) for each type of secondary
structure, Q;-JASEP performs better than any of the component methods. When all protein classes are included
for training and testing (by cross-validation), the results here equal the best in the literature, by the 9,
criterion. More generally, the basic algorithm can be applied to any protein class and to any type of
structure/sequence or function/sequence correlation for which multiple predictive methods exist.

Rediction of secondary and tertiary structures of a globular
protein from the amino acid sequence remains a major un-
solved problem in biology. This is the case despite considerable
progress in several key areas, including energy minimization

[e.g., Gibson and Scheraga (1986)], molecular dynamics [e.g.,
Karplus and McCammon (1983), Karplus and Weaver (1976),
Levitt and Meirovitch (1983), and Rooman and Wodak
(1988)], development of simplified protein potentials [e.g.,
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Crippen and Viswanadhan (1985), Gregoret and Cohen
(1990), Miyazawa and Jernigan (1985), and Seetharamulu
and Crippen (1991)], discrete enumeration (Covell & Jerni-
gan, 1990), Monte Carlo simulations [e.g., Skolnick and
Kolinski (1990)], database and rule-based approaches [e.g.,
Blundell et al. (1987)], pattern recognition methods [e.g.,
Cohen et al. (1983), Holley and Karplus (1989), Kneller et
al. (1990), Qian and Sejnowski (1988), and Rose (1978)], and
several other probabilistic predictive approaches [e.g., Burgess
et al. (1974), Chou and Fasman (1978), and Garnier et al.
(1978)]. The importance of this problem is underscored by
the human genome initiative and the consequent need to make
sense out of the enormous amounts of sequence information
that are becoming available. All of the current methods for
predicting secondary structure fall into one of three major
classes: (i) those based on a theory of protein structure and
folding [e.g., Lim 1974a,b and Schiffer and Edmundson
(1967)]; (ii) those based on homology (or sequence similarity)
with known structures (or substructures) [e.g., Levine and
Garnier (1988), Levine et al. (1986), and Nishikawa and Ooi
(1986)]; (iii) those based on statistical/empirical/mathe-
matical principles [e.g., Burgess et al. (1974), Chou and
Fasman (1978), Cohen et al. (1983), Garnier et al. (1978),
Holley and Karplus (1989), and Kneller et al. (1990)]. Sig-
nificant recent additions to the last class have resulted from
the advent of computational neural networks, which embody
rules learned heuristically by mapping a set of inputs to a set
of outputs based on a training procedure [e.g., Bohr et al.
(1988), Holley and Karplus (1989), Kneller et al. (1990}, and
Qian and Sejnowski (1988)].

Good secondary structure prediction is an important starting
point for modeling supersecondary and tertiary aspects of
protein structure (Taylor & Thornton, 1983). Since secondary
structure predictions by any single algorithm seem to have
reached a level of saturation, we wondered whether an ap-
propriate joint approach would improve predictions. Although
joint approaches for secondary structure prediction have been
used earlier (Argos et al. 1976; Biou et al., 1988: Lenstra, 1977;
Mrazek & Kypr, 1988; Viswanadhan et al., 1990b), the rules
for combining different methods have remained arbitrary and
ad hoc, as also have the ways to evaluate them. Argos et al.
(1976) combined five different methods and observed that their
joint prediction quality remained at the same level as that of
the best method included. Later, Nishikawa and co-workers
(Nishikawa, 1983; Nishikawa & Ooi, 1986b) used a joint
approach based on a combination of three different methods
and reported no substantial improvement in the prediction
quality. There have also been a number of applications to
particular proteins or a homologous set, using ad hoc rules
(Bourgeois et al., 1979; Crawford et al., 1987; Schulz et al.,
1974; Viswanadhan et al. 1990b). All of these joint algorithms
combine “final category” predictions of different methods,
rather than working directly with the numerical prediction
scores used to arrive at the final categorizations. Information
is thus wasted; prediction scores indicate the relative certainty
of prediction and should be used if we are interested in more
than a “majority vote” for a joint prediction method.

