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ABSTRACT: This review attempts a critical stock-taking of the current state of the science aimed 
at predicting structural features of proteins from their amino acid sequences. At the primary 
structure level, methods are considered for detection of remotely related sequences and for recog- 
nizing amino acid patterns to predict posttranslational modifications and binding sites. The tech- 
niques involving secondary structural features include prediction of secondary structure, mem- 
brane-spanning regions, and secondary structural class. At the tertiary structural level, methods for 
threading a sequence into a mainchain fold, homology modeling and assigning sequences to protein 
families with similar folds are discussed. A literature analysis suggests that, to date, threading 
techniques are not able to show their superiority over sequence pattern recognition methods. Recent 
progress in the state of ab initio structure calculation is reviewed in detail. 

The analysis shows that many structural features can be predicted from the amino acid sequence 
much better than just a few years ago and with attendant utility in experimental research. Best 
prediction can be achieved for new protein sequences that can be assigned to well-studied protein 
families. For single sequences without homologues, the folding problem has not yet been solved. 

KEY WORDS: protein structure prediction, sequence motif recognition; secondary structure 
prediction, prediction of transmembrane regions, prediction of secondary structural class, confor- 
mational energy, conformational search; reduced protein representation, threading, remotely related 
amino acid sequences, homology modeling, side chain placement. 
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1. INTRODUCTION 

There is a Holy Grail in the protein 
structure wing of theoretical molecular 
biology, and it is ever sought. The chal- 
ice contains a secret and with its knowl- 
edge, the prediction of a protein’s ter- 
tiary structure from only its amino acid 
sequence will be possible. The three-di- 
mensional architecture of a protein rep- 
resents the ultimate in molecular infor- 
mation, and from it  springs many 
significant scientific results: the under- 
standing of protein folding mechanisms, 
enzymatic catalysis, molecular structural 
stablity, and scaffolding and interactions 
among protein subunits, receptors, and 
ligands, substrates, and active-site pock- 
ets, and the like; the ability to design and 
engineer proteins through synthesis and 
mutation; comprehension of the evolu- 
tionary development of life; and the cre- 
ation of drugs and utilization of protein 
processes to confront human disease and 
suffering. Alas, the Holy Grail is not at 
hand and theoretical molecular biology 
must settle for lesser goals as well as the 
quest, which is described and referenced 
in this review. 

The treatise is divided into three parts 
for the separate consideration of predic- 
tion techniques designed for increasing 
complexity of structural organization: the 
primary, secondary, and tertiary struc- 
tures. At the protein primary structural 
level, techniques are described to elicit 
subsequence consensus patterns, motifs, 
binding and modification sites, and pro- 
files from multiple sequence alignments 
and to use them for recognition of even 
more distant protein familial constituents. 

Certain secondary structural aspects can 
be predicted from the sequence alone, al- 
beit not with 100% accuracy. These in- 
clude membrane spanning subsequence 
regions; secondary structural segements 
such as helices, strands, or loops in soluble 
proteins, and the structural class character- 
ized by the content and sequence succes- 
sive order of secondary structural types. 

On the tertiary-structural level, im- 
portant present-day pursuits are in abun- 
dance. Procedures have been developed 
for the comparison and equivalencing of 
tertiary structures, thereby eliciting es- 
sential relationships, conservations, and 
structural and functional principles, It is 
possible to predict by computation the 
three-dimensional structure of sequences 
with reasonably strong homology to those 
for which the structure is experimentally 
available. Even mainchain topologies 
have been predicted for small proteins, 
largely helical, from the sequence alone. 
The methods range from complex and 
computer-intensive energy calculations to 
simplified models involving a few domi- 
nant folding forces. New techniques to 
test if a sequence can fit one of the known 
backbone folds have also lately appeared 
in great number, especially because there 
will be probably less than 10,000 
mainchain folds possible for hundreds of 
thousands of sequences. Such methods 
may partly close the large and growing 
gap between the number of amino acid 
sequences and tertiary structures (Fig- 
ure 1). 

Although this treatise attempts to be 
comprehensive and critical in the research 
areas previously listed, it will, like the 
methods it describes, not be 100% suc- 
cessful in its thoroughness. 
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I I .  MOTIF RECOGNITION IN 
PRIMARY STRUCTURE 

A. Prediction of 
Posttranslational Modifications 

Many proteins are posttranslationally 
modified, necessary for a wide variety of 
reasons, for example, protection against 
proteolysis, directions of transport, ge- 
netic regulations, membrane anchoring, 
and regulation of degradation. The modi- 
fications can be N-terminal (e.g., acety- 
lation, myristoylation, and pyroglut- 
aminylation); C-terminal (e.g., amidation, 
isoprenylation, and farnesylation), or af- 
fect the side chains (e.g., glycosylation, 
phosphorylation, and hydroxylation). 

Several of these modifications are 
guided by signals in the amino acid se- 
quence. Knowledge about the determina- 
tive amino acid sequence patterns can 
therefore be utilized in the prediction of 
structural modifications. Such sequence 
patterns have been described for acetyla- 
tion (Persson et al., 1985); myristoylation 
(Hancock et al., 1989; Resh, 1994); 
palmitoylation (Hancock et al., 1989; 
Resh, 1994); phosphorylation (Kemp and 
Pearson, 1990); and glycosylation (Lis 
and Sharon, 1993). Further types of modi- 
fication are treated in a recent review by 
Han and Martinage (1992). 

Some of the these characteristic se- 
quence patterns are found in the sequence 
motif databases (vide infra), while others 
are not included there due to that addi- 
tional factors (e.g., the secondary struc- 
ture) are also determining the modif- 
iciation. Still further patterns have not 
yet been detected but remain to be eluci- 
dated. 

B. Databases of Motifs and 
Consensus Patterns 

The use of protein sequence patterns to 
delineate protein function is widely popu- 
lar. Similarly, a protein can be related to a 
family of sequences, thereby aiding with 
prediction of its secondary and tertiary 
structures. Several databases of patterns 
are available, of which three are described 
subsequently. 

1. PROSITE 

Since 1988, Amos Bairoch has com- 
piled a database, PROSITE, of amino acid 
sequence sites and patterns found in pro- 
teins. The database consists of over 600 
different patterns with short descriptions 
and key references (Bairoch, 1993); for 
example, the tyrosine kinase phosphory- 
lation site, the protein kinases signature, 
the zinc-containing dcohol dehydrogena- 
ses pattern, or the dihydrofolate reductase 
signature. For each pattern, a list of pro- 
teins (SWISS-PROT identifiers) as well 
as false-positives containing the pattern is 
provided (Figure 2a). There is also an ac- 
companying brief documentation, as ex- 
emplified in Figure 2b. The false-posi- 
tives are known not to  exhibit the 
corresponding function. In general, the 
patterns chosen are those with high speci- 
ficity to keep the number of unrelated 
sequences displaying the same pattern low. 
The database has cross-references to tHe 
SWISS-PROT protein sequence database. 
PROSITE is available via anonymous ftp 
(Bairoch, 1993). 
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AC 

DR 

DR 
DR 
DR 

PSOOO197 
APR-1990 (CREATED); JUN-1994 ( S T A  UPDATE) ; JUN-1994 ( I N F O  UPDATE). 
Act inin- type ac t in -b ind inq  donuin s i q n a t u r e  1. 
[EQ]  -X (2)  - [ATV] -T-x (2)  -W-x-N. 
/RuEhsE-29,38303; 
/TOTAz126 (23) ; /POSITIvE=21(18) ; /U"ORN=O (0) ; /FALSE-POS-5 (5) ; 
/FALSE NEG-0 (01 ; 
/TAXO-WC;c-??E??; /MAX-REPUT-Z; 
099001, M C N  CHIClt, T; P05094, M C T  CHICX, T; 
P12814, AACl-BU&CXlU, 1; P35609, MC2-EUMhNI, T: 
P18091, MCT-D-, T; P21333, ABPZ-EUMAN, T; 
P11532, ---- , 1; P11531, DHD-BUSE , 'I; 
~ 3 2 5 9 9 ,  F= YEAST, T; ~ 1 3 4 6 6 ,  GELA man,  T; 
P13797, PLSTIEUMW, T; 000963. SPCBZDROm, T; 
P11530, - R W  , P; 
P10474, m--CALSA, F; P28668, SY'EP-DROPIE, F; 
P1441C. SUIS m. F; P23739. SVIS RAP , P; 

PZOl11, M C S  CHICX, T; 
P05095, MCT-DICDI, T; 
~ 1 1 5 3 3 ,  DUD Z n r a  , T; 
P19179, FW--CEICX, 1; 

P11277, SPCBIEUKM, 1; 

P07814, SYEP-BUMAN, F; 

313796. PLSL m, T; 

{PDocooo19~ 
(PS00019; A C T I N I H  1) 
(P.500020: ACTININz2)  
{BEGIN 1 
* I ~ T T * * * T ~ T T T T T T * * * T T * T * T T ~ * * T * T T * T T T * T * * T * * T T * T  

* Actinin- typa ac t in -b ind ing  W i n  r i g n a r u r r s  * 

Alpha-act inin is a F-act ln  c r o s s - l i n k i n g  p r o t e i n  which is thought  t o  anchor 
a c t i n  t o  A v a r i e t y  of l n t r a c e l l u l a r  a:ructures (11. The act in-binding domain 
of AlphA-ACtinin seaas t o  r e s i d e  i n  t h e  f i r s t  250 r e s i d u e s  of t h e  p r o t e i n .  A 
similar act in-bindinq doauin h a r  been found i n  t h e  N-terminal r eg ion  of many 
d i f f e r e n t  ac t in -b ind ing  p r o t e i n s  12.3): 

T T T t S T T T T T T T T T T T T ~ T t ~ ~ T T T ~ ~ T T ~ ~ ~ ~ T T T T S * ~ T * * * * * * *  

- I n  t h e  bota Chain of r p r c t r i n  ( o r  f o d r i n ) .  - I n  dystrophin,  t h e  p r o t e i n  d e f e c t i v o  i n  Duchcnne muscular dystrophy (DMD) 
and uhich may play a rolo i n  anchoring t h e  c y t o r k e l e t o n - t o  t h e  plasma 

- I n  t h e  slip. mold g e l a t i o n  f a c t o r  ( o r  ABP-120). - I n  act in-binding p r o t e i n  ABP-280 ( o r  f i l u n i n l ,  a p r o t e i n  t h a t  l i n k  a c t i n  

- I n  f i n b r i n  (or p las t ia ) ,  an  act in-bundl ing p r o t e i n .  Fimbrin d i f f e r s  f r o m  
t h e  &ove p r o t e i n o  i n  t h a t  it con ta ins  t w o  tandam copier of t h e  a c t l n -  
b ind ing  domain and t h a t  t h r o e  copies are l o c a t e d  i n  t h e  C-tezmlnal p a r t  of  
t h e  p r o t e i n .  

W e  r o l e c t e d  t w o  conserved r e g i o n s  as s i q n a t u r e  p a t t e r n s  f o r  t h i s  type of 
domain. The first  of t h i o  r eg ion  1s l o c a t e d  a t  t h e  beginning of t h e  donuin,  
wh i l e  t h e  aecond one is l o c a t e d  i n  t h e  c e n t r a l  section and has  bean shown t o  
bo e s o a n t i a l  for t h e  b ind inq  of a c t i n .  

-Conronsus pattorn: [EQJ-x(2)-[AIVI-F-x(2) -W-x-N 
-Sequences known t o  b r l o a q  t o  t h i s  c h a r  d e t e c t e d  by t h o  p a t t e r n :  ALL. 
O t h e r  r equence ( r )  d e t e c t e d  i n  SWISS-PROT: 5 .  

-Consensus pattern: [LITml-x-[SCNJ-~LIVWl-~DAGEl-~SAGl-x-ID~Gl-~LI~l-x- 

-Sequences horn t o  h l o n q  t o  t h i r  clasr d e t e c t e d  by t h e  p a t r e r n :  AU. 
-Othe r  sequence(s)  d e t r c t r d  i n  SWISS-PROT: NONE. 

--St U p d ~ t e :  June 1994 / P a t t e r n s  and t a t  r e v i s e d .  

[ 1 1  S c h l e i c h e r  M., Andre E., Iiamunn A. ,  N-g.1 A.A. 

I 21 Hmtsudaira P. 

I 3J Dubreui l  R.R. 

I rnsmbrane. 

~ f i l u s n n t r  t o  &ran. g l p c o p r o t e i n s .  

' 

[ DE&G J -X ( 4 ) - [LIVN] -%-L- [SAG] - ILNnl (2 1 -W-X- LIVM] (2 1 

Dev. Gonet. 9:521-530(1988). 

Trmnda Biochan. S c i ;  16:87-92(1991).  

BioEssayr 13:219-226(1991). 

FlGURE 2. Sequence pattern databases. An example entry of the PROSITE (a) and PROSITEDOC 
(b) databanks presenting the ACTININ-1 pattern. Two-letter identifiers at the beginning of each 
line of the PROSITE entry facilitate computer access: ID, entry name; AC, accession number; DT, 
update information; DO, reference to PROSITEDOC; DE, full name of the pattern; PA; pattern 
description (x denotes any amino acid); NR, numerical result of SWISS-PROT database search; 
DR, identifiers of proteins containing the pattern (true 0, potential (P), or false (F) hits); CC, 
taxonomic range. 
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2. PRINTS 

Another databank, called PRINTS, of 
amino acid sequence patterns has been 
collected by Attwood and Beck (1994). 
This database contains sets of motifs ex- 
cised from conserved regions of multiple 
familial sequence alignments, thus reflect- 
ing the protein’s “fingerprint”. This is ad- 
vantageous, because amino acid patterns 
typical of a certain protein type might be 
distributed along the protein chain, but 
nearly always the distinctive subpatterns 
are located in the same order along the 
primary structure for all members. There- 
fore, a search for related sequences can be 
more sensitive than one over a single-pat- 
tern database such as PROSITE. However, 
the shorter and fewer the patterns, the more 
distant are the familial members detected. 
The version of April 1994 contains about 
200 entries. The entries are cross-refer- 
enced to the PROSITE database, which 
makes a combined use of the different pat- 
tern collections more facile for the user. 

3. ProDom 

Sonnhammer and Kahn (1994) have 
undertaken an automated apporach to de- 
tect and collect amino acid sequence pat- 
terns. They have developed a method to 
systematically search the protein sequence 
databases and automatically identify pro- 
tein domains from sequence comparisons. 
These domains are subsequently clustered 
into families, from which the consensus 
sequence can be deduced from the multiple 
aligned primary structures. In the cluster- 
ing phase, the automated routine does not 

allow insertion of gaps in the alignments to 
simplify the matching procedure and to 
avoid unreliable alignments resulting from 
a given selection of gap penalties. The 
consensus subsequences can be used as 
motif or pattern in database searches to 
find further family members. The applica- 
bility of the method is exemplified by show- 
ing two previously unrecognized domain 
arrangements detected with the new proce- 
dure. The database is called ProDom and 
has 5765 entries (edition 21.0) for protein 
families. It is available via anonymous 
ftp and regular updates are planned 
(Sonnhammer and Kahn, 1994). 

C. Antigenic Motifs 

An important step in the biochemical 
characterization of a protein is the detec- 
tion of antigenic sites responsible for spe- 
cific antibody binding. Prediction algo- 
rithms attempt to locate antigenic sites 
indirectly as hydrophilic and malleable 
loops at the protein surface. 

Several algorithms for prediction of these 
sites have been developed. One of the first 
methods was that of Hopp and Woods 
(198l), who calculated averaged hydrophi- 
licity values in segments along the protein 
chain. This method is still one of the most 
popular and has a high reliablity for predic- 
tion of antigenic determinants (Hopp, 1993). 
In general, the highest peak is in the vicinity 
of one of the antigenic sites. 

