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ABSTRACT Accuracy of predicting pro-
tein secondary structure and solvent accessibil-
ity has been improved significantly by using
evolutionary information contained in mul-
tiple sequence alignments. For the second Asi-
lomar meeting, predictions were made auto-
matically for all targets using the publicly
available prediction service PredictProtein. Ad-
ditionally, a semiautomatic procedure for gen-
erating more informative alignments was used
in combination with the PHD prediction meth-
ods. Results confirmed the estimates for predic-
tion accuracy. Furthermore, the more informa-
tive alignments yielded better predictions. The
fairly accurate predictions of 1D structure were
successfully used by various groups for the
Asilomar meeting as first step toward predict-
ing higher dimensions of protein structure. Pro-
teins,Suppl.1:192–197,1997. r 1998 Wiley-Liss, Inc.
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INTRODUCTION
Simplifying the Structure Prediction Problem

The second Asilomar meeting has confirmed that
after 40 years of ardent research, theory still cannot
predict protein three-dimensional structure (3D) from
sequence, in general.1 However, the rapidly growing
sequence-structure gap (number of known protein
structures vs. number of known protein sequences)
has enticed theoreticians to solve simplified predic-
tion problems.2 An extreme simplification is the
prediction of protein structure in one dimension
(1D), as represented by strings of, for example,
secondary structure, and residue solvent accessibil-
ity. Theoreticians are lucky because the 1D predic-
tion problem is not only the task they can accomplish
best, but in that even partially correct predictions of
1D structure are useful, for example, for predicting
protein function, or functional sites.

Breakthrough of Third Generation
Prediction Methods

The first generation of 1D prediction methods
were based on physicochemical principles, expert
rules, and statistics of single residues.3 The second
generation incorporated the influence of residues

adjacent to the residue for which 1D structure was
predicted (local information).4 These secondary struc-
ture prediction methods shared three major short-
comings: (1) prediction accuracy was limited to about
60% accuracy (percentage of residues predicted cor-
rectly in either of the three states helix, strand,
other), (2) b strands were predicted at typically ,
40% accuracy, (3) predicted secondary structure seg-
ments were, on average, only half as long as ob-
served segments. Some methods were tailored to
overcome one of these problems (long-range informa-
tion5,6; b strand accuracy7; length8). However, only
recently have automatic methods been developed
that overcome most of these shortcomings. The most
important trick of the third generation prediction
tools of the 90’s is the use of evolutionary information
contained in multiple alignments of protein fami-
lies.2,9–21 To outsiders the superiority of the third
generation tools over their predecessors (which unfor-
tunately are still being used by major sequence
analysis packages, such as GCG22) may appear mar-
ginal. However, the usefulness of the third genera-
tion methods was demonstrated in the second Asilo-
mar meeting in which these automated tools were
routinely used by sequence analysis experts.

MATERIALS AND METHODS
From Sequence to 1D Structure

The major step in improving 1D predictions has
been the use of evolutionary information contained
in multiple sequence alignments. Generating the
information fed into the neural network system
PHD20 required four steps: a data base search for
homologues (method BLAST23), (2) a refined profile-
based dynamic-programming alignment of the most
likely homologues (method MAXHOM24), (3) a deci-
sion for which proteins will be considered as homo-
logues (length-depend cut-off for pairwise sequence
identity25,26), and (4) a final refinement, and extrac-
tion of the resulting multiple alignment. In general,
prediction accuracy is better when predictions are
based on better alignments. Better alignments are
defined by: (i) fewer incorrectly aligned residues;
(ii) greater divergence within the family of se-
quences. In practice, these two conditions are oppo-
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nents in that less similar homologues are more likely
to be misaligned.

Completely Versus Almost Automatic

The PHD prediction methods are automatically
available via the internet service PredictProtein20

(send the word help to PredictProtein@EMBL-
Heidelberg.DE, or use the WWW interface27). Users
have the choice between the fully automatic proce-
dure taking the query sequence through the entire
cycle, or expert intervention into the generation of
the alignment. For the Asilomar contest, both these
modes of operation were explored. The following
changes were made with respect to the usual Predict-
Protein service:

1. Rather than SWISS-PROT, a nonredundant data
base of all known protein sequences was searched.

2. The cutoff for accepted homologues was lowered
from 30% to 25% pairwise sequence identity.

3. The final list of putative homologues was in-
spected visually; some proteins were excluded
from the list. PredictProtein users typically con-
tinue with two additional time-consuming expert
interventions.