The objective of the present work is to present a joint ap-
proach using the numerical prediction scores of each method.
An important consideration in this regard is the criterion to
use for the fine tuning of each method and for optimizing the
performance of the joint algorithm. In the present work, we
demonstrate that a prediction quality index known as “Q;”
(defined as the correlation coefficient for predicted and ob-
served secondary structure in a two-state prediction model)
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shows a well-defined maximum with respect to selection of a
threshold for categorization. In contrast, another popular index
known as “Q;” (defined as the percentage of correct predic-
tions) often does not exhibit a well-defined maximum in that
regard. Hence, we use the O, index for fine tuning the various
methods as well as for the joint algorithm.

Traditionally, proteins have been divided into structural
classes (Levitt & Chothia 1976) on the basis of patterns in
secondary structure. In the present work, we consider a da-
tabase of 45 proteins containing a// important protein classes
for initial application of this joint prediction algorithm. We
show here that a joint algorithm (Q,-JASEP) based on a com-
bination of weighted prediction scores consistently improves
prediction quality (Q;) over the component methods and over
any other single method applicable to all globular proteins.

METHODS

(A) The Protein Secondary Structure Database

High-resolution crystal structures of a set of 45 globular
proteins, including all important protein classes, are identified
(Table I) from the most recent version of the Brookhaven
Protein Data Bank (Bernstein et al., 1977). The secondary
structure category of each amino acid residue in these proteins
is objectively assigned from X-ray crystallographic coordinates
using the DssP algorithm (Kabsch & Sander, 1983). The Dssp
secondary structure classification into eight types is regrouped
into a three-state classification (a-helix, 8-strand, and coil).
The sets of secondary structure assignments form the “targets”,
which are used in parametrization of the algorithm (discussed
below) or for comparing with predictions.

(B) The Q,-JASEP Algorithm

The basis of the @, Joint Algorithm for Secondary Struc-
ture Prediction (Q;-JASEP) of proteins is summarized sche-
matically in Figure 1. The algorithm includes four stages:
I. RUN-PRED, II. THRESHER, III. JASEP-INIT, and IV. JA-
SEP-FIN. These are briefly described below.

(I) RUN-PRED. In this first step, a sequence is analyzed by
running each of six prediction methods (described in section
C of Methods). Quantitative scores, obtained from each of
the six individual predictive methods, are passed on to the
THRESHER stage of the algorithm.

(I7) THRESHER. Rather than consider the “final category”
predictions of each method, we preferred to use the numerical
predictive potentials, hereafter denoted p; (k), where k denotes
the predictive method, i the residue position, and j the sec-
ondary structure type (j = « for helical, j = 3 for extended,
and j = ¢ for coil). This approach maximizes the amount of
information extracted from each predictive method, eliminating
the less important (often subjective) rules for transforming
the numerical prediction scores into category predictions.

First, the numerical scores (which are expressed originally
in the quantitative range and units characteristic of each
method) are transformed by range scaling into real numbers
between —1 and +1. This transformation is achieved for each
method by steps a and b.

(@). Let t;(k) represent the threshold for a method k and
structural type j that classifies all residue positions 7 into j or
non-j type on the basis of the following criterion: if p;;(k) >
ti(k), then position i is predicted to be in state j and vice versa.
To find the optimal threshold T(k), the set of predictive scores
(for all proteins) is scanned at 1000 equally spaced points
[possible thresholds, ¢(k)] along the entire numerical range
of predictive scores. T;(k) is thus found by determining the
quality of predictions (overall O, or Q; for the database) as
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FIGURE 1: Schematic view of the Q;-JASEP algorithm showing the pattern of information flow. The input sequence is obtained either from
the PDB (the Brookhaven Protein Data Bank) or from the user. In brief, the stages of the algorithm are as follows. (I) RUN-PRED: Predictions
are performed using six different methods (see text for details): C-F (Chou and Fasman), Nagano, BPS (Burgess, Ponnuswamy, and Scheraga),
GOR (an information theory approach of Garnier, Osgurthope, and Robson), Neural (a neural network approach by Qian and Seznowski),
and Homo (a homology method by Nishikawa). From the results for each individual method, numerical prediction scores are obtained for
helical (a), extended (8), and coil (c) states (as applicable). For training purposes, targets are derived from the pssp algorithm as described
under Methods. (IT) THRESHER: These targets are then used to determine the optimal threshold (see the text and Figure 2) for each structure—method
pair. (III) Jasep-INIT: Quantitative prediction scores for each structure—method pair are then combined with appropriate weights to obtain
Q7-JASEP-ot, Q5-JASEP-83, and Q;-JASEP-coil predictions (two-state predictions). In the training mode, the targets are then used again to optimize
the threshold for each combination of scores. (IV) JASEP-FIN: In the final step, the state with the highest Q,-JASEP potential in the sequence
is picked for each residue position. Steps indicated with dashed lines do not apply when making predictions on a new, or “test”, protein.