An alternative set of hydrophilicity 
values has been used by Parker et al. (1986), 
resulting in a higher success rate than the 
Hopp and Woods method. Jameson and 
Wolf (1988) combined linearly in a 
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weighted manner hydrophilicity, surface 
accessibility (Janin et al., 1978), flexibility 
(Karplus and Schultz, 1985), and second- 
ary structure prediction for turn (Chou and 
Fasman, 1978; Gamier et al., 1978), pro- 
ducing a commonly used measure named 
the antigenic index. 

Neural network techniques (cf. Section 
m.B.4 and 1V.D) have been used to predict 
the surface exposure of amino acids 
(Holbrook etal., 1990; Rost and Sander, 
1994b). This is of interest in the estimation 
of antigenic sites and other molecular in- 
teractions. The method is able to predict 
correctly the surface exposure for 72% of 
the residues using a two-state evaluation 
model (accessible or not accessible). More 
accurate predictions can be achieved by 
making a consensus prediction of exposure 
for a homologous family, but the residue 
accessibility is not as well conserved as, 
for example, the secondary structure (Flores 
et al., 1993). 

Antigenic epitopes are also known as 
mutation hotspots. Frommel (1988) has 
quantified the relationship between antige- 
nicity and mutability and showed that it is 
possible to successfully predict antigenic 
sites of proteins using the averaged local 
mutability of amino acids. 

D. Profile Methods 

One strategy to predict the structure of 
a protein is to find a related protein for 
which the tertiary structure is known. A 
sensitive approach to solve this problem is 
to use the sequence profile method. The 
profile consists of a scoring table in which 
each position is assigned 20 scores reflect- 

ing the probability for each amino acid 
residue to be in that position as deduced 
from alignments of a set of known familial 
sequences (Gribskov et af., 1987; Gribskov 
et al., 1990). 

A few years ago, an extension of the 
profile method was described (Bowie et al., 
199 1) by defining a profile of tertiary struc- 
ture environments for each amino acid resi- 
due in a protein sequence, using informa- 
tion from known X-ray structures. Tertiary 
structure profiles were constructed by fmt 
assigning each amino acid residue to one 
of 18 environmental classes, according to 
the area of the side-chain that is buried by 
other atoms, the fraction of the side-chain 
area that is covered by polar atoms or wa- 
ter, and the local secondary structure. Sec- 
ond, the 20 scores for that environmental 
class is assigned to that position of the 
profile. These residue scores for the differ- 
ent environmental classes have been calcu- 
lated from well-refined tertiary structures. 
Subsequently, the profiles can be utilized 
to search for related proteins having simi- 
lar fold. By aligning the sequences with the 
tertiary profie, it is possible to extract those 
that might adopt a similar tertiary struc- 
ture. This has been tested for different pro- 
tein families (i.e., globins, CAMP-recep- 
tor-like proteins, periplasmic binding 
proteins, and actins @3owie etal., 19911). 
The tertiary structure profile method ar- 
rives at better results than the traditional 
profile method, which only considers the 
primary structure. 

A similar approach is taken by Overing- 
ton et al. (1992), who have calculated en- 
vironment-specific amino acid substitution 
tables according to amino acid type, acces- 
sibility, sidechain interactions, and main- 
chain conformation. The substitution tables 
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were generated by accumulating substitu- 
tions observed in homologous structures. 
They show that using these tables in tem- 
plate-based database searches gives more 
reliable results than using only sequence- 
based techniques. 

Recently, the sensitivity of the sequence 
profile method has been improved (Liithy 
et al., 1994; Henikoff and Henikoff, 1994). 
This is achieved by inclusion of sequence 
weights and amino acid substitution weight 
tables in the calculations. The sequence 
weights reflect the distance of the sequences 
calculated according to Sibbald and Argos 
(1990) and inclusion of these avoids the 
bias toward many closely related sequences. 
Furthermore, three different amino acid 
substitution tables were tested, of which 
the most sensitive was found to be 
BLOSUM45 (Henikoff and Henikoff, 
1992). The total increased sensitivity is 
exemplified by application to four differ- 
ent protein families. 

Another recent improvement of profile 
searches by weighting of sequences and 
the use of alternative substition matrices 
has been described (Thompson et al., 1994). 
In addition, all alignment positions with 
the density of gaps higher than a threshold 
were excluded from the profile. By these 
means, the sensitivity was improved as 
demonstrated by application of the tech- 
nique to four different protein families. 

111. PREDICTION OF 
SECONDARY STRUCTURAL 
FEATURES 

A. Introduction 

An intermediate goal along the way to 
predict the three-dimensional structure is 
the assignment of secondary structure ele- 

ments to segments of the amino acid se- 
quence. It was found early on that different 
amino acid residue types have different 
preponderance for particular secondary 
structural environments. This established 
the basis for the so-called statistical meth- 
ods (treated in Section III.B.l), normally 
having a success rate of about 50 to 60%. 
Improvements have been made by utiliza- 
tion of information in multiple sequence 
alignments (Section III.B.2) or consider- 
ation of secondary structural motifs (Sec- 
tion m.B.3). The methodology of neural 
networks has also been adopted for this 
task (Section I3I.B.4). The success rate is 
now at best about 70%, which is still too 
low for allowing any detailed conclusions 
regarding the tertiary structure to be drawn 
but nevertheless of importance as a rough 
guideline. The statistics for evaluating the 
success rate are naturally dependent on 
which judgment method is utilized and this 
is discussed further in Section III.B.5. 

Prediction of secondary structural fea- 
tures has also been adapted to the problem 
of finding membrane-spanning segments 
in proteins. Here the task seems somewhat 
easier, because these segments are sup- 
posed to be hydrophobic, and the methods 
consequently directed toward identification 
of these regions. However, the number of 
known three-dimensional structures for 
membrane proteins is still small, and thus 
there probably exist several not yet discov- 
ered types of architecture not considered 
by present prediction methods. A wide 
variety of prediction techniques are avail- 
able, some of which are described in Sec- 
tion III.C. 

Finally, prediction schemes have also 
been developed to assign the structural 
class of a protein from the amino acid 
sequence alone. This task is treated in 
Section 1II.D. 
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B. Prediction of Secondary 
Structure 

The method was reported to predict 
successfully 80% of the helical and 86% of 
the p-sheet residues in the 19 proteins evalu- 
ated (Chou and Fasman, 1974a). The com- 
bined accuracy for a, p, and was 77%. 
However, these values are biased since most 

1. statistical Methods for single 
Sequences 

Several secondary structure prediction 
methods are based on the principle that 
different amino acid residue types have 
different likelihoods to occur invarious 
secondary structural conformations. The 
exemplary techniques of Chou and Fasman 
and Gamier et af. are briefly described here. 

Propensity values representing the sta- 
tistical occurrence of the 20 common amino 
acid residues in three structural states (a- 
helix, P-sheet, and coil) have been calcu- 
lated (Chou and Fasman, 1974b). The pref- 
erences for each amino acid type were 
defined as the ratio of the fractional occur- 
rence of the residue in secondary structure 
elements of a given type to the fractional 
occurrence in all structures. These values 
were computed from the occurrences of 
the secondary structural elements in 15 X- 
ray crystallography determined structures 
(Chou and Fasman, 1974b). A procedure 
for secondary structure predictions was 
developed that is based on the sequential 
successive appearance of large propensity 
values (Chou and Fasman, 1974a). For a 
helices and p strands, respectively, each of 
the amino acids was categorized as form- 
ers, breakers, or indifferent. These proper- 
ties were used to identify potential u- and 
p-forming sites, which were then extended 
along the protein chain as long as the aver- 
age propensity values calculated over a 
window of 5 or 6 residues were above a 
threshold value. Turns were predicted by 
considering the probabilities of different 
amino acids at the various positions in a p- 
turn. 

of the proteins predicted (15 out of 19) 
were included in the set from which the 
propensity parameters were derived. The 
values are also dependent on which scar- 
ing scheme is used (cf. Section IU.B.S). 
For a set of 62 proteins, the Chou-Fasman 
algorithm is reported to achieve only about 
50% overall prediction success using a 
three-state accuracy measure (Kabsch and 
Sander, 1983a). 

The GOR IU method (Gamieret uf.,l978; 
Gibrat etuf., 1987) is a representative of 
methods based not only on single residue 
propensities but also on statistically sig- 
nificant pairwise residue interactions. The 
preference (information content) I of a resi- 
due with sequence number j and amino 
acid type Rj for a secondary structure type 
Z E {helix, sheet, coil} is approximated as 

I(Sj = 2; Rj-g,...,Rj+8) 

m--g 

in a sequence environment of eight resi- 
dues on either side of a central one. The 
information I carried by the amino acid 
pair (ISMIIR,) on the Occurrence of the event 
Z (adoption of a specific secondary struc- 
tural state) is defined as 

I(S, = z; R,,IR,) 
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where P denotes the conditional probabil- 
ity, The enormous amount of parameters 
(3 structural states x 20 amino acid types x 
20 amino acid types x 17 sequence posi- 
tions) is estimated from a set of 68 non- 
redundant protein crystallographic struc- 
tures. The prediction accuracy achieved was 
about 63% (Gibrat et al., 1987; Gamier 
and Levin, 1991). A further improvement 
of 2.5 to 6.5% (Biou et al., 1988) was 
attained by combining the GOFUII method 
with two other prediction schemes: one 
based on hydrophobicity patterns that are 
often observed in regular secondary struc- 
tures (bit pattern method), and the other 
using structural similarity between short, 
sequentially homologous peptides (Levin 
and Gamier, 1988). Both GORm alone 
and COME31 are still widely in use and 
often as reference methods. As was shown 
by Gibrat etal., (1991), the predictive power 
of methods relying on only sequentially 
local structure information is limited by 
about 65%. A further increase in predic- 
tion accuracy requires the consideration of 
long-range (tertiary) interactions. 

The knowledge that a residue might 
not adopt a secondary structural state may 
be as useful as a corresponding positive 
statement. The impact of a combination of 
several statistical prediction methods 
(Chou-Fasman, GOR) together with hy- 
drophobicity information and helix cap- 
ping rules was shown to be significant for 
negative predictions (Arnold et al., 1992). 

It seems that all methods of this type, 
which predict the secondary structure based 
on the information in only a single se- 
quence (more accurately based on the local 
sequence environment of the residue under 
consideration), do not achieve higher three- 
state accuracy than about 60%. In order to 
get significantly beyond this level, more 

information is required, for instance, knowl- 
edge derived from related sequences. 

2. Predictions with Multiple 
Alignments 

The extension of the algorithms to base 
the prediction on multiple sequence align- 
ments of related sequences has been shown 
to improve accuracy. This approach has 
been implemented in several ways, One is 
to make the predictions for each sequence 
separately and thereafter calculate the con- 
sensus prediction, which is the strategy of 
Levin et al. (1993). Multiple alignments 
make it possible to distinguish characteris- 
tic patterns, which is used in the method of 
Donnelly et al. (1994). There are also meth- 
ods based on neural'networks (see Section 
m.B.4). 

Levin et al. (1993) showed that the use 
of multiple aligned sequences can improve 
secondary structure prediction accuracy by 
approximately 8 %. The quality of the align- 
ments naturally affects the results such that 
the sequences should have at least 25% 
pairwise residue identity to assure improve- 
ment in prediction accuracy. The study used 
two statistical secondary structure predic- 
tion methods (Gibrat etal., 1987; Levin 
and Gamier, 1988), which, when applied 
to single sequences, gave on the average an 
accuracy of 61.5%, defined as number of 
residues correctly predicted in the three 
states (as observed crystallographically) 
divided by the total number of residues in 
the protein. With multiple sequence align- 
ments, obtained by spatial superposition of 
the known tertiary structures, a predictive 
accuracy of 69.5% was achieved (Levin 
etal.,  1993), while alignments from an 
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automatic alignment procedure gave 68.5%. 
For multiple sequences, the prediction taken 
was that in the majority for the two predic- 
tion techniques and over the residues at a 
given alignment position. 

Wako and Blundell(l994b), who used 
a three-step method for secondary struc- 
ture predictions from multiple alignments, 
achieved 69% prediction accuracy for three- 
state (a, p, coil). The fmt step involves 
evaluation of mean propensities and amino 
acid substitution patterns for four confor- 
mational states: a, p, buried coil, and ex- 
posed coil. Capping rules are also applied 
to define secondary structure boundaries. 
The second step concerns detection of pat- 
terns characteristic for a-helix or P-strand. 
In the third step, the alignment is consid- 
ered, so if one conformational state is 
present at an alignment site in more than a 
given fraction of the proteins, this state is 
reassigned to al l  residues at that site. The 
authors applied the method to 13 protein 
families, representing different folding 
types, and found the prediction accuracy to 
range between 60 and 79% with an aver- 
age of 69%. Though this figure is similar 
to that achieved by neural networks (see 
Section III.B.4), the method of Wako and 
Blundell(1994a) has the advantage that it 
is clear to follow and can be inspected 
during all stages of the prediction proce- 
dure. 

Geourjon and DelCage (1994) have 
described a self-optimized method for sec- 
ondary structure prediction based on mul- 
tiple alignments. It too achieves a three- 
state accuracy of 69%. First, a limited 
database is created of proteins with known 
secondary structures and similar to the 
query protein sequence. Second, the sec- 
ondary structures are predicted for the pro- 
teins in the database, whereupon the re- 

sults are evaluated and the prediction pa- 
rameters are adjusted. This step is repeated 
until the predictions do not improve any- 
more. Third, these parameters are applied 
to the protein to be predicted. The method 
was evaluated using 239 proteins with 
known tertiary structure and with less than 
50% pairwise residue identity. It was thus 
found that the three-state prediction accu- 
racy on average was 69%. 

An improved method for prediction of 
a-helices has been described by Donnefly 
et al. (1994). It also relies on multiple se- 
quence alignments. They used the charac- 
teristic periodicities of solvent accessible/ 
inaccessible residues to predict a-helices 
through a Fourier transform procedure. The 
predictions were subsequently refmed by 
examining for sequence pattems that iden- 
tify the N- and C-termini of helices. The 
authors report that this combined method 
correctly predicts 79% of the a-helix resi- 
dues, while the number of false-positives 
only amounts to 12%. Inasmuch as the 
technique is dependent on sequence varia- 
tions in a family of related proteins, the 
authors claim that ideally the proteins 
should have 30 to 65% pairwise residue 
identity. The method also predicts the in- 
ternal face of each helix, and these results 
can be used to postulate three-dimensional 
arrangements of a-helices. 

3. Secondary Structure Motifs 

Amino acid sequence motifs predictive 
for secondary structure have been investi- 
gated by Rooman and Wodak (1988). They 
have systematically searched the protein 
tertiary structure database for sequence 
patterns involving two or three residues 
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within a segment of maximally 8 residues. 
It was observed that several patterns have 
predictive power, even though identical 
short peptides can adopt different second- 
ary structure formations (Kabsch and 
Sander, 1984; Argos, 1987). It was also 
shown that the number of predictive two- 
residue patterns is limited to about 70. The 
small size of the present structure database 
limited results for patterns consisting of 
three and more residues (Rooman and 
Wodak, 1988). A similar approach was used 
by Shestopalov (1990). He identified some 
di-, tri-, and pentapeptides that have pre- 
dictive power for the secondary structural 
states. 