4. Visual correction of the final alignment.
5. Investigation of how the prediction of particular

segments depends on the alignment.

Steps 4 and 5 were not performed for the Asilomar
targets.

Prediction Targets

Secondary structure and residue solvent accessibil-
ity was predicted for all Asilomar targets. Here,
results were compiled for the 15 targets for which
structures were available. Secondary structure pre-
dictions comprised the predictions of secondary struc-
ture state (helix, strand, other), and a reliability
index for each residue; relative solvent accessibility
predictions gave the percentage of predicted solvent
accessibility (additionally projected onto a two-state
model (buried: # 16%, exposed . 16%), and a
reliability index for each residue.

RESULTS
What Went Well?

Prediction accuracy within expected range

(1) Secondary structure prediction: the accuracy
was about 74% (three-state per-residue and per-
segment scores). (2) Solvent accessibility prediction:
the accuracy was about 69% (two-state score); the
correlation between observed and predicted relative
solvent accessibility was 0.5; predictions were best
for residues observed in strands, and worst for
residues with no regular secondary structure; predic-
tions were best for the charged amino acids aspartic,

glutamic, and lysine, and for methionine. Overall,
secondary structure prediction accuracy using PHD
on the Asilomar proteins was slightly higher than
expected; solvent accessibility prediction accuracy
slightly lower than expected.20

Reliability of prediction correlated with
accuracy

Prediction accuracy varied largely between differ-
ent proteins (Fig. 1A). However, the reliability of
PHD predictions enabled estimating on which side of
such a distribution the prediction for a given protein
was expected (Fig. 1B). Furthermore, individual
residues could be correctly labelled for which the
prediction was expected to be more likely accurate
(Fig. 1C). For example, half of all residues predicted
in a helix were predicted with the highest reliability
index; 90% of these were correctly predicted (Fig. 1C).

More informative alignments yielded better
predictions

By manually improving the multiple alignments
used for the PredictProtein server (Fig. 1), the
prediction of secondary structure improved from
70% (three-state per-residue accuracy for fully-
automatic alignment selections from PredictProtein
server20) to 74% (semiautomatic alignment selection
used for CASP2 submissions). Solvent accessibility
predictions were improved from 67% (two-state per-
residue accuracy for fully automatic alignment selec-
tion) to 69% (CASP2 submissions).

What Went Wrong?
Confusing helices and strands

The two examples shown in Figure 2 represented
the worst cases for the secondary structure predic-
tion in terms of per-residue and per-segment accu-
racy. However, even more fatal for using 1D predic-
tions for further steps toward 3D prediction were
cases for which the prediction confused helices and
strands. On average, such bad predictions were
made for about 8% of all residues. Particularly bad
were the values for target t11 (19% of residues
confused), and for target t32 (Fig. 2; 13% of residues
confused). None of the confused segments was pre-
dicted with high reliability indices.

Helices too long, strands too short

Helices were predicted at a higher than average
length (12.5 predicted vs. 10.3 observed); strands
were predicted at a lower than average length (5.2
vs. 6.7). These values were not representative for the
PHD averages, and might have originated from
unusually high percentages of secondary structure
in the 15 CASP2 targets (38% helix, 24% strand
compared to about 32 % helix and 21% strand in a
representative subset of PDB,28 data not given).
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Fig. 1. Prediction accuracy for CASP2 targets. A: 1D predic-
tion accuracy was described by three scores: (1) per-segment
accuracy in predicting secondary structure (Sov3, defined in Ref.
37), (2) per-residue accuracy in predicting secondary structure
(Q3, defined in Ref. 37), and (3) per-residue accuracy in predicting
residue solvent accessibility (Q2, defined in Ref.13). Exceptionally
bad predictions did not coincide, i.e., the lowest value for each
score did not occur for the same protein. In fact, for the three
proteins for which secondary structure prediction was worst (t31,
t32, t38) accessibility predictions were rather accurate; and the
worst predicted accessibility for t16 coincided with an extremely
good secondary structure prediction. B: The reliability index,
scaled from 0 (low) to 9 (high), reflects the strength of the
prediction for each residue. Here, the reliability index was aver-
aged over each protein. The protein average correlated with the
overall per-residue accuracy of secondary structure prediction: the
worst predicted protein (t32) had the lowest average reliability
index; the best predicted ones (t08, t42) had the highest average