a function of threshold value, 2,(k).

(b). P,[(k)'s at or above the threshold T(k) are then scaled
between 0 and 1, and those at or below Tj(k) are scaled be-
tween 0 and —1. A scaled potential above zero indicates
positive prediction for structure type j.

(111) JASEP-INIT Let P, (k), P,4(k) and P, (k) represent
the scaled potentials for «, 8, and coil structures, respectively,
at the residue position i for method (k). For each method,
three weights w,(k), wg(k), and w (k) are associated with the
three secondary structure types. For methods that specify only
a and S, the weights for “coil” are set to zero. If n methods
are used in the prediction of a given type of secondary structure
J» then the joint potential P;; at position i of the residue se-
quence is given by

P, = élw,(k)P,-J(k) (1)

The weight w,(k) for each structure-method pair (i,k) in eq
1 was set equal to Q,, for method k. At this stage, the joint

potentials are further range scaled by picking the zero point
at an appropriate threshold using the same procedure
(THRESHER) as described above for individual predictors. The
target residue structure assignments derived from pssp for the
training protein set are used in optimizing the thresholds and
estimating the weights. Parameters in the individual methods
are based on data sets that include all 4 classes of proteins,
as assembled by the respective authors. The sequence of
operations shown with broken lines in Figure 1 is omitted when
making predictions on a “test” database (or a new protein
sequence).

(IV) 1aSEP-FIN Final predictions of Q,-JASEP are obtained
by comparing the three Q,-JASEP potentials for a-helix, 8-
strand, and coil structures and assigning the state with the
highest combined potential at each position along the sequence.
In the present version of the algorithm, no smoothing is per-
formed, and intrasegment cooperativity effects are not in-
cluded.
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Table I: Protein Database Used in the Present Study

PDB code protein ref
2AAT aspartate Smith et al. (1986)
aminotransferase
3LZM  lysozyme Weaver et al. (1989)
SCPA carboxypeptidase A Rees et al. (1983)

3APR acid protease Suguna et al. (1987)

1FX1 flavodoxin Watenpaugh et al. (1973)

IHIP high potential iron Carter et al. (1974)
protein

3GRS glutathione reductase  Karplus and Schulz (1987)

TTLN thermolysin Holmes et al. (1983)

IPHH  p-hydroxybenzoate Schreuder et al. (1988)
hydrolase

2GCR  #-crystallin White et al. (1989)

2LDX  apolactate Hogrefe et al. (1987)
dehydrogenase

6PTI pancreatic trypsin Wlodower et al. (1987)
inhibitor

TATC carbamoyltransferase ~ Kim et al. (1987)

ICYC  ferrocytochrome Tanaka et al. (1975)

8CAT  catalase Fita et al. (1986)

1ACX  actinoxanthin Pletnev et al. (1982)

4MDH malate dehydrogenase  Birktoft et al. (1987)

3CNA  concanavalin Hardman and Ainsworth (1972)

3PGK phosphoglycerate Bryant et al. (1974)
kinase

2B5C cytochrome b; Matthews et al. (1972)

IRHD  rhodanase Borkakoti et al. (1982)

3RP2 rat mast cell protein Remington et al. (1988)

3PGM  phosphoglycerate Winn et al. (1982)?
mutase

2ALP a-lytic protein Fujinaga et al. (1985)

4FXN flavodoxin Smith et al. (1977)
(semiquinone)

4APE endothiapepsin Pearl and Blundell (1984)