Presnell and co-workers (1992) have 
developed sequence patterns to predict 
helices in all-helix proteins, extending the 
methods of Cohen and co-workers (1986) 
who identified the location of turns be- 
tween helices. Three different sets of pat- 
terns were developed to recognize the 
amino-terminal, core, and carboxy-temi- 
nal portions of an a-helix. These patterns 
were subsequently used to identify puta- 
tive turn segments (Cohen etal.,  1986). 
The strong a-helix signals are first evalu- 
ated, while the weak signals are considered 
in a subsequent analysis. Using a residue 

’ scoring scheme, this method has a 71% 
success rate, which is comparable with the 
accuracy of the GOR algorithm (Gamier 
et al., 1978). However, if only considering 
the core segments, the algorithm achieves 
78% compared with 75% for the GOR 
method (Presnell et al., 1992). 

4. Neural Networks 

A neural network mimics the architec- 
ture of neurons in the human brain. It con- 
sists of a number of simple, connected 

computational units that take signals from 
other units such that, if the sum of the 
signals is above a threshold, a signal is 
passed onto further units. The methodologi- 
cal advantage with a neural network is that 
it is suitable to detect subtle patterns and 
correlations in data. Each node has an at- 
tached weight for its signaling power. The 
weights are determined by training on a set 
data. In fact, parameters in a complex, 
nonlinear recognition function are fitted to 
given input and output conditions (Figure 
3). Subsequently, the network can be used, 
for instance, in predictions of secondary 
structures of proteins. Several different 
applications of neural networks to the study 
of proteins and nucleic acids have been 
reviewed recently (Hirst and Sternberg, 
1992). 

Qian and Sejnowski (1988) presented 
a neural network method for prediction of 
secondary structures in single protein se- 
quences trained with set of 106 tertiary 
structures. They achieved a success rate of 
64.3% for a three-state model (a, p, coil). 
This accuracy, being reproducibly obtained 
by other researchers also (e.g., Holley and 
Karplus [ 1989]), is substantially better than 
the prediction accuracy from statistical 
approaches (Chou and Fasman, 1974% Lim, 
1974; Gamier etal., 1978) in the 50 to 
56% range (Kabsch and Sander, 1983a). 
The test set contained only proteins not 
homologous to those in the training set. 

A variant of the neural network, the so- 
called hybrid system, has been developed 
by B a n g  and co-workers (1992). Three 
subsystems are used: a neural network 
module, a statistical module, and a memory- 
based reasoning module. The output from 
these three modules are fed into a “com- 
biner”, which makes the final predictions. 
The three subsystems are individually 
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trained on test sets. The method was 
checked over 107 protein structures, di- 
vided into 8 different sets to allow some 

pends on multiple alignment information. 
The method of Rost and Sander (1994a) 
calculates a position-specific reliability in- 

cross-validation. A prediction accuracy of 
66.4% was achieved for the three-state 
model (a, p, and coil). It was also observed 
that for 20% of the residues all three sub- 
systems gave the same incorrect predic- 
tions, indicating a possible limit of accu- 
racy for secondary structure predictions due 
to non-local interactions. Similar techniques 
have been applied for the calculation of 
distance tables that can be used for second- 
ary structure prediction (Salzberg and Cost, 
1992). 

Muggleton et af. (1992; 1993) have 
used neural networks in the prediction of 
all-helix domains. With a learning set of 12 
nonhomologous proteins, they achieve 8 1 % 
accuracy (three-state model) for four dif- 
ferent proteins. McGregor and coworkers 
(1989) used the technique to predict j3-turns, 
giving an overall improvement of more 
than 5 percentage points over the Chou- 
Fasman algorithm. However, for the type I 
and II turns, the Chou-Fasman method is 
more successful - 79 and 86% vs. 69 and 
8 1 %, respectively. An approach consider- 
ing both CC, p and turn simultaneously would 
increase the success rate, where, for in- 
stance, a weak turn prediction would be 
discarded if the same segment has a strong 
prediction for an a-helix (McGregor et al., 
1989). 

Rost and Sander (1994a) have described 
a prediction method based on neural net- 
works and multiple sequence alignments. 
This network system has an accuracy of 
71.6%, albeit the cross-validation test on 
126 proteins is limited because the training 
of neural networks is computationally very 
expensive. The success rate is similar to 
that of Levin et al. (1993), which also de- 

dex, giving hints regarding which of the 
predicted regions can be considered with 
more confidence. It has been shown by Yi 
and Lander (1993) that for a subset of resi- 
dues the secondary structural state can be 
predicted with very high probability (86 
for 28% of the residues). 

Neural networks (Bohr etal.,  1990) 
have also been applied to tertiary structure 
predictions by homology (see Sections IV.C 
and IV.D), but so far that technique seems 
not to be as successful as the traditional 
methods. 

5. Evaluation of Secondary 
Structure Prediction Methods 

When comparing the results of differ- 
ent secondary structure prediction meth- 
ods, the method used for evaluation of the 
results is significant, The most commonly 
used measure for secondary structure pre- 
diction accuracy is the three-state residue- 
by-residue score giving the percentage of 
correct predictions, Q, defined as 

where p is the prediction accuracy (number 
of residues predicted correctly) for a given 
secondary structural type and N is the total 
number of residues. However, this mea- 
sure is insensitive to the distribution of 
prediction in terms of secondary structural 
type, and, more importantly, it does not 
take overprediction into account. A more 
meaningful scale is Matthews’ correlation 
coefficient (Kneller et af., 1990). It is de- 
fined as 
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for a particular secondary structural type s 
where p(s) is the number of residues prop- 
erly predicted, n(s) is the number of resi- 
dues correctly identified as not being in 
secondary structural state s, u(s) is the num- 
ber underpredicted, and o(s) the number 
overpredicted. The coefficient ranges from 
1 .O (perfect prediction) to -1 .O (completely 
anticorrelated). 

When comparing the location of the 
secondary structure elements in homolo- 
gous proteins with known three-dimen- 
sional structure, the three-state (helix, 
strand, coil) residue-by-residue score does 
not achieve even 100% (Jenny and Benner, 
1994). Naturally, the more deviant the struc- 
tures, the further from 100% are the scores. 
The “expected” maximum value could be 
calculated and should be taken into ac- 
count when judging secondary structure 
prediction methods (Russel and Barton, 
1993). A further problem is that there is no 
universally accepted way to assign an ex- 
perimental secondary structure to a set of 
crystallographic data (CoUoc’h et al., 1993; 
Jenny and Benner, 1994), even though 
many researchers use the DSSP algorithm 
for achieving some type of “standard-of- 
truth” (Kabsch and Sander, 1983b). 

The “reliability” of these types of auto- 
matic secondary structure assigment meth- 
ods was investigated by Colloc’h and co- 
workers (1993). They compared three 
approaches, DSSP (Kabsch and Sander, 
1983b), P-Curve (Sklenar et al., 1989), and 
Define (Richards and Kundrot, 1988). They 
found that only in 63% of the residues the 
assignments coincide. However, in most of 
the cases of non-agreement, one or two of 
the methods deviated by not assigning a or 

p to a structure identified as a or p by the 
other techniques. This can be explained by 
the particularities of each method. The 
DSSP approach considers hydrogen bond 
patterns, while the P-Curve algorithm finds 
regularities along the helicoidal axis and 
the Define technique measures distances 
between Ca atoms. Therefore, when 
evalutating predictions, the “standard-of- 
truth” might vary depending on which prop- 
erty was used for the secondary structure 
assignment. 

However, it may sometimes be suffi- 
cient to predict the approximate locations 
of helices, strands, and loops (Russel and 
Barton, 1993). It may also be more impor- 
tant to predict the correct number of sec- 
ondary structuie elements rather than the 
exact borders of these elements. Recently, 
a new method to evaluate secondary struc- 
ture predictions was suggested by Rost et al. 
(1 994). They define a measure of segment 
overlap, weighing down minor deviations 
at the ends of secondary structure segments. 
This measure gives values around 90% for 
homologous protein pairs, while random 
protein pairs only achieve around 37%. 

Several researchers (Qian and Sejnowski, 
1988; Salzberg and Cost, 1992) have ex- 
perimented with balancing the learning set 
of structural examples for deriving the pre- 
diction rule (even portions of sequence 
pieces exhibiting coil, helix, and strand). 
The differences in prediction accuracies 
for coil, helix, and strand (about 70%, 6596, 
and 40% in methods using single sequences 
only) have usually been attributed to the 
uneven influence of non-local interactions 
stabilizing these structures. Rost and Sander 
(1994c) reported that this might not be the 
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case. If the learning set of structural ex- 
amples for a network is balanced, then the 
prediction accuracy for all three structural 
states is about 60% using only single se- 
quence information. 

The lengths of the predicted structural 
elements are often too short compared with 
the real helices and strands. Several meth- 
ods have been published to smooth the 
string of residue secondary structure pro- 
pensities obtained in the prediction pro- 
cess. Rost and Sander (1994~) apply a sec- 
ond level network for analyzing the 
propensities predicted by the first-level 
networks for a window of 13 residues. They 
achieve almost a doubling of the predicted 
helix length compared with the original 
(single-level) secondary structure predic- 
tion. Various analytical smoothing tech- 
niques have been reviewed by Zimmermann 
(1994). It must be emphasized that these 
regularization methods do not affect the 
overall prediction accuracy but redistribute 
the structural states making the prediction 
more “protein-like”. 

6. Conclusions 

Because secondary structure prediction 
methods are based on sequence-specific 
information in the close vicinity of the resi- 
due to be predicted, only local interactions 
are considered. The secondary structure is 
also dependent on distant interactions, and 
thus these methods cannot be expected to 
achieve 100% accuracy. Most of the statis- 
tical methods have a prediction accuracy 
of 50 to 65% when based on single se- 
quences. However, inclusion of mulitple 
alignments, reflecting the “allowed” varia- 
tions in the sequences (and indirectly some 
distant interactions), improves the accu- 
racy to around 70%. Interestingly, it seems 

that it is the multiple alignment per se that 
is important for th is  improvement, because 
regardless of which method is used, all 
prediction schemes arrive at a similar de- 
gree of accuracy. 

Further improvement of secondary 
structure prediction can only be achieved 
by influencing the local decision (second- 
ary structural state of a given residue) with 
more information. Possible candidates are 
environmental states (Yi and Lander, 1993), 
sequence length (number of residues, do- 
mains), amino acid (Kneller etal.,  1990; 
Rost and Sander, 1994c), and dipeptide 
composition (see Sections III.D 3 and N.D). 
Tertiary interactions are very important for 
the length of a secondary structural ele- 
ment. For example, it was demonstrated 
(Hayward and Collins, 1992) that neural 
networks may predict longer helices than 
observed in the cjstal structure. The au- 
thors concluded that a potentially longer 
helix is disrupted by global constraints. 

Extension of secondary structure pre- 
dictions methods to other structural states 
than only helix, strand, and coil is another 
possible research task. A likely candidate 
is the extended structure of PPII type. This 
conformation frequently occurs in globular 
proteins (Adzhubei and Stemberg, 1993) 
in the form of stretches a few residues 
long. The PPII conformation is tightly re- 
lated to the unfolding of proteins (Moore 
and Fasman, 1993). 

C. Prediction of Membrane- 
Spanning Regions 

1. Introduction 

Membrane proteins fulfill several im- 
portant tasks in the cells, for example, hor- 
mone receptors, transport proteins, pho- 
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tosynthetic reaction center. Because they 
are hydrophobically bound to the mem- 
brane, they are difficult to purify and to 
crystallize. Therefore, there are still only 
few three-dimensional structures available. 
Due to this and to the medical importance 
of these molecules, many methods have 
been developed to predict the membrane- 
spanning parts of proteins. It is believed 
that the membrane-spanning parts in gen- 
eral consist of helices perpendicular to the 
membrane plane. The structures of 
bacteriorhodopsin (Henderson et al., 1990) 
and reaction center (Deisenhofer and 
Michel, 1989) support this view. How- 
ever, there also exists another type of 
membrane proteins, the porins (Weiss and 
Schulz, 1992), which have a build-up con- 
sisting of 16 P-sheets arranged as a barrel, 
giving rise to a big central hole. Recent 
three-dimensional structures also show 
further variants, The helices can be tilted 
against the perpendicular plane, like 
the case in light harvesting complex 
(Kiihlbrandt et al. , 1994). Presence of he- 
lices parallel to the membrane plane has 
also been shown (Kiihlbrandt et al., 1994; 
Picot et al., 1994). There are also indica- 
tions that the membrane-spanning seg- 
ments can consist of single P-strands, 
thus making it possible to spawn the 
membrane with fewer residues than in the 
case of an a-helix (Hucho et 41. , 1994). All 
this implies that prediction of membrane- 
spanning regions might be a more difficult 
task than has hitherto been anticipated. 

Most available methods are designed 
to identdy hydrophobic stretches of around 
20 amino acid residues, corresponding to 
an a-helix traversing the membrane. This 
might still be a common structural theme 
(or the most common theme) in membrane 
proteins, because total compositions of 
putative transmembrane segments, as found 

in the SWISS-PROT database, in general, 
display a segment of 21 consecutive hy- 
drophobic residues, corresponding to the 
hydrophobic part of the membrane (Penson 
and Argos, 1994). 

2. Hydrophobicity Methods 

All methods for prediction of membmne- 
spanning segments have in common that 
they identify hydrophobic stretches in the 
sequence (Figure 4b). This is often graphi- 
cally presented as a profile of hydrophobic- 
ity against the amino acid position along the 
sequence. One of the most widely used 
methods for prediction of membrane-span- 
ning segments was invented by Kyte and 
Doolittle (1982), where mean residue hy- 
drophobicity values were calculated for con- 
secutive 19-residue sequence spans. Seg- 
ments with hydrophobicity above a certain 
threshold were predicted to be membrane- 
spanning. A similar approach was adopted 
by Rao and Argos (1986), who also consid- 
ered residues that break the transmembrane 
helices to improve reliability. 

Different prediction methods were re- 
viewed and evaluated by Degli Esposti and 
co-workers (1990). They examined the 
correlations among the various amino acid 
hydrophobicity scales used and compared 
the accuracy of the various prediction ap- 
proaches. They also calculated a new set of 
parameters derived from seven different 
hydrophobicity scales. 

Von Heijne (1986; 1992) used a trap 
ezoidal sliding window in his hydrdphobic 
analysis of the sequence together with a 
consideration of positively charged resi- 
dues interior to the membrane. Several stud- 
ies have also been effected regarding he- 
lix-helix interactions in membrane proteins 
(Lemmon and Engelmann, 1992). 
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3. Prediction of Membrane 
Protein Topology 

Methods have been developed to pre- 
dict how the protein is inserted into the 
membrane, that is, which parts of the protein 
face the inside and which face outward. 
The most successful of these prediction 
schemes is that so-called “positive-inside 
rule” of von Heijne (1986; 1992). He 
showed that the loops between membrane- 
spanning segments have a preponderance 
for positively charged residues on the in- 
side (normally facing the cytosol) of the 
membrane. This was shown first for 
prokaryotic (von Heijne, 1986) and later 
also to be valid for several eukaryotic pro- 
teins (Sipos and von Heijne, 1993). 

4. Utilization of Multiple 
Sequence Alignments 

Similarly to secondary structure pre- 
diction, improvements can be made by in- 
clusion of the extended information in a 
multiple sequence alignment of related pro- 
teins (Figure 4). This has been utilized in a 
recent algorithm for prediction of trans- 
membrane (Persson and Argos, 1994). This 
technique has higher accuracy in predict- 
ing transmembrane segments than previ- 
ous methods based on individual sequences. 
Present primary structural databases are 
large and expanding at such a rate that 
homologous sequences are often found 
making this approach often applicable. 