reliability indices. C and D: The expected prediction accuracy can
be raised above the 90% level at the expense of not predicting
secondary structure for regions with a low reliability index. How
likely was a residue predicted in an a helix with a reliability index of
n , predicted correctly? The two plots were derived for different test
sets, (C) reflected the statistics on 15 Asilomar targets, (D) statistics
on a 50 times larger set of 705 sequence-unique proteins. For
example, prediction accuracy tended to surpass the 70% accuracy
level for residues predicted at levels of RI _ 6; about two-thirds of
all residues were predicted at that level. To illustrate the fraction of
residues predicted at highest reliability: for the set of 705 about
40% of the helical residues were predicted at RI 5 9 (93% of these
were correct); and for the Asilomar set about 50% of the helical
residues were predicted at RI 5 9 (90% of which were correctly
predicted). Note that Figures C and D show the noncumulative
values. The cumulative distributions answering the question ‘‘How
high is the expected prediction accuracy for all residues predicted
at higher reliability?’’ is given elsewhere.10,12,13,20,33
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Structural class predicted at accuracy levels
below average

The composition of secondary structure enables a
rough classification of proteins into structural
classes.29 On average, secondary structure predic-
tions from PHDsec predict 75% of all proteins cor-
rectly in one of the four classes: all-a, all-b, a/b,
other.20,30 For the CASP2 targets the class classifica-
tion was correct for 67% of the proteins, only. The
dominant error was to predict strands for all-a
proteins (and to consequently place those proteins
into the class ‘‘other,’’ rather than into the class
‘‘all-a’’). However, the average content of secondary
structure was predicted about as accurately as ex-
pected: differences between predicted and observed
compositions were 7% for helix, and 9% for strand.
Thus, the difference between CASP2 and expected
classification error could be attributed to the small
dataset.

Overprediction of buried residues

Most buried residues (#16% relative solvent acces-
sibility) were predicted as buried (76%). However,
this was accomplished by an overprediction of buried
residues, as only 60% of the residues predicted to be
buried were actually observed in that state. The
dominant error was a strong overprediction of com-
pletely buried (0% accessible) residues. In general,

residues were clearly overpredicted in the ranges
49–64% accessibility, and clearly underpredicted in
the ranges 1–4% and 64–81%. (Note: the other side of
the same coin was that exposed residues were under-
predicted: 80% of the residues predicted to be ex-
posed were observed in that state, however, only 64%
of the residues observed in the exposed state were
actually predicted.)

Why?
Correct alignment crucial for correct prediction

Alignments used for the input to the PHD neural
networks should be both informative (high level of
diversity; many sequences), and correct. The semiau-
tomatic generation of multiple alignments used for
the CASP2 submissions clearly improved the infor-
mation content in the alignments, and thus predic-
tion accuracy. However, including proteins from the
twilight zone31 of 25–30% pairwise sequence identity
may be fatal in two ways. First, some of the included
proteins may not be structurally similar to the
protein for which 1D structure is predicted. Second,
the lower the level of pairwise sequence identity, the
higher the likelihood of misaligning some residues.
This became particularly obvious, when the align-
ments for the worst predicted proteins were changed
(after the meeting). Secondary structure prediction
accuracy could be increased by simply excluding

Fig. 2. Examples for prediction errors. Two examples of errors
in secondary structure prediction. Secondary structure prediction
was worst for these two proteins (Fig. 1A, note: for t38 the
prediction had to be based on a single sequence). AA, amino acid
in one-letter code; Obs, secondary structure assignment based on

3D structure by DSSP38; PHD, prediction by neural network
system; RI, reliability of prediction (0 is low, 9 is high). Symbols for
secondary structure assignments: H, a helix; E (extended), b
strand; blank, other.
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some less likely family members: for target t31, Q3

(three-state per-residue accuracy) from 62% to 68%,
Sov3 (three-state per-segment accuracy) from 54% to
65%; for target t32, Q3 from 53% to 56%, Sov3 from
54% to 56%; for target t38 Q3 from 57% to 63%, Sov3

from 42% to 48%. Prediction accuracy was clearly
below average for proteins for which no alignments
were available (such as for t38, Fig. 2). The second
effect of falsely aligned residues was difficult to
estimate. However, the extent of the first effect
illustrated that alignment errors were fatal.