I1TIM triose phosphate Banner et al. (1976)
isomerase

IHMQ  haemerythrin Stenkamp et al. (1984)

1ABP L-arabinose binding Gilliland and Quiocho (1981)
protein

ITGS trypsinogen Bolognesi (1982)

8LDH lactate dehydrogenase  Abad et al. (1987)

3EST elastase Meyer et al. (1988)

8DFR  dihydrofolate reductase Mathews et al. (1985)

2SNS staphylococcal nuclease Cotton et al. (1979)

3ADK  adenylate kinase Dreusicke et al. (1988)

2CCY cytochrome ¢ Finzel et al. (1985)

8ADH  apo-liver alcohol Colonna et al. (1986)
dehydrogenase

SMBN  myoglobin Takano (1984)

4GPD  p-gdp-dehydrogenase = Murthy et al. (1980)

3ICB Ca-binding protein Szebenyi and Moffat (1986)

3BP2 phospholipase A2 Dijkstra et al. (1984)

TPCY plastocyanin Collyer (1990)

9PAP papain Kamphuis et al. (1984)

1ICCR rice cytochrome Ochi et al. (1983)

2SOD  superoxide dismutase  Tainer et al. (1982)

?Unpublished data from the Brookhaven Protein Data Bank.

(C) Methods Used in Q,-JASEP

We focused on a set of generically different and well-known
methods implemented on a VAX 8350 computer [Kanehisa,
1987; Viswanadhan et al. 1990b): (i) a neural network model
(Qian & Sejnowski, 1988); (ii) a homology method (Nishi-
kawa & Ooi, 1986); (iii) the GOR information theory ap-
proach (Garnier et al,, 1978; Gibrat et al., 1987); (iv) the
Chou-Fasman method (Chou & Fasman, 1978); (v) the
Burgess—Ponnuswamy-Scheraga (BPS) method (Burgess et
al., 1974); and (vi) the Nagano method (Nagano, 1973, 1974).
We briefly highlight the main points of each approach here.
The original references should be consulted for additional
information.

(a) Neural Network Model. A neural network predictive
scheme consists of a set of nonlinear processing units connected

Biochemistry, Vol. 30, No. 46, 1991 11167

with a specific topology, input encoding and output decoding
functions, and the set of weights and biases produced by
network training. The model we use is that of Rumelhart et
al. (1986), which uses no hidden layers. Parameters are taken
from Tables 13—16 of Qian and Sejnowski (1988). The input
is a window of 13 amino acids from a given sequence centered
at a given residue position. Outputs are the predictive scores
for each structural state (a-helix, 8-strand, or coil confor-
mations).

(&) Information Theory. The GOR information theory
method (Garnier et al., 1978; Gibrat et al., 1987) is a Bayesian
approach for secondary structure prediction. Information
carried by an event y about event x is given by

I(x;y) = log [p(x/y)/p(x)] 2

where p(x/y) is the conditional probability of x given y, and
p(x) is the a priori probability of x. The information carried
by the local sequence Ry, ..., R;4g (event y) about the sec-
ondary structure in the set (helix, turn, strand, coil) assumed
by residue R; (event x) is determined, and the residue is as-
signed the secondary structure with the highest information
value (after an estimated “decision constant” is added to each
prediction score). For present purposes, however, we take into
account the information measure of each type of structure.

(¢) Homology (Similarity) Modeling. Nishikawa and Ooi
(1986) assembled a reference database of proteins with known
crystal structures and used it to develop a method for assigning
secondary structure based on sequence similarity. For each
residue position in the test protein represented by a window
of 11 residues centered at the position of interest, they com-
puted “homology scores” with respect to all 11-residue peptides
in the reference protein database. These scores were ranked,
summed up, and weighted for each structure type. This was
followed by the smoothing of these scores to eliminate short
helices and §-strands before assigning structural categories.
The homology score for each pair of peptides was taken as the
sum of correlation coefficients for six physical-chemical
properties of the amino acid residues in the two peptides. It
is worth noting that even a high homology score of this kind
does not necessarily represent any evolutionary kinship or
common ancestry for the two peptides in question.