D. Prediction of Secondary 
Structural Class from Amino 
Acid Sequence 

7. Introduction 

Early in 1976, when only about 40 crys- 
tallographic structures of proteins were 

known, Levitt and Chothia (1976) studied 
the succession of secondary structural ele- 
ments along the amino acid sequence. In- 
tuitively, they grouped the proteins into 
four structural classes (or folding types): 

All-a proteins having only a-helix sec- 
ondary structural elements (more than 60% 
of the residues adopt helical confonna- 
tion; no residues in P-strands) 
All+ proteins consisting mainly of (often 
antiparallel) B-strands; 
a + P proteins having independent clusters 
of a-helices and (often antiparallel) 
p-strands in the sequence 
a,@ proteins with mixed (often alternat- 
ing) segments of a-helix and (mostly par- 
allel) P-strands. 

Many more protein structures are 
known today, and, for an increasing num- 
ber, it is not easy to classify them in accor- 
dance with the definitions of Levitt and 
Chothia (1976). For example, both the 
acylphosphatase, PDB entry lAPS (Pastore 
et al., 1992), and the B chain of the regu- 
latory domain of the aspartate carbamoyl- 
transferase, PDB entry 8ATC (Stevens 
et al., 1990), have a two-layered structure 
consisting of an antiparallel P-sheet and 
two parallel a-helices (Figure 5) .  The ex- 
istence of an antiparallel sheet is character- 
istic for a+ P structures. However, a more 
detailed investigation of the structures re- 
veals a high degree of secondary structural 
alternation PaPPaP and a doublet of the 
Pap motif, both observations pointing to 

Nevertheless, the concept of structural 
class, based on the secondary structural 
content of the protein and the directionality 
of P-strands, is very useful from the ex- 
perimental as well as the theoretical point 
of view. 

class a@. 
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The folding type of a protein can be 
directly determined by relatively simple 
spectroscopic methods. With a sufficient 
quantity of the protein available, circular 
dichroism (CD) spectroscopy in the W 
absorption range can be used to obtain re- 
liable measures of secondary structure con- 
tent, especially for a-helices, but also for 
parallel and antipardel P-strands (Johnson, 
Jr. 1990; Perczel et al., 1991; Sreerama 
and Woody, 1994). Similar information can 
be obtained from IR Raman spectroscopy 
(Bussian and Sander, 1989). 

Secondary structural class restrictions 
have a high impact for secondary and 
tertiary structure prediction. The accuracy 
of secondary structure prediction from 
the amino acid sequence with methods de- 
signed for all a proteins is larger than 
80% compared with maximally -70% in 
the general case (Kneller etal.,  1990; 
Muggleton et al., 1992; Muggleton et al., 
1993). The effect of knowledge of struc- 
tural class alone in improving secondary 
structure prediction is comparable with the 
use of the extra information contained in 
multiple alignments of homologous se- 
quences (Levin etal.,  1993; Rost and 
Sander, 1993). Class-dependent turn pre- 
diction is about 90% accurate (Cohen et al., 
1986; Cohen et al., 1991). The secondary 
structural class is related to various proper- 
ties of a protein such as its location in 
extra- or intracellular compartments, bio- 
logical function (being an enzyme or not), 
or the existence of disulfide bonds 
(Nishikawa and Ooi, 1982; Nishikawa 
et al., 1983a; Nishikawa et al., 1983b). 

Historically, the finding of Nishikawa 
et al. (Nishikawa and Ooi, 1982; Nishikawa 
et al., 1983a) that structural classes of pro- 
teins correlate strongly with amino acid 
composition marked the onset of algorithm 
developments aimed at predicting the struc- 

tural class of a protein from the amino acid 
sequence alone. The basic characteristics 
of the various methods are 

1. The selection of a learning set of pro- 
tein structures and their classification 
into folding types (Section III.D.2) 
The proposal of a criterion taken from 
the primary structure to recognize the 
structural class of a protein not con- 
tained in the learning set (Section 
III.D.3) 
A check of the prediction accuracy re- 
sulting from the selected classification 
criterion (Section III.D.4). 

2. 

3. 

In the following, the efficiency of different 
approaches described in literature is re- 
viewed. 

2. Folding Type Classification of 
a Learning Set of Protein 
Structures 

The learning set of structures gener- 
ally consists of proteins with non-homolo- 
gous sequences. The secondary structure 
assignments given in the Brookhaven Pro- 
tein Databank entries (Bernstein et d., 
1977; Abola etal. ,  1987) by crystallog- 
raphers might be subjective; therefore, a 
computer algorithm such as DSSP 
(Kabsch and Sander, 1983b), DEFINE 
(Richards and Kundrot, 1988), or P- 
CURVES (Sklenar e t a l . ,  1989) are 
mostly used for objectification. These 
methods have been critically reviewed 
(Colloc’h et al., 1993). 

As the set of available protein struc- 
tures has enlarged, it has become difficult 
to define quantitatively the borderlines 
between the structural classes (Richardson, 
198 1 ; Nakashima et al., 1986) as increas- 
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TABLE 1 
Definition of Secondary Structural Classes of Proteinsa 

Definition 

Class a-content &content Refs. 

All-a >15% <lo% Nishikawa and Ooi, 
All-P 40% >15% 1982 
Mixed >15% >lo% 
Irregular <15% <15% 

AII-aC a>P a<P Sheridan eta/., 
all-pc a<P a>P 1985 
ParallelC With parallel P-sheet 
Irregular With >4.5% Cys 

All-a >40% <5% Klein and DeLisi, 
all+ <lo% >30% 1986 
Mixedb 21 5% 11 5% 
Irregular a + P <20% 

AIl-ad 230% 20.15 - (a + P) Kneller eta/., 
All-Pd $1 0% 1990 
Mixedbpd >15% >5% 
Irregular All remaining proteins 

a The definitions are given in terms of secondary structural content in 
percent. 
Mixed domains are classified as dP or a + P depending on the 
existence of parallel P-sheet or a "sufficient" alternation of secondary 
structural types (Kneller etal., 1990). 
A smooth transition between a- and P-structure is considered. Mixed 
domains always contain parallel sheets. 
The authors define all regular proteins as having a minimal length. 

ingly more structures populate transition 
regions. A somewhat improved resolution 
is achieved if, in the case of large pro- 
teins, only their individual folding domains 
(sometimes within a single polypeptide 
chain) are considered (Sheridan et al., 
1985). It is clear that sufficiently large 
proteins will probably contain both a-he- 
lices, and P-sheets and, consequently, the 
sample would be biased toward mixed 
proteins. 

The quantitative criteria utilized to clas- 
sify folding types in terms of secondary 
structural content seem to a certain extent 
arbitrary (see Table 1). The criteria of 
Nishikawa etal. (1983b) are most often 
used. Many authors merge the two mixed 
classes with CD and p-structure into one. 
Sometimes, a fifth class of irregular pro- 
teins is added that is comprised mainly of 
small proteins ( 4 0 0  residues) with a low 
content of both a-helix and P-sheet and 
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with many disulfide bridges and/or metal 
ion-mediated links. Further research in this 
area should apply cluster analysis to justify 
the presently accepted classification. It 
would also be useful to study the criterion 
of alternation frequency of a- and p-struc- 
ture along the sequence to distinguish be- 
tween a+ p and o# folding types instead 
of reliance on the existence of parallel 
P-sheet. 

3. Criteria for Folding Type 
Recognition from Amino Acid 
Sequence 

In addition to differences in amino 
acid composition, it might be expected 
that certain patterns of hydrophobic 
amino acids could have predictive power 
to distinguish structural classes. Studies 
of such patterns include the occurrences 
of hydrophobic and hydrophilic stretches 
of 4 or more amino acids (Sheridan et al., 
1985), the periodicity of hydrophobic 
residues in amphiphatic a- and p-struc- 
ture (Klein and DeLisi, 1986; Klein, 
1986; Metfessel e ta l . ,  1993), and the 
hydrophobic moment vector for a subse- 
quence window over which helical or 
extended structure is assumed (Sheridan 
et al., 1985; Klein and DeLisi, 1986). In 
only two reports is the effect of inclusion 
of pattern search into the prediction al- 
gorithm investigated (Klein, 1986; 
Kneller et al., 1990), both concluding that 
simple hydrophobic patterns add almost 
nothing in prediction accuracy compared 
with the criterion of amino acid compo- 
sition alone. 

Busetta and Barans (1 982; 1984) clas- 
sify proteins into structural classes with 

a function based on amino acid second- 
ary structural propensities. Interestingly, 
different scales for parallel and antipar- 
allel sheets have been used. The predic- 
tion accuracy of their method is low, 
suffering from the same deficiencies as 
propensity-based secondary structure pre- 
dictions (see Section II1.B). 

Having for each protein a vector of 
attributes such as the fraction of each 
amino acid type or the frequency of pat- 
tern occurrence, the structural class can 
be represented by a cloud of points in a 
multidimensional attribute space. A new 
protein sequence could be assigned to a 
folding type according to the shortest dis- 
tance from its attribute vector to the cen- 
ter of the cloud. Early approaches follow 
this immediate idea with Euclidean 
(Nakashima et al., 1986) or Minkowski’s 
(Chou, 1989) distance definitions and 
achieve a prediction accuracy in the range 
of 70 to 80%. Two authors published 
three papers only to show that instead of 
Euclidean distance, the maximal compo- 
nent of the attribute vector along the vec- 
tors pointing to the cloud centers (Zhang 
and Chou, 1992b) the smallest angle be- 
tween two of these vectors (Chou and 
Zhang, 1993), or the correlation coeffi- 
cient for such a pair of vectors (Chou and 
Zhang, 1992) may be used. It is not sur- 
prising that the prediction accuracy does 
not change significantly because of the 
mathematical equivalence of all four ap- 
proaches. In another paper by the same 
authors, it was demonstrated that, assum- 
ing a normal distribution of points around 
the center of the structural class (more 
generally a multidimensional spherical 
density distribution), Euclidean metrics 
resulted in better predictions than 
Minkowski’s distance definition (Zhang 
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and Chou, 1992a); indeed, the latter is 
more suitable for polyhedral geometry. 
The cloud can be even better approxi- 
mated by a multidimensional ellipsoid 
that takes into account the relative size 
and shape of the point distribution. In 
this technique, the distance to the new 
sequence attribute point is scaled in ac- 
cordance with each of the main axes of 
the hyperellipsoid (Ma0 et al., 1994). In 
an earlier work (Genfa et al., 1992), 
weighting coefficients for the fraction of 
each amino acid type were computed by 
a linear programming procedure. This 
approach is essentially equivalent to the 
hyperellipsoidal scaling of the distance 
(Ma0 et al., 1994), if the ellipsoid main 
axes are fixed to the coordinate axes of 
the attribute space. The similar effective- 
ness of both methods implies that corre- 
lations between the fractions of different 
amino acid types do not greatly influ- 
ence the structural class prediction. The 
distribution of the cloud in the attribute 
space can also be taken into account by 
defining a potential of attraction to each 
of its points (Sheridan et al., 1985). 

In contrast to the relatively simple 
analytical methods just described, more 
complicated approaches such as statisti- 
cal discriminant analysis (Klein and 
DeLisi, 1986; Klein, 1986) or different 
types of neural networks (Metfessel et al., 
1993) have been applied to the structural 
class prediction problem. Also, the sec- 
ondary structural content (Muskal and 
Kim, 1992; Pancoska etal.,  1992; Rost 
and Sander, 1994a) was estimated with a 
neural network using amino acid compo- 
sition data as input. Nonetheless, the pre- 
diction accuracy for the structural class 
achieved with these techniques is not 
better (and sometimes even lower) than 

that of the analytical methods. In the case 
of neural networks, the computational 
costs for training the network is consid- 
erable. It is also scientifically disappoint- 
ing that no physical explanation for the 
possible prediction success is afforded 
by the latter technique. 

The dipeptide composition, rather 
than the amino acid composition, was 
used as input to neural networks for pre- 
diction of structural class combined with 
folding motif prediction (out of 45 vari- 
ants) in a hierarchical way (Reczko er al. , 
1994; Reczko and Bob,  1994). The pre- 
diction accuracy was reported to be en- 
hanced compared with pure structural 
class prediction. This effect might be 
explained by the fact that, in the latter 
method, the query sequence is compared 
with several specific fold patterns memo- 
rized in the neural net compared with 
direct approaches in which the neural nets 
store only a single, less detailed struc- 
tural class pattern. 

4. Accuracy of Structural Class 
Prediction 

The prediction accuracies reported by 
different authors vary from 40 to 100% 
and are difficult to compare. The predic- 
tion success depends on the size and se- 
lection of members in the learning set 
and of the test set of structures. Klein 
(1986) notes that his method “generally” 
assigns the structural class correctly with 
a probability of 8396, while, for a set of 
27 unseen examples, only 63% of the 
predictions were free from error. Both 
the learning set and the test set should 
contain as many structurally unrelated 
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protein domains as possible to be sure 
that the sparsely populated regions of the 
attribute space are comprehensively 
checked. The structure selections may 
also be biased by the fact that certain 
groups of proteins do not readily crystal- 
lize. Given the results of different re- 
searchers, a modem algorithm for struc- 
tural class prediction has a prediction 
accuracy of more than 80% for a- and 
P-type proteins and of more than 70% for 
a+ and alp-classes (Genfa et al., 1992; 
Metfessel et al., 1993; Mao et al., 1994). 
Currently, the cloud approximation by a 
multidimensional ellipsoid (Mao et al., 
1994) is the method of choice given its 
high prediction accuracy of about 96% for 
a 132 protein set (Nakashima et al., 1986) 
and algorithmic simplicity. 

Structural class prediction techniques 
have been applied to a set of 1490 human 
protein sequences (Chou and Zhang, 1993). 
The authors predict mixed proteins, espe- 
cially proteins, to predominate in the 
set of human proteins. This result may be 
biased not only by the fact that mostly 
enzymes have been sequenced but also by 
the aforementioned note that if large pro- 
teins are not divided into domains the 
sample is expected to overrepresent mixed 
structures. 

It must be emphasized that the distri- 
butions of the five folding classes (all a, all 
p, a + p, alp, and 6)  are not well separated 
in amino acid composition space, but show 
a considerable overlap. Although additional 
independent parameters other than sequence 
composition could increase discrimination, 
the overlap may indicate that transitions 
between structural classes are not abrupt 
and that the folding type is determined only 
by a more complete set of sequence prop- 
erties and environmental conditions, at least 
for some sequences. In conclusion, the 

classification in accordance with the tra- 
ditional five structural classes might also 
not be optimal. Several authors (Holm 
et a/ . ,  1992; Orengo et al., 1993) who at- 
tempted to achieve complete family clas- 
sifications for presently known sequences 
had serious difficulties in distinguishing 
the two mixed structural classes from each 
other and from the other two classes con- 
taining mainly one type of secondary struc- 
ture. A possibly complete enumeration of 
packing variants for secondary structural 
elements has been published by Efimov 
(Efimov, 1994). 

IV. PREDICTION OF TERTIARY 
STRUCTURE 

A. Computation of Tertiary 
Structure with Molecular- 
Mechanical Methods Based on 
Fundamental Physical 
Principles 

1. The Hypothesis on the Native 
Structure as a Minimum of Free 
Energy 

The fundamental physical approach to 
the protein folding problem (predicting the 
tertiary fold from the amino acid sequence 
alone) is, based on the assumption that the 
native protein structure corresponds to a 
system at thermodynamic equilibrium with 
a minimum of free energy. I n  vitro renatur- 
ation experiments strongly support this view 
(Anfinsen, 1973; Creighton, 1992) because 
they imply that the complete information 
necessary for protein folding is contained 
in the amino acid sequence, Therefore, it 
would be sufficient to compute an ensemble 
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of conformations representative for the state 
of lowest free energy. The confoxmational 
invariants of this ensemble (e.g., the densely 
packed protein core) are the characteristics 
of the native structure. In a more simplified 
approach, a unique conformation with the 
lowest sum of intramolecular potential en- 
ergy, conformational entropy term, and 
solvation-fiee energy is considered to rep- 
resent the native state (Sali et al., 1994). 