Prediction accuracy lower for unusual
proteins

The PHD neural networks were trained on globu-
lar water-soluble proteins; predictions tend to be
wrong for other proteins. One example from the
CASP2 set was t32 a small protein (98 residues; Fig.
2) which is stabilized by three cysteine-bridges.
Fundamental mistakes in the secondary structure
prediction were around the cysteine-bridges (Fig. 2).
However, on average proteins with cysteine-bridges
were not predicted less accurately (Arthur Lesk, this
issue). For the prediction of solvent accessibility
another effect becomes crucial: the interaction be-
tween protein chains: overall accessibility was pre-
dicted worst for t16. However, many of the residues
‘‘falsely’’ predicted as buried were actually observed
at interfaces between the three chains of the protein
(data not shown). In general, residues predicted to be
buried and observed to be exposed, often indicate
binding interfaces.32

Confusing helices and strands partly due to
using local information

A fatal error for prediction-based modeling is the
confusion of helices and strands. Exactly this fatal
error happens frequently for PHD predictions (for 7
of the 15 CASP2 targets; statistics on a larger
dataset33). Often the beginning and the ends of the
confused segments are correctly identified (target
t02, strand 13; target t11, strand 1; target t14,
strand 4, helix 8; target t16, helix 2; target t31
strand 8). Only for two confused segments the reliabil-
ity of at least one residue was above a value of RI 5 6
(helix 8 in t14, and helix 1 in t16). Nevertheless, how
can a segment be placed correctly if the type is
confused? Secondary structure formation is partly
determined by residue interactions non local in
sequence. Such information is captured by the PHD
predictions only to some extent. A region may have a
higher preference for forming a helix than a strand
(and vice versa), but interactions nonlocal in se-
quence may result in that the formation of a b sheet
(a helix) is energetically more favorable. Indeed, the
confusion between helices and strands can often be
attributed to hydrogen bonds stabilized by nonlocal
interresidue contacts.34

Fifteen proteins are not representative

Some of the ‘‘errors’’ were specific for the CASP2
targets. The major reason for that was that 15
proteins were not enough to comprise a representa-
tive subset of all proteins (difference between Fig. 1C
and D).

CONCLUSIONS: WHAT DID WE LEARN?
Easy To Be Wise Afterward?

Inspecting the examples for which predictions
went wrong tended to produce arguments for why
that was so. However, such reasoning in some cases
appeared rather premature: proteins for which sec-
ondary structure was predicted below average tended
to differ from those for which solvent accessibility
was predicted below average (Fig. 1A), although
many of the arguments would apply to both predic-
tion methods (such as the stabilization by cysteine
bridges for target t32).

Generating More Informative Alignments Is
Straightforward

The difference in prediction accuracy between the
fully automatic and the semiautomatic selection of
the alignment (two to four percentage points) illus-
trated that prediction accuracy could be improved
significantly without changing the final prediction
method (PHD20). The procedure used for the CASP2
submission could be automated. (The major techni-
cal problem, currently, is the lack of CPU resources
available at EMBL for the PredictProtein service.)
Another point was illustrated for the CASP2 targets:
monitoring how predictions change in response to
the alignment (including more or less proteins) is an
excellent means of arriving at better expert-driven
predictions.

CASP: Good for Testing Methods, But Not
Representative

1D structure predictions comprise excellent ex-
amples for prediction methods, in general, since we
have large datasets for which we can estimate
prediction accuracy. Such tests reveal that predic-
tion accuracy differs between different proteins (with
one standard deviation of about ten percentage
points). How many proteins are representative? To
approach the answer, consider the following experi-
ment: first, average prediction accuracy and its
standard distribution are compiled for a set of 705
unique proteins chains33; second, from the set of 705
chains 20 are picked at random; this is repeated
until average accuracy and standard distribution
match that of the set of 705 proteins. How many
repeats would it take? The answer: about five to ten.
Thus, the following conclusions from 1D predictions
in CASP2 evolve for users (and editors): don’t trust
too much methods that (1) were not tested in CASP,
(2) revealed much lower values of accuracy than
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published, and (3) that were successful in CASP, but
never evaluated on larger databases.

1D Predictions Now Accurate Enough as First
Step in Structure Prediction

Many of the third-generation predictions of 1D
structure are accurate enough to become a first step
in predicting higher dimensions of protein structure
(Arthur Lesk, this issue). A prominent application of
PHD predictions was threading of the CASP2 targets
(e.g., Murzin, or Fischer, Eisenberg et al., this issue).
EvenanautomaticPHD-threadingprocedureyielded35,36

relatively good results for recognizing the correct fold.
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