(d) Chou—-Fasman Method. In this study, we use the pa-
rameters P, and Pg, expressing the potential to form a-helix
and §-strand, respectively, as defined by Chou and Fasman
(1978) and deduced from a set of 39 globular proteins of
known structure. We did not employ the complete prediction
protocol as specified by Chou and Fasman (1978) but instead
considered separately the prediction score for each type of
structure at each residue position, as described earlier.

(e) Nagano Method. Nagano’s method (Nagano 1973,
1974) employs a linear combination of weights representing
measures of statistical constraint at different residue separa-
tions (up to six-residue spacings) along the sequence to assign
local structure on the basis of short-range interactions. The
parameter values are based on a survey of globular protein
crystal structures. In this method, a high negative score
represents a position prediction. We have reversed the sign
of all numerical prediction scores for the sake of uniformity
with other methods.

(f) Burgess—Ponnuswamy—-Scheraga Method. Empirical
rules that assign each residue in a sequential nonapeptide to
one of the four states of the set (a-helical, extended, turn, coil)
are derived in a probabilistic formulation of the prediction
problem (Burgess et al., 1974). Statistical parameters are
gathered from a survey of protein crystal structures, that is,
from the distribution of each residue type among regions of
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Table II. Comparison of Q;-JASEP with Its Component Methods, for Two-State Prediction Models Using a Cross-Validation Scheme

Q1a Q1 Orc
method train test train test train test
homology 0.424 0.408 0.395 0.390 0.393 0.388
GOR 111 0.402 0.383 0.422 0.393 0.416 0.410
neural networks 0.343 0.335 0.378 0.370 0.382 0.374
BPS 0.285 0.272 0.113 0.111
Chou-Fasman 0.227 0.216 0.196 0.183
Nagano 0.346 0.320 0.235 0.230
Q,-JASEP (phase T1T) 0.448 0.427 0.436 0.414 0.425 0.417
(¢—¢)-space characteristic of different secondary structures. (a)
Here, we combine the turn and coil states into a single state 08
(coil) and consider the prediction scores for each type. o
0.6 1 3
(D) Assessment of Predictive Information E a,
Seven different quality indices have been proposed (Schulz £ .
& Schirmer, 1979) for assesment of prediction quality. The z
most cgmmonly used, Q,, is simp_ly'the percentage of correct § 024
predictions. For a two-state prediction model (e.g., helix—coil
prediction) this index can be quite misleading. High Q; may oo . : ' :
result from a trivial prediction such as “all coil” (see Results). -600 -400 -200 0 200 400
We have, therefore, focused on the correlation coefficient Threshold
(Matthews, 1975) Q,, for each two-state prediction model (i
or non-i): {b)
0., = (piny) - (40) (3) "
7 =
[(n + w)(n; + 0)(p; + u)(p; + 0)]'2 08+ a
. . . x 3
Here, i is the secondary structure state in question, p; the i;:’ 06 a
number of residues correctly predicted to belong to type i, and - ?
n, the number of residues correctly predicted not to belong to g oe
type f; ¥, and o; refer to the number of residues underpredicted 8 oa-
and overpredicted, respectively.
0.0 T T T T
(E) Cross-Validation of Q,-JASEP -600 -400 -200 0 200 400
Threshold

For training and testing of the algorithm, we divide the set
of 45 proteins shown in Table I into training subsets of 35
proteins and corresponding test subsets of 10 proteins. Each
training subset is chosen to minimize homologies with any
protein in the corresponding test subset. Nine such distinct
training—testing experiments are conducted, so that each
protein is represented twice in these nine test subsets. Thus,
the total number of test results (9 X 10) equals twice the size
of the original data set (2 X 45). In each training—testing
experiment, the optimal threshold, T(k), and the correlation
coefficient (eq 3) are evaluated for each structure-method pair
(i,k) from the training set. The weight for each structure-
method pair (eq 1) is set equal to the corresponding correlation
coefficient obtained from each of the training sets. Then this
weight and threshold are used to perform predictions on
corresponding test subsets. Independent of the above cross-
validation, all 45 proteins were used for training and the
corresponding correlations on the data set are evaluated for
comparison.

