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We have developed a hybrid system to predict the secondary structures (!X-helix. fJ-sheet 
and coil) of proteins and achie\'ed 66'4% accuracy, with correlation coefficients of CooH = 
0'429, C. = 0'470 and C, = 0'387. This system contains three subsystems ("experts"): a 
neural network module, a statistical module and a memory.based reasoning module. First, 
the three experts independently learn the mapping between amino acid sequences and 
secondary structures from the known protein structures, then a Combiner learns to 
combine automatically the outputs of the experts to make final predictions. The hybrid 
system was tested with 107 protein structures through k-way cross-validation. Its 
performance was better than each expert and all previously reported methods with greater 
than 0-99 statistical significance. It was obser\'ed that for 20% of the residues, all three 
experts produced the same but wr:ong predictions. This may suggest an upper bound on the 
accuracy of secondary structure predictions based on local information from the currently 
available protein structures, and indicate places where non-local interactions may playa 
dominant role in conformation. For 64% of the residues. at least two experts were the same 
and correct, which shows that the Combiner performed better than majority vote. For 77% 
of the residues, at least one expert was corre.ct, thus there may still be room for 
improvement in this hybrid approach. Rigorous evaluation procedures were used in testing 
the hybrid system, and statistical significance measures were developed in analyzing the 
differences among different methods. When measured in terms of the number of secondary 
structures (rather than the number ofresidues) that were predicted correctly, the prediction 
produced by the hybrid s~'stem was also better than those of indh·idualexperts. 

Keyword.$: protein secondary structure prediction; hybrid system; neural networks; 
memory-based reasoning: statistical methods 

1. Introduction higher order structures (e.g. super secondary struc-
Determining the mapping between amino acid tures (Taylor & Thornton. 1984), domains (Lathrop 

sequences and secondary structures (ex helix, fJ sheet, et ai., 1987)). 
etc.) is an important step towards our under- Many algorithms have been developed for protein 
standing of how protein sequences specify their secondary structure prediction. One of the first 
on'rall "trll('tur('s and funt·tion;;. Currently th(' main effort~ was madE' by Chou & Fa"man (19i4). 
technique to determine protein structures is X-ray Different implementations of their algorithm have 
crystallography, which is a slow and often difficult all attained about a 50 to 60% level of accurac)' in 
process. On the other hand, the database of known predicting the location of !X he.lices. fJ strands and 
protein sequences is growing very rapidly. Thus, it "coil" (i.e. anything other than helix or strand) in a 
is increasingly important to develop computational protein sequence. Garnier, Osguthorpe &, Robson's 
approaches to detennine automatically (predict) the algorithm (Garnier et at., 19i8) is about 58% 
structures of proteins whose sequences are known. accurate for this task. More recently, their impro\'ed 
The correct prediction of secondary structures can algorithm (Gibrat et ai., 198i) is 63% accurate. 
contribute significantly towards this goal. For Qian &, Sejnowski (1988) used an artificial neural 
example, the knowledge of secondary structures can network algorithm to increase 'the prediction accu­
provide a good starting point and reduce the search racy to 64 %. Similar results ha.\"e also been 
space in simulation of protein folding by molecular achieved by other researchers (e.g. Kneller et al., 
dynamics (Levitt, 1983) or lattice models (Skolnick 1990; Holley &: Karplus, 1989). Thus there has been 
&, Kolinski, 1990), or can be used in predicting about a 6% improvement of prediction accuracy in 
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Table 9 
The aauracy on th~ eight te.1t data .sets by Ca.scaded 

network.s of Qian &- Sejnou'ski (1988) 

Group 
~o, 

'*'quenC't' 
Xo, 

residuf' 
Rin~le network 

(°0) 
Cascaded network 

, (O,~) 

2 
3 .. 
5 
6 
7 
8 

I~ 

1.5 
1-1 

I" 
I" 
I" 
I" 
1-1 

:!417 
:!~4i5 

:!55Q 
2..50 
2..92 
U76 
2507 
25O-l 

Iil'lI 
1>4·3 
62·5 
62·7 
63·3 
65'5 
62·6 
6.5'3 

Ii:!';') 
6-1-3 
63·2 
62,9 
6-1-3 
66'6 
62·9 
65,;) 

Total 113 19,861 63'5 64-Q 

some difference in prediction accuracy (0'4%) 
between their single network and our 
EXPERT~NN,even though they were both trained 
and tested on the same data sets. The reason was 
that according to Qian & Sejnowski's method, the 
performance of their network on the test data set 
was monitored during training. The network 
weights that performed the best on the test set were 
saved and used. Whereas in our work, the 
EXPERT-NN never saw the test data set during 
training (see Methods and Materials). 