Recently, the important role of biologi- 
cal factors such as the peptidyl-prolyl- 
isomerase, disulfide isomerase, and mo- 
lecular chaperonins in controlling the 
kinetics of protein folding and subunit as- 
sembly has been discovered (Gething and 
Sambrook, 1992; Had, 1994). Being simi- 
lar to enzymes in their mode of action, 
these proteins reduce energetic barriers of 
conformational transitions and protect fold- 
ing intermediates from aggregation. Al- 
though proteins that assist folding might be 
considered as a source of external informa- 
tion, at the moment, this experimental evi- 
dence does not force rejection of the hy- 
pothesis in which the native state is a free 
energy minimum of the system “protein- 
solvent environment”. 

It was demonstrated that the computa- 
tional problem of finding the lowest en- 
ergy conformation of a polypeptide chain 
from an energy function containing pairwise 
terms and possibly other expressions is NP- 
complete (Ngo and Marks, 1992; Unger 
and Moult, 1994; Fraenkel, 1993). The 
contention of Levinthal (1968) that pro- 
teins search only a tiny fraction of the con- 
formational space and move into the low- 
est kinetically accessible free energy 
minimum appears much more likely in this 
context. First, experimental evidence in 
support of this view has been provided 
recently. The a-lytic protease was shown 
to exist in two forms: an inactive, meta- 

stable intermediate and an active native 
structure. Both conformations are separated 
by a barrier with activation energy of about 
27 kcal/mol. A catalyst that is normally 
covalently attached to the protein is neces- 
sary  to complete folding of the intermedi- 
ate “molten globule”, a less compact state 
compared with the native conformation 
(Baker et al., 1992a; Baker et al., 1992b). 
Metabolic energy was found to be neces- 
sary  for accurate folding, for correct disul- 
fide bond formation and for maintaining 
influenza hemagglutinin in its oligomer- 
ization-competent state (Braakman et al., 
1992). In the case of serpins, a metastable 
kinetically trapped five-stranded P-sheet 
conformation was found that only slowly 
rearranges to the native six-stranded form 
(Mottonen et al., 1992). 

To rescue the idea that native struc- 
tures reach free energy minima, evolution- 
ary arguments (Abagyan, 1993; Unger and 
Moult, 1994) are taken into consideration. 
In accordance with the “weak thermody- 
namic” hypothesis of Unger and Moult 
(1994), an originally functional structure 
of a protein corresponding to a local mini- 
mum will drift toward the global free en- 
ergy minimum due to the combined effect 
of random mutations and the constant se- 
lective pressure of evolution. Hiding the 
native structure behind a large energy bar- 
rier may also be a sophisticated variant of 
enzyme activity regulation. A recently pub- 
lished opinion states that only those se- 
quences fold into unique conformations, 
fold fast and fold via the all-or-none tran- 
sition (with the release of substantial latent 
heat) that have a pronounced energy mini- 
mum that is sufficiently distinguished from 
all other conformational states in the en- 
ergy spectrum (Sali etal. ,  1994). The en- 
ergy landscape for folding sequences might 
have guiding forces (“the folding funnel”) 
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that avoid the Levinthal paradox (Leopold 
et al., 1992; Gulukota and Wolynes, 1994). 

In conclusion, the search for low-en- 
ergy conformations of polypeptide chains 
is st i l l  a promising plan for prediction of 3- 
D structure and function. The attempt to 
calculate the native structure from an ex- 
tended polypeptide conformation is often 
called ab initio folding. Two prerequisites 
for this approach are necessary: 

Both aspects are considered separately in 
the following sections. Although 3 decades 
of enormous scientific efforts have been 
concentrated on the protein folding prob- 
lem, a complete solution to compute the 
structure from sequence is not yet in sight. 

2. The MOkUh’-hdeChanjCa/ 
Energy Function 

An energy function for discriminating the 
native fold from other conformations 
A procedure for efficient searching of the 
conformational space 

Conformational analysis in organic 
chemistry has a qumtum-chemical d k c -  
tion and a molecular-mechanical branch. 

TABLE 2 
Components of the Energy in the System “ProteinSolvent 
Environment” 

Intramolecular energy (in vacuo) 
Covalent terms 

Closure and disruption of chemical bonds 
(e.g., disulfide bonds) 

Strain in chemical structure 
Bond stretching 
Valence angle bending 

9 Improper (plane) torsions 
Proper (dihedral) torsions 

Nonvalent terms 
Pairwise terms 

van der Waals interactions 
Hydrogen bond energy 
Coulomb electrostatics of atomic charges and dipoles 

Conformational entropy term 
Main chain conformational entropy 
Side chain conformational entropy 

Solvation energy 
Long-range part 

Short-range part 

Volume-related term 
Polarization of various dielectric media due to protein charges 

Surface-related term 
Cavity formation 

9 Solvent structure changes near the surface of the solute 
Solute-solvent dispersion interactions 
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Inasmuch as typical problems in protein 
structure involve many hundreds or even 
thousands of atoms, only molecular-me- 
chanical methods with further simplifica- 
tions are applicable. At the same time, one 
has to be aware of the severe approxima- 
tions necessary for macromolecular simu- 
lations that make some calculated struc- 
tural details unreliable (Brooks et al., 1983). 

To date, the molecular-mechanical en- 
ergy function is considered to be a sum of 
several terms (see Table 2). The in vucuo 
energy components have been modeled 
in various atomic force fields such as 
ECEPP (Nemethy etal., 1983; Nemethy 
et al., 1992), GROMOS (van Gunsteren 
and Berendsen, 1977; van Gunsteren and 
Berendsen, 1990), CHARMM (Brooks 
et al., 1983), AMBER (Weiner et al., 1986), 
DISCOVER (Dauber-Osguthorpe et al., 
1988) and the rigid geometry model of 
Robson and Platt (1986). The force fields 
are consistent only as a whole such that 
individual terms cannot be interchanged as 
the interactions parameters are fitted to 
describe implicitly also cross-terms of the 
covalent energy and many-body effects. 
The applicability and the limitations of these 
force fields have been discussed repeat- 
edly (Roterman etal., 1989a; Roterman 
etal., 1989b; Kollrpan and Dill, 1991; 
Gibson and Scheraga, 1991; Veenstra et al., 
1992; Aleman and Oroczo, 1992). The 
polarization energy, hydrogen bonds, and 
the entropic terms of the free energy are 
especially poorly modeled. 

The calculation of variations in cova- 
lent energy and of the van der Waals en- 
ergy is relatively easy and accurate. These 
components of energy can be relatively 
reliably determined in contrast to the other 
contributions that are related to electro- 
static energy or entropy. Therefore, many 
studies estimate only the former terms. It is 

controversial as to whether anharmonic and 
bondangle cross terms should be added to 
Hooke’s law in the formuIas for bond 
stretching and valence angle bending 
(Oroczo and Luque, 1993; Maple etal., 
1994) in macromolecular simulations. 

Quantum mechanical results imply 
Buckingham’s potential as the functional 
form for van der Waals interactions, 
namely, 

E(T) = Ae-% - -6 C D  - 7 
r r  

where T is the distance between two atoms 
and A, B, C, and D are fitted parameters. 
Due to computational efficiency, the 
Lenard-Jones 1 2 4  potential is used in 
which the exponential term is substituted 
with A’/?’’ and the final term describing 
dipolequadrupole interactions is omitted. 
The stiffness of the Lenard-Jones potential 
over small distances is often a source of 
computational artefacts and problems, 
therefore, polynoms in i approximating the 
potential function over the necessary range 
of distances but having a finite value at 
zero distance are sometimes preferred 
(Gibson et al., 1993). 

The non-electrostatic component of a 
hydrogen bond can be estimated with the 
Lippincott-Schroeder potential functions 
(Schroll etal.,  1991). In the packages 
ECEPP, AMBER, CHARMM, etc., 12-10 
potentials are in use because of computa- 
tional efficiency. Lavery et al. (1986) have 
proposed only linear hydrogen bonds be 
described with the 12-10 potential, while 
the 12-6 potential be used for non-hydro- 
gen bonding interaction between acceptors 
and donors. The smooth transition between 
both regimes is achieved with switching 
function containing the cosinus of the angle 
a describing the linearity of the hydrogen 
bond 
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The solvation energy of the protein con- 
sists of short- and long-range components 
(Still etal. ,  1990; Cramer and Truhlar, 
1992), namely, the polarization term and 
the energy contribution of cavity forma- 
tion, solute-solvent dispersion interaction, 
and solvent structure changes resulting fiom 
the introduction of the solute into the sol- 
vent (Table 2). Experimental evidence from 
saturated hydrocarbons shows that the lat- 
ter energy component is linearly related to 
the solvent-accessible surface area. 

As reviewed by Eisenhaber et al. 
(1995), the fast and accurate calculation of 
the solvent-accessible surface area has been 
a serious stumbling block for a long time. 
Presently, two very efficient and accurate 
algorithms ASC (Eisenhaber and Argos, 
1993) and NSC (Eisenhaber et al., 1995) 
for analytical and numerical surface calcu- 
lation, respectively, represent a sigruficant 
advance. The program ASC implements 
intersection circle tests that reduce the di- 
mensionality of the computation task. A 
built-in mechanism based on integer com- 
parisons removes singularities resulting 
from multiple intersections of spheres. 
NSC, a variant of the dot sphere technique 
of Shrake and Rupley (1973) with spatially 
ordered dots, allows almost interactive sur- 
face calculation for proteins with about 
1OOO non-hydrogen atoms, even on a single 
processor workstation. 

As first approximation, the energy 
weight for the surface-related part of the 
solvation energy does not depend on atom 
type and is in the range of 10 to 30 
cal/(mole - A2) (Reynolds et al., 1974; 
Ekenberg and McLachlan, 1986; Still et al., 
1990). For energy minimization, the ana- 
lytical derivatives of the analytically cal- 
culated surface are available in Descartes’ 

(Richmond, 1984; von Freyberg and Braun, 
1993) and internal coordinates (ASC). For 
Monte Car10 searches, the faster numerical 
surface computation technique NSC is pref- 
erable (Eisenhaber et al., 1994). 

The electrostatic energy of the protein 
in homogeneous medium can be easily 
calculated with Coulomb’s law; however, 
in practice, it is much more difficult. The 
protein charges are embedded into the low 
dielectric protein interior, which itself is 
polarizable and which is surrounded by 
highly polarizable solvent (water) and, 
maybe, salt ions. Solvation also influences 
the electrostatic component of intramolecu- 
lar hydrogen bond interactions. Therefore, 
the hydrogen bond energies appear very 
much overestimated in force fields cur- 
rently used. An example has been given by 
Nagy et al. (1994). 

In principle, the solution of the Pois- 
son-Boltzmann equation for a very com- 
plex shape geometry (Harvey, 1989; Davis 
and McCammon, 1990; Juffer et al., 1991) 
is required to calculate the protein electro- 
static energy and the polarization part of 
the solvation energy. Even with recent 
improvements in the speed and accuracy of 
potential calculations (Oberoi and Allewell, 
1993; Holst and Saied, 1993; Holst et al., 
1994q Holst et al., 1994b). the direct nu- 
merical solution of this differential equa- 
tion is far too computer-time demanding 
for conformational analysis as well as the 
discretization of the solvent in form of in- 
dividual solvent molecules (Levitt and 
Sharon, 1988) or dipoles (Warshel and 
Aqvist, 1991; Lee et a/., 1993). In the latter 
cases, the parametrization of water mol- 
ecules (geometry, charges, dipoles, and 
polarizabilities) poses additional problems. 

The Poisson-Boltzmann equation can 
be solved analytically for spherical geom- 
etries. The spherical image method is a 
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computationally fast approximation to this 
solution. Many methods have been devel- 
oped relying on the assumption that the 
protein geometry does not differ much from 
the symmetry of a sphere (Tanford and 
Kirkwood, 1957; Friedman, 1975; Mat- 
thew, 1985; Karshikov et a l . ,  1989; 
Schaefer and Frommel, 1990; Wallqvist, 
1993). Only the MIMEL technique of 
Abagyan and Totrov (1994) appears to be 
applicable for direct use in macromolecu- 
lar simulations. Of course, the spherical 
approximations break down in the case of 
large confonnational changes, partly un- 
folded states, and rod-like proteins. 

Approaches relying on distance-depen- 
dent dielectric permittivities, albeit their 
lack of physical justification, are still more 
reasonable than the simple Coulomb’s for- 
mula and are in use widely. The various 
functional forms have been reviewed by 
Mehler and Solmajer (199 1). Unfomately, 
all dielectric models cannot estimate the 
self-energy of charges. This is not signifi- 
cant if the energy function is applied to 
structure refinement. For large confonna- 
tional changes, the self-energy is very im- 
portant. The FIESTA approach to solve the 
Poisson-Boltzmann equation in an approxi- 
mate form by the placement of virtual di- 
poles and charges at the coordinates of real 
and virtual atoms (i-e., into the molecular 
volume; as a result, the remaining volume 
may be not explicitly considered in the 
calculation) looks promising because it 
combines physical justification with fast 
calculation (Sklenar et al., 1990). The au- 
thors also demonstrated that the electro- 
static energy cannot simply be represented 
as a sum of pairwise atom function be- 
cause terms involving the interaction of 
two protein charges with volume elements 
of third atoms are not negligible. For ex- 
ample, there is always a repulsive force 

between a low dielectric volume (e.g., a 
methyl group) and any charge. This force 
decays in a first approximation as l/T4. 
The virtual source technique as described 
by Sklenar et al. (1990) uses quite crude 
approximations for calculating volume 
overlap and field strength in the case of 
nearby atoms (e.g., in hydrogen bonds). 
Recently, new ways of solving this prob- 
lem have been reported (Vorobyev et al., 
1992; Davis, 1994). The virtual source tech- 
nique has been applied successfully to cal- 
culate transfer energies of nucleic acid bases 
(Sklenar et al., 1990), the azurin pK, shifts 
and the field around superoxide dismutase 
(Davis, 1994). 

The strong dependency of the electro- 
static computations on atom radii and 
sources (atom charges, dipoles, etc.) is of 
serious concern. Perhaps, an optimization 
of these parameters together with the other 
force field parameters could solve the prob- 
lem, although the independence of the ra- 
dii and the sources (atom charges and di- 
poles) on conformation has to be justified. 

The difficulties in calculating the po- 
larization term of solvation stimulated at- 
tempts to combine both components of the 
solvation energy E into a single function 
involving atomic accessibilities (Eisenberg 
and McLachlan, 1986; Ooi etal.,  1987; 
Vila et al., 1991; Wesson and Eisenberg, 
1992): 

E = o i A i  
i 7 

where the products of atomic solvent-ac- 
cessible surface A, and atom-specific sur- 
face energy weight oi is summed over all 
atoms i. This approach may appear con- 
vincing because most charged groups are 
exposed anyway and their self-energy might 
be computable with their accessibility. The 
attempt to use such a surface-based func- 
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tion together with an in vacm force field 
and to fit appropriately the surface energy 
weights has led to contradictory results 
(Schffer et al., 1992; von Freyberg et al., 
1993; Schiffer et al., 1993). Not surpris- 
ingly, von Freyberg etal.  (1993) had the 
best structure refinement results for BFTI 
and the a-amylase inhibitor tendamistat 
(compared with the native structure) if the 
ECEPP energy was considered in combi- 
nation with the total or apolar surface with- 
out differentiation of energy weights with 
respect to atom types. This result can only 
be interpreted in the way that the polariza- 
tion part of the solvation energy (Table 2) 
cannot be described by a surface energy 
function. 