RESULTS AND DISCUSSION

As described under Methods, scores for «, 8, and coil
structures were obtained from the six individual approaches
for each of the 45 proteins shown in Table I. For five of the
six methods, prediction scores were then rescaled between -1
and +1. An exception to this precedure was the homology
method. Since smoothing and indirect string comparison (by
correlation of physical-chemical properties) are essential
components of this algorithm, it was not possible to extract
a potential for each residue position as we could for other
methods. Hence, we assigned a score of +1 if a given residue
position as “predicted” in a two-state model and -1 otherwise.

FIGURE 2: Variation of Q3 and Q, as a function of threshold for the
two-state predictions using the entire data set of Table I. Panels a
and b show the variation of a quality index with threshold for « and
8 structure predictions using the GOR III method.

Although seven different types of quality index are available
(Schulz & Schirmer, 1979), only two, viz., Q; and Qs, are used
with any frequency. The correlation coefficient (Q-) is of
general applicability and widespread use in protein structural
theory [e.g., Viswanadhan (1987)], binding site modeling [e.g.,
Viswanadhan et al. (1990a)], etc., but it has been used less
often than Q, for secondary structure prediction. Figure 2a,b
shows the variation of Q; and @, as a function of the threshold
applied to convert the numerical prediction scores to secondary
structure assignments. Results displayed here are those for
the GOR III method, based on the protein database shown
in Table I. Data are not shown for other methods, but the
plots are essentially similar. The most important feature in
both panels is the presence of one clear maximum for the Q,
profiles, indicating an optimal threshold. The Qj profiles, to
the contrary, reach a maximum at a certain threshold beyond
which there is practically no change. It is easily seen that the
end points of Q; profiles sum to unity and correspond to
fractions in each of the two states. In most cases, Q; can be
tuned to an almost optimal value simply by assigning all
residues to the state with the greater frequency. This behavior
may yield deceptively high values, even for a trivial prediction
such as “all coil”. The threshold values used in the present
study for making predictions have been taken from the profiles
for O, for each method used here.

Table IT shows the quality indices (Q;) of different methods
for the three secondary structural states. The “training set”
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results in that table are derived from the entire database of
proteins shown in Table [. A cross-validation study of Q;-JASEP
(and its component methods) was carried out as described
under Methods (see section E under Methods). In this
cross-validation, each protein was represented twice in the test
sets, and the average from the two test results for each protein
is reported (“test” scores in Table IT). The quality indices we
obtained for these methods are different from the original
authors’ because (i) we used DSSP assignments, whereas the
original authors used other criteria for classification, (ii) we
considered each set of scores (a, 3, or coil) separately, and
(iii) we optimized each individual threshold using the @, index.
Line 7 shows the results at the end of the third phase of
(Q+-JASEP. These entries are the most appropriate to compare
with values for the individual methods. It is clear that these
scores are better than those obtained from any of the individual
component methods. Given the differences in databases and
criteria used to discern secondary structures, it is obviously
difficult to make direct comparisons among methods. How-
ever, the purpose of these comparisons is to point out the value
of using this combination strategy. It will be unfair to rate
any given method on the basis of these scores alone unless the
complete prediction protocol specified in each method was
used. Such an exercise is obviously beyond the scope of the
present work.

In Table II1, the average test scores O ,, 074 and 0, are
reported for each protein. The improvement obtained by the
joint approach (average test scores per protein: @, ,, = 0.41,
@75 = 0.47, and @, = 0.41) over the individual methods is
shared by all types of structure. The average Q, for all three
structures (0.43) is just equal to the best result reported in the
literature from another joint prediction approach (Biou et al.,
1988; Garnier & Levin, 1991). However, the latter method
has steps in the algorithm to account for cooperativity effects.
The scores obtained with Q;-JASEP will presumably be en-
hanced when such correlative corrections are added to it. On
average, (,-JASEP yielded 64% ((Q,) correct predictions, even
though the thresholds were optimized for {5, not Q5. This was
not an improvement over the best of existing methods; however,
this figure is really the consequence of a trade-off between Q,
and Q, when selecting an appropriate threshold for each set
of predictive scores (see the discussion relating to Figure 2
above). As an example of the application of Q,-JASEP, Figure
3a—c shows profile maps of the final predictive scores for helix,
B-strand, and coil conformations in p-hydroxybenzoate hy-
drolase. Also shown in the middle of each profile map are the
DSSP secondary structure assignments from crystallographic
coordinates.