The GOR III algorithm by Gibrat et al. (1987) 
was reported to have achieved 63% prediction 
accuracy by using correlations between certain pairs 
of amino acids and secondary structures. Biou et al. 
(1988) further improved the GOR III algorithm by 
combining its result with that of two other algo­
rithms. the Homologue method and the bit pattern 
method, achieving a reported accuracy of 65'5% 
(we refer to this combined algorithm as 
GOR-Combined in thE' following dis('ussion). We ran 
the GOR-Combined program on protein sequences 
in our database. Since their program contained the 
statistics calculated using tht'ir data bast', i.e. their 
training data, we dh'ided our database into two 
groups. Group A contained sequences that were 
identical or more than 50% homologous to their 
training data. Group B contained the rest of the 
sequences. There were 64 sequences in group A and 
49 sequences in group B. Apparently group B 
should be used as the test data to compare the 
COR-Combinf'd al!ain;:t other algorithms. h{'('aulie a 
prediction algorithm could easily have a very high 
prediction accuracy on protein sequences that are 
eIther identical or highly homologous to its training 
data, which cannot be used as an objective assess­
ment of the alg~rithm's prediction accuracy. For 
group B, the GOR-Combined was 62'4 % accurate. 
This is 3% lower than their reported result. One 
reason for this might be that GOR-combined algo­
rithm used certain rules to combine the outputs of 
different methods, and those rules did not work 
quite as well for proteins not in its database. We 
used the 64 protein sequences in group A to train 
our hybrid system and applied it to the 49 protein 
sequences in group B. It was 65'3% accurate. This 

Table to 
Accuracies of differellt algorithms for three .state.s 

(helix ..sheet. coil) prediction 

~If'thod 

;')\}Lilli (l1I7", 
('hou &: F<\~ll1an (I!17~) .';(/ 

U>"in ..I ai, (I!ll:lti) 6·)·') 

GOR III 63 
Qisn .t Sejnow.ki (19881 64-3 
Holley &: Karplus (1989) 63'2 
Hybrid 66'4 

is about I % lower than the average accuracy of the 
hybrid system in the k-way cross-\'alidation experi­
ment. We believe this was due to the smaller 
training set used here. which had only 64 protein 
sequences. 

Table 10 lists the results of several other algo· 
rithms. The results were obtained from each 
author's original report except those by Lim (l974) 
and Chou & Fasman (1974), because in their original 
reports they used the same dataset for both 
training and testing. Kabsch & Sander (l983b) 
assessed the accuracies of these two algorithms with 
separate test data, and the results were included in 
the Table instead. Among these. our hybrid system 
was tested with the largest set of protein data and it 
gave the highest prediction accur,acy. 

4. Discussion 

The idea of combining the strength of different 
methods is not entirely new in either machine 
learning research (Wolpert, ]990) or protein 
secondary structure prediction. For example, Biou 
et al. (1988) used certain rules to combint' three 
methods. However, the authors did not explain how 
their rules were generated in the first place. Thus it 
i:; difficult for us to justify the use of thoSt' rules. In 
our hybrid system, the Combiner learns how to 
combine the outputs of different experts automati­
cally from the training data. A novel procedure has 
to be developed to train the Combiner because 
different experts can have very different behaviors. 
For example, after training, some experts can be 
100%' correct on the training data set while others 
may be only iOo~ (·orrE'{·t on the training elata. e\'en 
though they have \'ery similar prediction accuracies 
for proteins not in the training set. Our training 
procedure for the Combiner can cope with experts 
that have such different characteristics. 

This work showed that although different algo­
rithms may have very similar overall secondary 
structure prediction accuracies, their detailed 
predictions can be different. No single algorithm 
alwaysgh'es a better prediction than others. 
A combination of them can produce a statistically 
significant improvement over each individual 
method. We developed a way to train a Combiner, 
which learned to combine the outputs of different 
experts automatically. A neural network was used 
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as the Combiner in this work. But it is not the only 
choice. A :\IBR system, for example. can also be 
used as a Combiner. This paper is the first place 
where the 8:\1 algorithm and the particular )1BR 
distance function ha\'e been introduced. Their accu­
racy were a:> ~ood as or en'n hetter than any other 
single algorithm reported to date for seeondary 
structure prediction. They deserve a more detailed 
discussion. which is beyond the scope of this paper 
and is done elsewhere (X. Zhang, unpublished 
results). The techniques we used to control the 
training of artificial neural networks were not only 
objecth-e but also effective. For a single one-hidden­
layer network, the accuracy was 63'1 % with our 
techniques (to control training purely based on the 
training data). Whereas the other approach, to 
monitor the performance of the network on the test 
data during training, was 63'5%. The difference 
between them. was only 0'4 %. Thus our techniques 
produced near-optimal training. 