To date, the entropic contributions to 
the free energy from the protein molecule 
itself (probabilities of different conforma- 
tions of the molecule or its substructural 
elements) are rarely considered. Yet the 
enthalpic and entropic contributions on 
burying atomic groups are of similar mag- 
nitude at room temperature. For example, 
the exposure of one methylene group to 
solvent costs about 1 kcal/mol as reported 
by different authors (Reynolds et al., 1974; 
Tunon et al., 1992). At the same time, the 
entropic gain from the flexibility of one 
aliphatic bond is - a 3  = -0.66 kcaUmo1 
(Finkelstein and Janin, 1989; Abagyan, 
1993), where R is the gas constant. The 
entropy change of the main chain is con- 
siderable for large conformational varia- 
tions (Karplus etal.,  1987), especially if 
disulfide bonds are closed or removed 
(Zhang et al., 1994). 

A major effect on the energetics of 
protein folding is the loss of conforma- 
tional entropy of side chains with respect 
to the unfolded state. Estimates for the 
change in entropy have been obtained from 

statistics of side chain conformations in the 
Brookhaven Protein Databank (Pickett and 
Sternberg, 1993; Blaber et al . ,  1993; 
Abagyan and Totrov, 1994; Blaber et al., 
1994), from the amino acid fusion energies 
(Stemberg and Chickos, 1994), from Monte 
Car10 simulations of conformational en- 
sembles (Creamer and Rose, 1992; Creamer 
and Rose, 1994), and from energy maps 
(Lee et al., 1994). The latter authors calcu- 
late the side chain entropy as the sum of 
two terms, one representing the rotamer 
distribution and the other estimating har- 
monic oscillations inside a given energy 
well. The different entropy scales are gen- 
erally in reasonable agreement except for 
a few errors in accounting.for symmetri- 
cal conformations (Lee et al., 1994). Fur- 
ther improvement of the side chain en- 
tropy scales may require differentiation in 
(repetitive) main 'chain conformations 
(Schrauber et al.,  1993; Lee et al., 1994). 
A first attempt to incorporate the side chain 
entropy as a function of the accessibility 
of the tip atom was described by Abagyan 
and Totrov (1994). 

Because the energy function must be 
evaluated many times for searching the 
conformational space of proteins (for rough 
orientation, 106-109 times), the computa- 
tional cost of one evaluation must be re- 
duced to a minimum. Fast processors and 
massive parallelization are only useful if 
the procedure of energy calculation itself is 
tuned for optimal performance in every 
detail. There are efficient hierarchical al- 
gorithms, tree codes, and fast summation 
techniques for pairwise interactions devel- 
oped in astronomy, fluid dynamics, and 
other areas of physics (Greengard, 1994). 
Neighbor list computation (Yip and Elber, 
1989) may be improved by clustering near 
atoms into chemical groups (atoms con- 
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nected via a small number of chemical 
bonds) or spatial groups (atoms in one grid 
cell of a space lattice). Numerical surface 
calculations were drastically sped up by 
tabulating spatially ordered points of dot 
spheres and by neighbor list calculations 
with the help of a cubic grid (Eisenhaber 
etal., 1995). Much remains to be done to 
achieve further increase in efficiency for 
molecular energy calculations. 

3. Methods for Searching the 
Conformation Space 

The conformational space, even for a 
small protein, is of very high dimensional- 
ity such that the determination of low-en- 
ergy conformations presents a big chal- 
lenge. The complex form of the potential 
function containing both repulsive and at- 
tractive terms centered at many atomic 
positions is directly responsible for the 
roughness of the energy hypersurface and 
the existence of multiple local minima. The 
number of local energy minima R is be- 
lieved to increase exponentially with the 
number of residues N as 

n = b N  

where b is in the range of 10 (Head-Gor- 
don et al., 1991). The following approaches 
to the search problem have been applied: 

1. 

2. 

3. 

4. 

Complete enumerations of conforma- 
tions 
Build-up techniques from building 
blocks 
Deterministic methods of global opti- 
mization 
Stochastic searches (Monte Carlo meth- 
ods, genetic algorithms) 

5.  Integration of Newton’s equations of 
motion (molecular dynamics) 

Complete enumerations are only ap- 
plicable in a special context restricting 
the task to the consideration of only a 
small subspace of conformations. For 
example, a few side chains have to be 
altered in an otherwise homologous pro- 
tein structure or a backbone has to be 
reconstructed from a-carbon positions. 
Efficient enumeration strategies for these 
purposes are implemented in the pack- 
age CONGEN (Bruccoleri, 1993). A dras- 
tic reduction of the conformation space 
is also achieved in lattice models that 
allows checking of alI available confor- 
mations for medium-sized polypeptide 
chains (Finkelstein and Reva, 1991). 
Lattice techniques will be discussed in 
more detail below (Section lV.A.4). 

Build-up techniques or fragment-based 
approaches represent the global conforma- 
tion of a protein as a combination of low- 
energy conformations of oligopeptide seg- 
ments. Non-local interactions are assumed 
to be dominated by local ones and to intro- 
duce only little strain in local substruc- 
tures. These approaches are very attractive 
as the difficulties involving the exponen- 
tial growth of conformational space with 
the number of degrees of freedom are by- 
passed (Vasquez and Scheraga, 1985; Vajda 
and DeLisi, 1990; Sippl, 1990, Simon et al., 
1991). For example, Sippl(l990) attempts 
to enumerate all lowenergy conformations 
for pentapeptides that could be combined 
at a later stage in a stochastic way to form 
polypeptide conformations. The physical 
reality is more complex. It is known that 
oligopeptides with an identical sequence 
can have many different conformations in 
proteins ranging from extended to helical 
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states (Kabsch and Sander, 1984; Argos, 
1987; Zhong and Johnson, Jr. 1992; Cohen 
etal., 1993) depending on the structural 
context. Even taking into account an aver- 
age energy width of only 2 kcal/mol per 
residue, which is not much, the enormous 
number of all configurations of a pentapep- 
tide differing from the optimal state by less 
10 kcal/mol has to be considered. The in- 
accuracy of the energy function can further 
increase the number of oligopeptide con- 
formations because false positively evalu- 
ated conformations are not rejected. 

Deterministic methods for global opti- 
mization achieve a flattening of the poten- 
tial energy hypersurface so that roughness 
is reduced and many local minima disap- 
pear. The basic tenet is the averaging of the 
potential over a suitably wide range to 
achieve a smoother potential function. Pro- 
tocols based on Schroedinger’s (Samorjai, 
1991; Olszewsky et al., 1992) and the dif- 
fusion equations (Piela et al . ,  1989; 
Kostrowicki and Scheraga, 1992; Shallo- 
way, 1992) have been developed. Both 
approaches have bottlenecks and it is not 
obvious how to remove them. In the frrst 
case, the problem of the basis set arises, 
but it may be softened by a mean field 
approximation. In the second approach, the 
relationship between the global minimum 
of the smoothed function and of the real 
energy cannot be resolved easily. Also, the 
treatment of complicated energy terms as 
solvation is currently impossible with these 
methods. Deterministic global optimization 
has been applied successfully to simple 
molecules such as terminally blocked ala- 
nine and Met-enkephalin (Kostrowicki and 
Scheraga, 1992). The computation time was 
two orders of magnitude smaller than for 
special Monte Carlo search techniques. The 
regulation of the degree of hypersurface 

smoothing by a neural network has been 
applied successfully to the folding of 
mellitin (Head-Gordon et al., 199 1; Head- 
Gordon and Stillinger, 1993). 

Monte Carlo searches are a powerful 
stochastic tool for searching low-energy 
conformations because large jumps in the 
conformational space are possible and the 
search can be continued outside the con- 
vergence intervals of local minima. A 
Markov chain of conformations is gener- 
ated that represent a walk through the con- 
formational space. The matrix of transition 
probabilities can be adjusted to sample 
conformations of special interest. For ex- 
ample, a newly generated conformation 
i + 1 can be accepted as a continuation 
of a Markov chain following the confor- 
mation i if its energy is smaller than the 
previous energy or if a randomly chosen 
number in the intend [0,1] is smaller than 
the Boltzmann probability of transition 
exp(-AEET), where AE is the energy dif- 
ference of conformations i + 1 and i and 
RT is the product of gas constant and abso- 
lute temperature (Metropolis et al., 1953). 
In this case, the ensemble of conforma- 
tions represented by a large Markov chain 
at constant temperature is equivalent to the 
trajectory of a long molecular dynamics 
run without successive time-ordered con- 
formations (ergodic theorem). The en- 
semble can be used to calculate the parti- 
tion function Z in regions of conformational 
space visited with high probability by 

z=j . . . j  exp(F)d{i} -E(i) 

(E is the conformational energy, 7 is the 
set of coordinate vectors, and RT is the 
product of gas constant and absolute tem- 
perature) and to estimate directly free ener- 
gies (Paine and Scheraga, 1987). 
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To perform classic ensemble-oriented 
Monte Carlo simulation in other than Car- 
tesian coordinates (e.g., in internal coordi- 
nates), an even search in all coordinate 
dimensions has to be ensured. In the present 
example, it is not obvious how to appropri- 
ately weigh different rotations and transla- 
tions against each other. 

In simple searches for low-energy con- 
formations, modifications of the corollary 
Monte Carlo algorithm are more efficient 
and many procedural restrictions (e.g., the 
demand of even sampling of each coordi- 
nate direction and the fixation of the tran- 
sition probabilities to Boltzmann values) 
can be bypassed. After each random alter- 
ation of the preceding conformation i, the 
resulting conformation i + 1 can be sub- 
jected to energy minimization to move to 
the closest local minimum (Li and Scheraga, 
1987). This method is especially efficient 
if analytical gradients of the energy func- 
tion are available and, therefore, the com- 
putational costs of finding the local mini- 
mum are relatively low. The MCM method 
combining Monte Carlo search and energy 
rmntrmzation can be considered as a real step 
forward as this technique allowed, for the 
first time, to locate reproducibly the low- 
energy conformations of enkephalin over 
fewer than a million energy evaluations. 
Other alternatives are Monte Carlo proce- 
dures starting in a high-dimensional coor- 
dinate space that is gradually pro-jected to 
three dimensions (Purisima and Scheraga, 
1987), with successively lowering of an 
initially high-temperature and/or progres- 
sive decrease in Monte Carlo step size 
(Wilson and Cui, 1990; Okarnoto, 1994). 
In the electrostatically driven Monte Carlo 
procedure, a fast independent energy mini- 
mization of the peptide dipole interactions 
(in the form of iterative orientation optimi- 

. .  . 

zations of individual dipoles in the field of 
all charges) is included in each step (Ripoll 
et al., 1991). The influence of the Monte 
Carlo protocol on the efficiency of finding 
all low-energy conformations for a small 
peptide has been studied in detail (Nayeem 
eral., 1991; Abagyan and Argos, 1992). 
Because the probability of steric clash with 
Monte Carlo steps in internal coordinates 
is quite large, biased jumps into regions of 
sterically allowed combinations of dihe- 
dral angles can drastically improve perfor- 
mance (Lambert and Scheraga, 1989; 
Bascle et al., 1993; Abagyan and Totrov, 
1994). Other attempts have been based on 
the covariance matrix of atomic movements 
(Vanderbilt and Louie, 1984; Noguti and 
Go, 1985; Shin and Jhon, 1991) that can 
reveal collective motions for particular 
subsets of atoms. Bouzida er al. (1 992) have 
exploited relations between acceptance rate 
and step size to determine the amplitude of 
the next move. However, these methods 
make assumptions regarding the functional 
form of the energy hypersurface that ren- 
der them appropriate to local rather than to 
global conformational sampling. 

Genetic algorithms are in some way 
similar to Monte Carlo algorithms. Instead 
of the trajectory of a single conformation, 
the evolution of a population of conforma- 
tions in the conformational space is moni- 
tored. In addition to mutations that resemble 
Monte Carlo steps, exchanges of structural 
features (crossing-over) are possible to pro- 
duce new conformations of the subsequent 
generation. Therefore, once optimized sub- 
structures may be distributed throughout 
the population and accumulated in indi- 
vidual representatives. This advantage has 
to trade with higher computational expense 
due to the need of maintaining in storage a 
whole bunch of conformations and of cal- 
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culating the energy for each representative. 
Therefore, genetic algorithms are usually 
applied in context with reduced represen- 
tations of proteins and simplified energy 
functions (Dandekar and Argos, 1992; 
Unger and Moult, 1993; Sun, 1993; 
Dandekar and Argos, 1994). Genetic algo- 
rithms involve many parameters such as 
population size, number of generations, rate 
of crossing over and mutation, and the 
possibility of combination with energy 
minimization. The optimal choices influ- 
ence critically the computational burden 
(McGarrah and Judson, 1993). 

Integrating Newton’s equations of 
motion (molecular dynamics, MD) in ei- 
ther Cartesian (van Gunsteren and Berend- 
sen, 1990) or internal (Mazur et al., 1991; 
Dorofeev and Mazur, 1993) coordinates 
would be an ideal solution as the problem 
of the native structure could be solved to- 
gether with the question of the folding path- 
way. The interaction forces between atoms 
and, maybe, additional stochastic forces to 
simulate thermal noise, friction, and the 
like result in a move for each atom per time 
step, typically in the order of a few 
femtoseconds (fs). The possible time pe- 
riod that can be feasibly explored is deter- 
mined by the time step size and the number 
of time steps. The upper limit of the time 
step size is set by 1/15 of the highest- 
frequency vibration modes of atomic move- 
ment (Bouzida et d., 1992) defined by the 
stiffness of the energy function (Harrison, 
1993) to achieve a reasonable integration 
accuracy. The number of time steps is also 
limited by the accuracy of the numerical 
integration procedure applied (Venneri and 
Hoover, 1987; Pastor, 1991; Norman et al., 
1994; Okunbor and Skeel, 1994) because 
the numerical error of integrating Newton’s 
equations with any initial conditions ac- 

cumulates with time. Both the time step 
size and the number of time steps are, 
therefore, limited by the available com- 
puter resources for accurate integration. 
In addition to these restrictions, the simu- 
lation will increasingly depart from the 
behavior of the real system in a long-term 
run because the functional form of the 
potential used does not accurately describe 
the real energy. Therefore, MD simula- 
tions of the assembly of native structures 
that take typically 1 ms to 1 s are currently 
not feasible. 

Many attempts have aimed at enlarg- 
ing the time step size. The coordinates can 
be classified into soft (dihedral angles) and 
hard (valence bonds and angles) degrees of 
freedom depending on the potential energy 
change resulting from a small coordinate 
shift. Fixing the hard degrees of freedom 
removes some high-frequency oscillations 
and allows to increase the integration time 
step to 10 to 20 fs (Dorofeev and Mazur, 
1993; Rudnicki et al., 1994). In Cartesian 
coordinate representation, the coordinate 
constraints resulting from fixing bond 
lengths and angles result in so-called 
holonomic conditions that increase the com- 
putational costs of integrating the equa- 
tions of motions. Only for special cases is 
their analytical resolution possible (Miya- 
mot0 and Kollman, 1992). In internal 
c-oordinates, the constraining is easy be- 
cause the possibility to do it analytically 
for any combination of fixed internal vari- 
ables is an inherent property of this repre- 
sentation of the molecular geometry (Mazur 
et al., 1991; Dorofeev and Mazur, 1993). 
Combination of molecular dynamics with 
normal mode analysis is a generalization 
of the technique of fixing hard degrees of 
freedoms (Zhang and Schlick, 1993; 
Dauber-Osguthorpe and Osguthorpe, 1993). 
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For simple model systems, the time step 
could be increased up to 50 fs. The high- 
frequency motions may be removed also in 
an overdamped Langevin dynamics mode 
(Gronbech-Jensen and Doniach, 1994). The 
limits for speed-up of molecular dynamics 
simulations by increasing the time step have 
been studied empirically by Scully and 
Hermans (1993), and they advise to use 
multiple time steps for covalent, short-range 
and long-range, forces (2, 4, and 16 fs, 
respectively). 