1t should be noted that a jackknife analysis (leaving one
protein out and making predictions on that protein, and re-
peating the procedure for all proteins in the data set) can
sometimes lead to misleading results. For example, if the data
set has some homologous groups, a jackknife method of testing
can lead to higher scores for a test protein when one or more
homologous proteins are present in the training data set.
Hence, we kept the training and test sets as independent as
possible by minimizing the homology between the two.

Concatenation of independent predictions for «, 3, and coil
structures in the final phase (phase 1V) of Q,-JASEP lowers
the prediction quality index (Q,) because of the additional
constraint that the sum of predicted «, 8, and coil residues
must be equal to the total number of residues in each protein.
We have not obtained concatenated results for each method
independently, but only for Q;-JASEP for each test described
above. After concatenation, we calculated two types of av-

Biochemistry, Vol. 30, No. 46, 1991 11169

Table III: Results of Cross-Validation Analysis for the Set of 45
Proteins of Table I

PDB code Oqa 0+.8 Qrc
2AAT 0.44 042 0.42
3ILZM 0.47 0.81 0.45
SCPA 0.46 0.45 0.52
3APR 0.29 0.38 0.29
1FX1 0.55 0.37 0.31
1HIP 0.25 0.12 0.23
3GRS 0.39 0.33 0.33
7TLN 0.66 0.27 043
1PHH 0.40 041 0.44
2GCR -0.08 0.44 0.25
2LDX 0.31 0.34 0.31
6PTI 0.29 0.60 0.67
TATC 0.23 0.22 0.29
1CYC 0.73 1.00 0.55
SCAT 0.45 0.52 0.36
1ACX 1.00 0.42 0.41
4MDH 0.31 0.42 0.33
3CNA 0.64 0.38 0.33
3PGK 0.49 0.43 0.47
2B5C -0.12 0.24 0.17
IRHD 0.45 0.54 0.49
3RP2 0.24 0.04 0.14
3PGM 0.51 0.28 0.40
2ALP 0.27 0.29 0.37
4FXN 0.28 0.60 0.33
4APE 0.42 0.43 0.38
1TIM 0.56 0.65 0.40
IHMQ 0.55 1.00 0.59
1ABP 0.27 0.28 0.22
1TGS 0.39 0.44 0.49
8LDH 0.35 0.29 0.33
3EST 0.40 0.44 0.49
8DFR 0.17 0.27 0.40
2SNS 0.62 0.46 0.43
3ADK 0.37 0.58 0.31
2CCY 0.55 1.00 0.55
SADH 0.34 0.36 0.47
SMBN 0.44 1.00 0.44
4GPD 0.49 0.49 0.48
3ICB 0.84 1.00 0.77
3BP2 0.29 0.06 0.15
TPCY 0.44 0.36 0.43
9PAP 0.46 0.25 0.61
ICCR 0.60 1.00 0.51
250D -0.05 0.50 0.53

7Each protein (identified by its PDB code) was tested twice, and the
average value of @, is shown for each type of secondary structure. See
Table 1V for overall average values.

erages, the arithmetic mean of scores for each protein in the
data set (average 1) and the global average (average 2) com-
puted from the quantities n;, 0, p;, and u; (eq 3) for the entire
data set. In that equation, for any single protein, if the de-
nominator (or the numerator and the denominator) goes to
zero, the @5 index is undefined: in such cases, we assigned
the maximum value of 1.0 for Q;-JASEP as well as for the
individual methods. This assignment has no influence on
average 2 (global average). Results obtained before and after
concatenation (testing and training averages) are shown in
Table IV. It is worth mentioning that the improvements in
Q- seen with Q,;-JASEP are shared by all classes of proteins.
That is, this method does not favor a particular protein class.
If the class of the protein is known with 100% accuracy, one
might obtain better scores by using different parameter sets
(Kneller et al., 1990); however, uncertainity in class predictions
limits the utility of such an approach, and this may cause
erroneous interpretation of the secondary structure for a
protein sequence assigned to the wrong class.