One of the reviewers of this paper raised the issue 
of whether residues assigned to state G by the DSSP 
program (Kabsch & Sander, 1983a) should be con­
sidered as in helix, especially when they are 
adjacent to s~ate It. In our original experiments, we 
wanted to make our result directly comparable with 
results obta.ined by other researchers, such as Qian 
& Sejnowski (1988), since the main point of this 
paper is t~at for the same secondary structure 
assignment, the hybrid system gives better predic­
tion than other algorithms. Thus we used the same 
assignment as Qian & Sejnowski (]988), i.e. only 
considering H for a helix and E for Pstrand. After 
we received the reviewer's comments, we did the 
following experiment: we assigned G states to be 
helix if they are adjacent to H, oth~rwise assigning 
them to be coil. This way, among the ]9,861 
residues in our database, ]62 residues (0-8% of the 
total residues) were assigned differently. i.e. to helix 
instead of coil. Tllen we compared the original 
prediction of our hybrid system with this new 
assignment. It is 66-] % accurate. This is very close 
to the original accuracy of 66'4 %. The change in 
accuraCy (0-3%) is much smaller than the change in 
the assignment (0'8%). This means that even 
though the hybrid system was trained with a 
different assignment, it can still predict correctlJr 
most of the new assignment. This il" in aceordan{'e 
with observations by other researchers (e.g. 

. Richardson & Richardson, 1988) that there are 
certain ambiguities on secondary structure 
boundaries assigned by DSSP. 

Good criteria for evaluating and comparing 
different prediction algorithms are crucial for the 
progress of this research field. In this work, we made 
use of the significance interval measure from statis­
tics, which could tell us whether the differences 
observed are significant or not, 'and what factors can 
influence that. We emphasize the importance of the 
fact that in our tests, the hybrid system never 
looked at the test data during training, thus making 
the performance of the system on the test data as 
objective as possible. The k-way cross-validation 

allowed us to test our hvbrid S\'stem with as manv 
data as .....e have. and y;t still ~voided o\-erlapping 
bet.....een the test data and training data. Some 
researchers have used one protein in each test 
group, thus maximizing the trainin/! data size. 
Howen:'r. thE' extremt'ly lar~e amount of compu­
tation in our .....ork pre\'ented us from doing that (i.e. 
k = ]13. the total number of protein sequences of 
our database). We choose Ie = 8. which did not 
reduce the size of each training data set \'ery much, 
and yet cut the amount of computation dramati­
cally. Even so, a large amount of computation was 
still needed to carry out our experiment. This 
involved (I) computing many statistics for SM and 
dIstance matrices for MBR; (2) pattern matching 
and sorting through the whole database to find 
neighbors in )IBR; and (3) training many neural 
networks .....ith large numbers of input/output 
examples. The experiment was done on a massively 
parallel computer Connection Machine CM-2. The 
particular machine we used had 4096 processors. In 
general, CM-2 can have up to 65,536 processors. 

There are many important issues in protein 
secondary structure prediction, such as: (I) is "the 
percentage of correctly predicted residues" the best 
measure for successt (2) What is the best way to 
assign the secondary structures to a protein once 
its three-dimensional co-ordinates are knownt 
(3) What is the right criteria for homology in 
selecting test/training datat A comprehensive 
discussion of these issues is beyond the scope of this 
paper. The emphasis here is to demonstrate that our 
hybrid system gives significantly better perform­
ance than individual algorithms' and an previous 
methods. using the same criteria in selecting data 
and the same accuracy measure as used by other 
researchers. 

We are grateful to EriC' Lander and Tau-:\Ju Yi for 
valuable <-omments and >'uggestions on sen-ral drafts of 
this paper. We thank Christian Sander for providing us 
with the DSSP program and Anand \'. Bodapati for 
helpful, di,scussions. We also thank the anon;>'mous 
re\'iewers who gave us insightful commen.ts. 

References 

Rahadur. R. R. (19611. On C'la~;<ifi('atjon ha!'t'd on 
re,;puns...." to 1/ di('holomOU::l items. In Stlldit.~ in Item 
A naly8U and Prediction. <-hapt. 10. Stanford 

.~l"niversitv Press. 
Biou, V.• Gibrat, J. F.. Levin. J. M.. Robson. B. & 

Gllmier. J. (1988.). seC'ondary stru<-ture prediction: 
(:ombination of threeditferent methods. Prolein Eng. 
2, 185-191. . 