Molecular dynamics are often used as 
refinement tools at the last stage of model 
building to relax conformational strain, for 
example, in homology modeling. Another 
application is the generation of low-energy 
conformational ensembles that comply with 
X-ray crystallographic stucture factors or 
NMR distance restraints (Briinger and 
Karplus, 1991; Gros and van Gunsteren, 
1993; Schmitz et al., 1993). The MD algo- 
rithm has also been used for estimating 
free energies of conformational transitions, 
docking events, and the like (Beveridge 
and DiCapua, 1989; Mark et al., 1991; 
Mezei, 1993). Such simulations are ex- 
tremely computing intensive (CPU weeks 
on supercomputers) and the accuracy of 
the results is only half-quantitative at best. 
Pearlman (1994) estimated that the MD 
trajectory sampling should exceed 700 ps 
to achieve free energy convergence for the 
simulation of a small organic system. 

Classic molecular dynamics are a 
mostly local search method selecting from 
a few local minima in a small region of the 
conformational space - the deepest one. 
For example, Elofsson and Nilsson (1993) 
conclude that 10 MD runs, each of 100 ps 
with different starting conformations, visit 
more regions of the conformational space 
than a single 1000 ps calculation. The ap- 

plication of MD to molecular conforma- 
tions separated by energy barriers of 3 kcal/ 
mol or more is problematic because of slow 
rates of convergence (Guamieri and Still, 
1994). Several modifications have been 
proposed to make the search strategy more 
global among which are relaxation from 
four dimensions (van Schaik et al., 1993a), 
molecular dynamics at constant or decreas- 
ing potential energy levels, the so-called 
PEACS algorithm (van Schaik et al., 1993b; 
Byme et al., 1994), temperature changes 
(van Schaik e ta l . ,  1993b), atom mass 
weighting (Ma0 and Friedman, 1990), or 
combinations with Monte Carlo jumps 
(Byrne etal., 1994; Guarnieri and Still, 
1994). At the moment, the equivalent Monte 
Carlo algorithms, especially Monte Carlo 
with energy minimization and simulated 
annealing, appear computationally cheaper 
and more efficient than the molecular dy- 
namics variant in finding low-energy con- 
formations. 

In conclusion, the multiminima prob- 
lem can be considered as solved only for 
special applications, for oligopeptides, or 
for local refinement tasks. The complete 
sampling of low energy conformations 
of medium-sized proteins is not yet in 
sight. 

4. Hierarchy of Molecular- 
Mechanical Models for Protein 
Folding 

Inasmuch as the folding simulation with 
full physical detail is extremely computa- 
tionally expensive, a variety of techniques 
and methods have been developed to sim- 
plify the task. The modifications concern 
three areas: 
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1. The energy function 
2. 

3. The search space 

The geometric representation of the mol- 
ecule 

Without leaving the level of atomic detail, 
the following approximations have been 
used. 

The number of pairwise interactions can 
be reduced by the introduction of cutoffs, 
or the neighbor lists may be not updated 
for each conformational change. Switch- 
ing functions can be applied to scale such 
interactions gracefully to zero. These ap- 
proximations are applicable to van der 
Waals interactions and to Coulomb elec- 
trostatic interactions but should be used 
with care (Abagyan and Argos, 1992; 
Scheiber and Steinhauser, 1992; Steinbach 
and Brooks, 1994; Abagyan and Totrov, 
1994). 
Long-range interactions of distant atoms 
may be approximated by a mean field ap- 
proximation (Barnes and Hut, 1989; Beglov 
and Lipanov, 1991; Ding et al., 1992). For 
example, different levels of monopole 
charge detailization can be used for differ- 
ent distance ranges: atomic charges for 
short distances and sum charges of atomic 
groups for large distances (Abagyan and 
Totrov, 1994). A mean field approxima- 
tion can compensate the error introduced 
by a short cut-off for detailed interaction 
as in the case of solvent polarization 
(Schreiber and Steinhauser, 1992). A very 
specific application of the mean-field ap- 
proach is the multi-copy sampling, for ex- 
ample, the average field of all available 
side chain conformations (Roitberg and 
Elber, 1991; Zheng and Kyle, 1994). Pen- 
odic or stochastic (random force) bound- 
ary conditions are often applied on explicit 
solvent. They combine atomic detail at the 
boundary with average influence from dis- 
tant parts of the volume. 

Non-polar hydrogens have been treated as 
united atoms together with the correspond- 
ing carbons. Sometimes, this approach is 
used for all hydrogens (Pletnev et al., 1974; 
Dunfield et al., 1978; Brooks et al., 1983). 
This approximation is more severe than 
one may think because, factually, the pro- 
tein surface is almost exclusively formed 
by hydrogens (Richardson et al., 1992). 
Hard degrees of freedom (valence bond 
lengths and valence angles) can be fixed, 
and conformations are searched only in 
the dihedral angle space. The consequences 
of this assumption have not been thorougly 
discussed in the literature. In a normal 
mode analysis (Kitao et al., 1994), it was 
established that the main effect of fluctua- 
tions in bond lengths and valence angles is 
to allow the dihedral angles to become 
more flexible. The r.m.s. deviation of 
atomic fluctuations was 13% larger in 
Cartesian coordinate space than in dihe- 
dral angle space. it is also commonly ac- 
cepted that the flexibility of ring structures 
demands variable valence angles. 
The introduction of rigid bodies is another 
tool to reduce dimensionality (Manu and 
Abagyan, 1989). For example, the dihe- 
dral angles of the main chain inside heli- 
ces may be frozen and only their packing 
can be analyzed (Abagyan et al., 1994b). 
As a result, atomic interaction inside the 
rigid body does not change in conforma- 
tional transitions. The application of rigid 
bodies in molecular dynamics has stimu- 
lated the development of special numeri- 
cal techniques (Evans and Murad, 1977; 
Kneller and Geiger, 1989; Mazur etal., 
1991; Fincham, 1993). The helix motions 
in deoxymyoglobin contribute to 86% of 
the overall dynamics as reported by a rigid 
body MD study (Furois-Corbin et al., 
1993). The authors emphasized the impor- 
tance of retaining the flexibility of side 
chains. The idea of predicting tertiary struc- 
ture as packing of secondary structural 
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elements (established in advance by sec- 
ondary structure prediction) is an applica- 
tion of the rigid body technique. 
The discretization of certain degrees of 
freedom reduces the search space, for ex- 
ample, the introduction of rotamers for 
side chain conformations (see Section 
IV.C) or the use of a limited set of confor- 
mations for small strained rings such as 
proline. The discretization of conforma- 
tional states is in some way contradictory 
to the other efforts to represent the system 
in atomic detail, and errors caused by the 
impossibility to represent the geometry 
with less than 1.5 A absohte accuracy 
should be avoided. 
Symmetry operations can be used to re- 
duce the number of degrees of freedom if 
the geometry of the system allows it. 

The knowledge of experimental re- 
straints, for example, experimental distance 
or accessibility information, can be used 
for reducing the search space by including 
them as penalty functions in the energy 
function. 

At the next level of simplification, 
single atoms disappear and atomic groups, 
residues, or building blocks are approxi- 
mated by points at which spherical poten- 
tial functions are centered. The reduction 
in the number of effective atoms and in the 
number of degrees of freedom make the 
energy hypersurface much smoother and 
removes many local minima. Many tricks 
used in simulations with atomic detail are 
also applicable here, such as cutoffs, mean 
field approximations, fixing degrees of free- 
doms, and specifying rigid bodies. Reduced 
representation modeling methods may be 
useful to study low-resolution structural 
details (similar to X-ray crystallographic 
structures with a resolution level 2.5 to 3 8, 
at best). 

Levitt (1 976) considered the backbone 
as a chain of a-carbons connected by vir- 
tual bonds. Two points are rigidly fixed to 
each virtual bond and represent N and 0 
atoms of the peptide group. Side chains are 
modeled by a centroid anchored by a vir- 
tual bond at the a-carbons. Using physical 
considerations and experimental data for 
small compounds, he managed to compile 
a complete force field, including a solva- 
tion function. Minimization of the X-ray 
structure of bovine pancreatic trypsin in- 
hibitor (BPTI) resulted in an r.m.s.d. of 
about 3 A. Models obtained from an open 
starting conformation differed from the 
native conformation with an r.m.s.d. of 
about 7 8, if some helices were fixed as 
rigid bodies. Free simulations starting from 
fully extended structures resulted in largely 
deviant conformations with an r.m.s.d. 
clearly above 1.0 A. This value is similar to 
that of randomly generated compact struc- 
tures (Cohen and Stemberg, 1980). 

Followers of Levitt maintained the gen- 
eral methodology. In some studies, the 
peptide group is modeled with less detail 
(Liwo et al., 1993; Herczyk and Hubbard, 
1993; Sun, 1993; Wallqvist and Ullner, 
1994), other models have a 2 to 3 point 
representation for longer side chains (Wil- 
son and Doniach, 1989; Herczyk and 
Hubbard, 1993; Wallqvist and Ullner, 1994) 
or do not consider the side chain at all 
(Gerber, 1992; Aszodi and Taylor, 1994). 
In addition to energy functions based only 
on physical considerations and physico- 
chemical data on organic compounds, 
knowledge-based potentials of mean force 
derived from macromolecular structures 
have been used to discriminate native folds. 
The quality of the potentials of mean force 
are discussed in detail in the following 
Section (IV.B). The accuracy of the poten- 
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tial functions is not very good and many 
false-positive conformations may not be 
rejected. For example, Monge et al. (1994) 
achieved a four-helix bundle packing of 
the rigid helices of myohemerythrin only if 
a penalty on the gyration radius (explicite 
demand on compactness!) was added to 
the knowledge-based potential. Similarly, 
many successful modeling studies with 
reduced protein representation have applied 
potential functions containing in addition 
to true energetic terms other penalties bias- 
ing toward the formation of secondary struc- 
tures, specific interactions, or known ter- 
tiary packing features. 

Therefore, another, more promising 
perspective for application of simplified 
protein models is their use in generating 
structures from low-resolution experimen- 
tal information (Ycas, 1990; Smith-Brown 
etal., 1993; Saitoh etal.,  1993; Herczyk 
and Hubbard, 1993; Bohr et al., 1993) such 
as a limited number of distance restraints 
(NMR, chemical linkage experiments) and 
accessibility infomation from spectroscopy 
or accessibility prediction (Wako and 
Blundell, 1994a; Rost and Sander, 1994b). 

The discretization of the conformational 
space in the form of allowing only points 
on some lattice as pseudoatom positions 
(the so-called lattice models) is a conse- 
quent continuation of the idea of a reduced 
polypeptide chain representation at a lower 
resolution level. Many interaction types in 
lattices can be precalculated and tabulated. 
Accordingly, lattice conformation searches 
are more than 100 times faster than tradi- 
tional molecular dynamics. To avoid bias 
from the lattice, its coordination number 
should be not too low as helical and ex- 
tended structures may be differently well 
described by lattice points. Godzik etal. 
(1993) have reviewed the properties of 

many lattice types applied in protein fold- 
ing studies and recommend the use of dia- 
mond, hybrid, or ultra lattices as a good 
compromise between precise representa- 
tion (accuracy of 1 to 2 A) and computa- 
tional costs. 

Although the computational task of 
folding a simplified chain is significantly 
reduced compared with an equivalent 
atomic detail calculation, sophisticated glo- 
bal search techniques such as complete 
enumeration, energy minimization, Monte 
Carlo or genetic algorithms are necessary 
to locate the low-energy conformations. 
The examples in the literature are oriented 
on reproducing X-ray crystallographic 
structures of small proteins such as bovine 
pancreatic trypsin inhibitor (Levitt, 1976; 
Hinds and Levitt, 1992), avian pancreatic 
polypeptide (Liwo et al., 1993; Sun, 1993), 
melittin (Sun, 19931, crambin (Herczyk and 
Hubbard, 1993; Dandekar and Argos, 
1994), and four-helix bundles (Monge et al., 
1994; Dandekar and Argos, 1994). A typi- 
cal r.m.s.d. for backbone atoms is in the 
range 2 to 12 A depending on the degree of 
how many experimental data are penalized 
in the potential function. As a rule, some 
conformations qualitatively different from 
the native one exhibit lower energies; thus, 
the force field is suboptimal. 

Vieth et al. (1994) reported the recon- 
struction of the GNC4 leucine zipper with 
a very low r.m.s.d. of about 1 8, in a two- 
step approach. At the beginning, an ap- 
proximate model was calculated with a 
reduced protein representation, a knowl- 
edge-based potential (their definition of 
hydrogen bond cooperativity favors sec- 
ondary structure formation) and a Monte 
Carlo search in a lattice space. After 
completion, the r.m.s.d. was in the range of 
3 A, a surprisingly high accuracy. At the 
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second step, the best low-resolution con- 
formations were used for constructing 
polypeptide chains with atomic detail that 
were subsequently refined with CHARMM. 
The applicability of this technique to other 
cases, especially to sequences without 
known structure, has not been investigated. 

Pure ab initio (i.e., without experimen- 
tal distance restraints, explicit demands for 
secondary structures and compactness, etc.) 
modeling methods using a simplified pro- 
tein representation and relying only on a 
true energy function still need to prove 
their ability to predict native conforma- 
tions for sequences with unknown struc- 
ture because energy functions involving 
complete atomic detail already have diffi- 
culties in recognizing the native conforma- 
tion as the state of lowest energy. 

Further, low-resolution models may not 
be well suited for extension to higher reso- 
lution (Hinds and Levitt, 1994). If the er- 
rors in the model coordinates are fairly 
significant, then a relatively large window 
of conformations around any particular low- 
resolution model still needs to be searched. 
If, in addition, the low-resolution models 
do not cluster well, such a window has to 
be explored around each of these models. 

B. Threading Amino Acid 
Sequences through St r uc t ura I 
Motifs 

1. Introduction 

The many unsuccessful attempts to 
predict protein tertiary structures from the 
amino acid sequence alone based only on 
fundamental physical principles (because 

computationally it is too expensive) have 
stimulated the development of more sim- 
plified approaches relying on experimental 
experience from observed protein struc- 
tures. The inclusion of experimental data 
in the form of penalty functions involving, 
for instance, distance restraints, in the over- 
all energy or the fixation of some degrees 
of freedom such as bond lengths and va- 
lence angles is one possible h e  of thought. 
The “threading” techniques described in 
this section are united by the far-reaching 
assumption that the sequences under study 
might accept one of the protein folds al- 
ready studied by X-ray crystallography or 
NMR. The structure prediction problem is 
thus greatly simplified as the allowable 
conformational space is reduced to about 
200 unique protein topologies presently 
known. The primary goal of a “threading” 
method is to establish relationships between 
amino acid sequences and folding patterns, 
that is, to select the most probable fold for 
a given sequence or to recognize suitable 
sequences that might fold into a given struc- 
ture. This approach has been stimulated by 
three observations: 

1. The number of different folds appears 
to be limited (see Section IV.B.2). 

2. Distant relationships between sequences 
may be found by alignment to property 
profdes (see Section IV.D). 
Empirical potential functions for esti- 
mating solvation can distinguish incor- 
rect folds (see Section IV.B.3). 

3. 