With the appearance of a large number of prediction
methods, it seems natural to try combining them to produce
more accurate and robust predictions. The present joint al-
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FIGURE 3: Predictions of Q;-JASEP for p-hydroxybenzoate hydrolase.
(a, top) Prediction score profile for the a-helix structure. DSSP as-
signments for a-helix structure (i.e., target structures obtained from
crystallographic coordinates) are shown in the middle of the profile
map (i.e., at potential = 0) as diamonds. Residues with @;-JASEP
a-helix potentials greater than zero are assigned the a-helix structure;
those below zero are assigned to the non-a-helix category. No
smoothing of the edges of the predicted structures was done. (b,
middle) Analogous plot for the §-strand /non-8-strand categorization;
(c, bottom) Analogous plot for the coil/noncoil categorization.

gorithm is an attempt in that direction. In formulating Q-
JASEP, we chose to optimize the @, index, which has well-
defined optimum values for the individual methods. We used
the DSSP assignments as targets because they are objective.
Some other widely used methods have been based on crys-
tallographers’ assignments, which are often subjective. Re-
finement of the individual methods by optimization of their
parameter values using the DSSP targets may improve their
individual, as well as collective, performance. Inclusion of
cooperativity effects (intrasegment correlations) (Jernigan &
Szu, 1979) and smoothing of predictions are expected to en-
hance the predictive quality of the scores further. We have
determined that the weights used in Q,-JASEP for individual
methods could be optimized using such techniques and that
better prediction scores would resuit. Our principal purpose
here was to obtain a direct comparison between Q,-JASEP and
its component methods, rather than to optimize the absolute
scores by including cooperativity effects and weight optimi-
zation. Such extensions of the method and applications to new
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Table IV: Summary of Results of the Application of Q5-JASEP
to 45 Proteins

expt Q7 % Qe
training
phase 111 045 0.44 0.43
phase IV
(a) av 1 0.40 0.48 0.42
(b) av 2¢ 0.45 0.41 0.41
testing
phase 111 0.43 041 0.42
phase IV
(a) av 1° 0.41 047 0.41
(b) av 2¢ 0.43 0.40 0.40
“Av 1 is the average over n, proteins for each type of structure:
Il.p
50,
im]
n

P

b Av 2 is calculated by (i) applying eq 3 to each test set (using n,, etc.,
for the total number of correct predictions, etc., in that set) and (ii)
calculating the weighted average for all test sets, the weight being the
total number of residues in that test set. This calculation gives the
average value weighted by the number of residues in each protein.

proteins will be discussed elsewhere (manuscript in prepara-
tion). We have also constructed artificial neural networks as
a complimentary approach to weight optimization and non-
linear combination of different methods. This approach will
be discussed elsewhere (manuscript in preparation).

The present approach includes six well-known methods, each
of which is general in its scope; hence Q--JASEP is also general
in its scope. That is, parametrization for any of the component
methods does not depend on structural particulars of any one
class of proteins. Combination of specific models for one class
(Cohen et al., 1983; Kneller et al., 1990) would improve the
predictions further when predictions are restricted to that class.
However, that would limit the applicability of the algorithm
to one class and also would require prior knowledge of the class
into which a test protein falls,

It should be obvious that, in principle, the joint algorithm
described here can be applied to include the prediction of
features other than secondary structure. It can be applied to
any instance in which there exist multiple methods for as-
signing protein residues (or nucleic acid bases) in a data set
to categories. Examples to be considered include the identi-
fication of promoter sites, transmembrane domains, and an-
tigenic sites (B- and T-cell).

CONCLUSION

In this paper, we present a new joint algorithm for predicting
protein secondary structure. Unlike previous joint approaches,
this algorithm (i) directly uses numerical scores from the
individual component methods and (ii) weights the predictions
of various methods on the basis of information from the da-
tabase. More generally, the basic algorithm can be applied
to any type of structure/sequence or function/sequence cor-
relation for which there are multiple predictive methods.
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