Chou. P. Y. &.Fasman, G. D. (1974). Predi<-tion of protein 
conformation. Biochemistry. 13. 222-244. 

Daniel. W. W. (1987). Bioslati8t.iu: A Foundation for 
Analysis ill tM Health Scien.«s. 4th edit., John Wiley 
&: Sons. . 

Garnier. J., Osguthorpe, D. J. &; Robson. B. (1978). 
Analysis of the accurac)' and impliC'ations of simple 
methods for predicting the secondary structure of 
globular proteins. J. Mol. Biol. 120.97-120. 

Gibrat. J.-F.• Garnier, J. &: Robson. B. (1987). Further 



1063 Protein Secondary Structure Prediction 

dt>n'lopments of prott>in 8e<'onoary strudun- I'rt-dir­
tion using information theory. J . .l/ol. BioI. 198. 
4:?5-443. 

Holley. L. H. & Karplus. M. (1989). Prott>in secondary 
~tructure prediction with a neural network. Proc. 
.Yal. A cad. Sci.. C.S.A. 86. 152-1;;6. 

Kah~(·h. W. & ~andt>r. C. (I 983a). Die-tinnary of prott>in 
St'('ondary strudurt'$: pattern rt't'ognitioll "f hydro. 
gen-bonded and geometrical features. Biop'Jlymer.s. 
22. 25;7-2637. 

Kabsrh. W. & Sander. C. (1983b). How good are predic­
tions of protein secondary structure? FEB:' Leiters. 
ISS. 179-182. 

Kneller. D. G., Cohen. F. E. & Langridge. R. (1990). 
Improvements in protein secondary strUt'ture predic­
tion by an enhanced neural network. J . .J/ol. Bioi. 
214, 171-182. 

Lathrop. R. H .• \Vebster. T. A. &, Smith. T. F. (1987). 
nishiARIADXE: pattern-dire<'ted infert>nre and hier­
archical abstraction in protein structure recognition. 
Commun. A.C.J/. 30.909-921. 

Lazarsfeld. P. F. (1961). The algebra of diehotomous 
s)'stems. In Studies in Item· Analysis and Prediction, 
chapt. 8. Stanford University Press. 

Le\·in. J. M., Robson. B. &. Gamier. J. (l986). An algo­
• rithm for secondary structure dt>termination in pro­

teins based on sequence similarity. FEBS Leiters. 
205, 303-308. 

Levitt, M. (1983). Protein folding by restrained energy 
minimization and molecular dynamics. J. J/ol. Bioi. 
170, 723-764. 

Lim. r. 1. (1974). Algorithms for predi('tion of x-ht>li<'al 
and p-struetural rE'gions in globular prott>ins.•1. .J/of. 
Bioi. 88. 873-894. 

~f('Clelland. J. L. & Rumelhart. D. E. (E'ds) (1986). 
Parallel Dislributed Proces,~i1UJ. ~IIT Press. 

Xishikawa. K. & Ooi. T. (1986). Amino at'id SE'quenre 
homolollY applied to the predidion of protein 
~t'oll(lary =-trul'turt>~. and joint IH·t>di,·tion with 
existing nH'thods. Biochim. Biophy.'J. Arla. 871. 
45-54. 

Qian. X. & Sejnowski. T. J. (1988). Predicting the 
st>condary structure of globular proteins using neural 
network models. J. Mol. Bioi. 202, 865-884. 

Richardson. J. S. & Richardson. D. C. (1988). Amino acid 
preferences for specific locations at the ends of ex 
helices. Science. 240, 1648-1652. 

Rumelhart. D. E.. Hinton. G. E. & Williams. R. J. (1986). 
Learning internal represt>ntations by error propaga­
tion. In Parallel DislribuJ.ed Processl:ng. }IIT Pnss. 

Skolnick. J. & Kolinski. A. (1990). Simulations of the 
folding of a globular protein. Scie1U'A!. 250. 
))21-1125. 

Stanfill. C. & Waltz. D. (1986). Toward memory-based 
reasoning. Co-mmun. A.C.M. 29, 1213-1228. 

Ta)'lor, W. R. & Thornton. J. M. (1984). Recognition of 
super-secondary structure in proteins. J . ..Yol. Bioi. 
173. 487-514. 

Wolpert.	 D. H. (1990). Stacked Generalizalion. Tech. 
Report LA-UR-90-3460. LAXL. 

Edited by F. Cohen 