As introduced by Bryant and Lawrence 
(1993), “threading” a sequence through a 
fold means a specific alignment between 
the amino acids of the sequence under 
consideration and the residue positions of 
the folding motif. The known structure 
establishes a set of possible amino acid 
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positions in the three-dimensional space 
(the tertiary template). The query sequence 
is made similar to the structure by placing 
its amino acids into their aligned positions. 
The recognition of sequence and structure 
is mediated by a suitable score or potential 
function for the evaluation of each align- 
ment. The methods described in the litera- 
ture differ in details of 

The derivation of the score function (see 
Section rV.B.3) 
The alignment procedure for a single se- 
quence with a single structure (Section 
IV.B .4). 
The following two subsections consider 

each point individually. Then a discussion 
of two search protocols will ensue, namely, 

The number of folds can be estimated 
from different genetic and structural data. 
Bacteria are likely to have explored most 
or all of the topologies. The genome of 
E. coli contains about 4000 different genes, 
the proteins of which are known to share 
folds in certain cases. The number of dif- 
ferent exons throughout the phyla is esti- 
mated to be less than 10,OOO @orit et al., 
1990; Doolittle, 1991; Patthy, 1991; Dorit 
et al., 1991). Linear extrapolation from 
current genome projects yields a number 
of about 1000 different folds (Chothia, 
1992). 

With the assumption that the number 
of different proteins belonging to each pro- 
tein family is normally distributed, the 
uneven representation of folds in the 
Brookhaven Protein Data Bank provides 
help in estimating the number of protein 
families. Using this method, Alexandrov 
and Go (1994) found an estimated 6700 

a single sequence vs. multiple structures 
(Section IV.B.5.a) and 
a single fold vs. multiple sequences (Sec- 
tion IV.B.5.b). 

During the last 3 years, the number of 
publications in this field has exploded. A 
few reviews describing some aspects of the 
material (Fetrow and Bryant, 1993; Wodak 
and Rooman, 1993; Argos, 1994; Lathrop, 
1994) can be recommended. 

2. How Many Folds Do Exist? 

Analyses of known three-dimensional 
protein structures and amino acid sequences 
revealed that proteins are clustered into 
families whose members have evolved from 
a common ancestor, share a characteristic 
fold, and, sometimes, have a similar func- 
tion (Pascarella and Argos, 1992b; Holm 
et al., 1992; Yee and Dill, 1993; Orengo 
et al., 1993; Holm and Sander, 1994a; 
Rufino and Blundell, 1994; Lessel and 
Schomburg, 1994). 

different folds. 
The search for ancient conserved re- 

gions (ACR) predating the coelomate ra- 
diation in gene sequences revealed that 
about 40% of the currently known protein 
sequences can be classified into less than 
1000 groups (Green et al., 1993; Claverie, 
1993). At the same time, these latter au- 
thors emphasize that there is a large num- 
ber of evolutionary new sequences with- 
out similarity to ACR, which may imply 
continuous creativity of nature in design- 
ing folds. Attempts to prove the limited- 
ness of the available number of main chain 
topologies for amino acid sequences as a 
result of physical constraints such as com- 
pactness, hydrophobic effect, and unique- 
ness appear not completely convincing 
(Lau and Dill, 1990; Sali etal. ,  1994) 
because the underlying assumptions are 
restrictive. 
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The number of families of related pro- 
tein structures critically depends on the 
value of the homology threshold applied in 
the protein structure comparison routines 
(see Section IV.C.2). With sequence iden- 
tity below 50%, many structural param- 
eters such as r.rn.s.d. between equivalent 
C a  atoms, residue accessibility, side chain 
torsion angles, and side chain-side chain 
contacts are increasingly less conserved, 
although the overall fold and the secondary 
structural elements may not change Wbert 
et al., 1993; mores et al., 1993; Rost et al., 
1994; Rost and Sander, 1994; Chelvanay- 
agam etal., 1994; Russel and Barton, 1994). 
For pairs of distantly related proteins (resi- 
due identity -20%), the regions with the 
same general fold comprise less than half 
of each molecule and the r.m.s. deviation 
between equivalent main chain atoms is 
1.8 to 3.2 A (Chothia and Lesk, 1986; 
Russel and Barton, 1994; Aronson et al., 
1994). The relative shift of equivalent sec- 
ondary structural units may be as large as 
7 %i with rotations up to 30" (Lesk and 
Chothia, 1980; Chelvanayagam et al., 
1994). As was pointed out by Russel and 
Barton (1994), proteins can adopt very simi- 
lar folds by using almost completely dif- 
ferent stabilizing interactions and, there- 
fore, may have little in common (from a 
physical point of view) apart from a scaf- 
fold of common core secondary structures. 

3. Reduced Protein 
Represen fation and Knowledge- 
Based Potentials 

Empirical potential functions estimat- 
hg solvation have shown their ability to 
dishguish some incorrect folds. Thought 
of as a test for molecular mechanics calcu- 

lations, the misfolded protein conforma- 
tions of Novotny e t a l .  (1984; 1988) 
prompted the development of a score of 
functions for the assessment of the quality 
of tertiary structure determination. Both 
the composition of the solvent-exposed 
surface (Eisenberg and McLachlan, 1986; 
Novotny et d., 1988; Baumann et al., 1989; 
Vila et al. , 199 1 ; Holm and Sander, 1992b; 
Luthardt and Frommel, 1994; Koehl and 
Delarue, 1994a) as well as the frequency of 
contacts between hydrophobic groups 
(Gregoret and Cohen, 1990; Colovos and 
Yeates, 1993; Vriend and Sander, 1993), 
may serve as discrimination criteria. 

Effective knowledge-based potential 
functions with a one- or two-point residue 
description represent an intermediate be- 
tween detailed atomic force fields and resi- 
due-specific secondary structure propensi- 
ties. The former are very computer time 
consuming in evaluation of many confor- 
mations (alignments), especially when a 
correct description of the eiectrostatic part 
of the solvation term is attempted. The 
latter are insensitive to signifcant struc- 
tural details. Some of the potential func- 
tions described in this section can be ap- 
plied to not only the threading problem but 
also to ab initio structure calculations with 
reduced residue representation. 

The approaches of different research- 
ers share two main features: 

1. 

2. 

A priori assumptions are made about 
the functional form of the potential, 
which is based on physical consider- 
ations (solvation effect, packing con- 
siderations, etc.). At the same time, the 
choice of the potential function reflects 
restrictions of various alignment tech- 
niques and some personal preferences. 
A basis set of known protein tertiary 
structures and, occasionally, also of 
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multiple alignments is used for statisti- 
cal surveys or for optimization (learn- 
ing) procedures to derive parameters 
associated with the different terms of 
the potential. In contrast to these two 
main alternatives, probabilities of a resi- 
due occupying a given position on a 
fold have also been calculated in a di- 
rect way (Abagyan etal., 1994a) by 
relaxing the one-residue mutated struc- 
ture in a force field with full atomic 
detail and using the resulting surface 
energy for constructing a 3-D profile. 
Ad hoc values for interaction potentials 
have been used only in early studies. 

Ideally, the potential is finally tested 
on a large set of structures that have not 
been used for parameter derivation. 

In optimization and learning proce- 
dures, the potential is constructed such that 
minimum values result for sequences in 
their native conformation, while computer- 
generated incorrectly folded alternatives 
yield larger values for the energy. The pa- 
rameters are subject to constraints imposed 
on the value of the potential for a training 
set of known structures. However, the sub- 
stantial computational burden to optimize 
a large number of parameters simulta- 
neously restricts the variety of interaction 
classes that can be introduced. As a conse- 
quence, one has to be satisfied with coarse 
distance intervals (even to the extent of 
contact yes/no) and with only few residue 
categories instead of 20 amino acid types. 
These restrictions lower the sensitivity of 
the potentials. Only a few authors have 
explored complex optimization techniques 
for potential derivation such as multidi- 
mensional minimization (Crippen and 
Snow, 1990; Crippen, 1991; Maiorov and 
Crippen, 1992) or associative memory 
Hamiltonians (Goldstein et a f . ,  1992a; 

Goldstein et  af., 1992b; Madej and 
Mossing, 1993). The transferability of the 
potential derived in this way to other sys- 
tems can be questioned and is very limited 
(Crippen and Snow, 1990; Snow, 1993). 

In statistical approaches, the probabil- 
ity P of observing a parameter of interest, 
for example, the frequency of the C, atoms 
of two specific residues being within some 
distance range and sequence separation, is 
first calculated from the learning set of 
structures, then normalized by a value Po 
(in the present example, the expected prob- 
ability of two such C, atoms being in some 
distance range and sequence separation) to 
correct for sample bias, possibly smoothed 
to correct for sparse data in the learning set, 
and translated into a score G expressed as 

or some proportional value (Sippl, 1993a) 
where kT is the product of Boltzmann’s 
constant and the absolute temperature, Z 
and 2, are the partition functions of the 
specific and reference systems, respectively. 
Occasionally, the scores for different argu- 
ments are tabulated. Other authors use the 
experimental information to fit parameters 
in the analytical form of the potentials. 
Inasmuch as it is derived from a hypotheti- 
cal Boltzmann statistics of molecular prop- 
erties without estimation of the partition 
functions .for the sequence studied (Z) and 
for the reference state (Zo), knowledge- 
based potentials represent only relative free 
energies and, strictly speaking, can only be 
used to evaluate different conformations of 
one and the same sequence. Also, the ap- 
proximation of independent probabilities 
describing the structural state of individual 
residues or residue pairs is a source of 
concern because the cooperativity between 
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structural states of interacting residues is 
insufficiently taken into account. It should 
be noted that, for statistically derived po- 
tentials, it is not a priori known whether 
the native fold is the best conformation for 
a given sequence from the basis set. 

Following earlier work (Tanaka and 
Scheraga, 1976; Crippen and Viswanadhan, 
1985; Miyazawa and Jemigan, 1985), many 
researchers use a term summing pairwise 
residue-residue interactions derived from 
the frequency of certain residue-residue 
distances or contacts. In this case, the as- 
sumed Boltvnann distribution of interac- 
tion has not been proven yet. The normal- 
ization is effected essentially in two ways: 
by the observed interaction frequencies of 
all residue-residue types in the basis set or 
by interaction frequencies of the same resi- 
due-residue type in random sequences (with 
the same amino acid composition) in the 
structures of the same basis set (Bryant and 
Lawrence, 1993; Goldstein et al., 1992% 
Goldstein etal.,  1992b). If, in the latter 
case, all possible random sequences are 
considered, the frequencies should obvi- 
ously converge to those in the frrst normal- 
ization scheme because of the mathemati- 
cal equivalence of both procedures. Thus, 
it is not surprising that the method of nor- 
malization does not affect the potentials, 
and the first method can be chosen because 
of its simplicity. 

Another aspect of the normalization is 
really important (Figure 6). Polar residues 
that are usually located closer to the sur- 
face of the protein have fewer residues at 
short distance contacts than would core 
residues (Walther, 1994). Only if the 
weight in the short distance range is 
changed, for example, by restriction to 
residues with similar accessibility (Wodak 
and Rooman, 1993) or by generating an 

ensemble of random sequence permuta- 
tions with Boltzmann-distributed solva- 
tion energy (Walther, 1994), is the effect 
of specific residue-residue interaction de- 
tails such as the coulombic attraction of 
oppositely charged ionic pairs reflected 
by the potential. The distance statistics 
show that the Debye-Hiickel law e-m/r is 
a good description for the interaction be- 
tween charged groups (Casari and Beyer, 
1994) inside the protein (with K = 3.5 8, 
similar to the Debye length in physiologi- 
cal salt solution). Therefore, from the physi- 
cal point of view, residue-residue poten- 
tials, as usually normalized, describe mainly 
the hydrophobic effect (Casari and Sippl, 
1992; Bryant and Lawrence, 1993) in addi- 
tion to specific interactions between resi- 
dues. 

The residue-pair potentials have been 
sampled in the.form of simple yes/no con- 
tacts (Godzik and Skolnick, 1992; Godzik 
et al., 1992; Maiorov and Crippen, 1992; 
Hinds and Levitt, 1992) or in histograms 
with up to - 1 A wide residue-distance bins. 
It is not fully clear to which extent simple 
contact numbers may memorize the size of 
the original residue. Interactions beyond 
10 A are compiled only by some authors 
(Wilson and Doniach, 1989; Sippl, 1990; 
Hendlich et al., 1990; Sippl and Weitckus, 
1992; Casari and Sippl, 1992; Sippl, 1993b), 
while many other reports ignore these con- 
tacts as non-residue-specific bulk effects 
(Jones et al., 1992; Bryant and Lawrence, 
1993; Wilmanns and Eisenberg, 1993). The 
average size of a globular protein seems to 
set an upper distance limit (e.g., 30 A) for 
sampling statistically reliable residue-resi- 
due interactions (Figure 6) .  Nevertheless, 
some researchers continue beyond this 
value (Casari and Sippl, 1992). The parti- 
tioning of the interactions into ranges of 
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residue separation along the amino acid 
sequence distinguishes between local ef- 
fects (helical or extended secondary struc- 
ture) and tertiary contributions (Sippl and 
Weitckus, 1992; Casari and Sippl, 1992; 
Jones etal., 1992). This stratification ap- 
pears to be important for the potential qual- 
ity (Kocher et al., 1994). The independent 
sampling of hydrogen-bonded and non- 
valent contacts has also been proposed 
(Nishikawa and Matsuo, 1993). 

The size of the present protein struc- 
ture database makes it difficult to sample 
enough residue-residue interactions at all 
distance ranges; therefore, smoothing must 
be applied to the raw data. Kocher et al. 
(1994) who compared the efficiency of 
numerous potential functions strongly sug- 
gest that it is better to sacrifice specificity 
of multiparametric potentials in favor of 
statistical reliability of more simple func- 
tions. It was proposed to enlarge the data 
set of residue-residue interactions by con- 
sidering together with each 3-D structure 
of the Brookhaven Protein Data Bank all 
known homologous amino acid sequences 
(Bauer and Beyer, 1994). This approach 
may not improve the potential as even ho- 
mologous protein structures may differ 
considerably in relative positions of equiva- 
lent atoms, not only in the loops but also in 
more structurally conserved regions. The 
distance error being in the range of up to 
5 A for C, atoms of proteins with about 
25% residue identity (Chelvanayagam 
et al., 1994) has unpredictable conse- 
quences for the potential parameters. It is 
difficult to substantiate the statistical reli- 
ability of residue-triplet interaction poten- 
tials with the present dataset restrictions. 
Nevertheless, they have been published 
(Godzik et al., 1992; Godzik and Skolnick, 
1992), and it has been reported that they 

constitute about 40% of the overall energy. 
Conversely, Crippen and Snow (1990) dem- 
onstrated that there is no three-body effect 
at the resolution level of a single-point resi- 
due representation. 

It should be taken into account that the 
single-point approximation of an amino acid 
residue is very crude, ignoring the spatial 
anisotropy of a given residue. As a conse- 
quence of the spherical approximation, the 
resolution limit of knowledge-based 
pairwise potentials is expected to be half of 
the residue size or about 3 to 5 A. Ap- 
proaching a C,atom from the direction 
where the side chain is located will result 
in a steric clash sooner than from the oppo- 
site side. Knowledge-based pairwise po- 
tentials cannot distinguish both cases. 
Therefore, it is not surprising that poten- 
tials centered at the geometric midpoint of 
the side chain. perform much better than 
C,- or surface-based potentials that are in 
turn more efficient than C,- potentials 
(Kocher efal . ,  1994). This view is also 
confirmed by the absence of correlation of 
C, distances with distances between side 
chain centers (Karlin et al., 1994). At the 
same time, such functions cannot be easily 
used in ab initio calculations because the 
residue center is not fmed with respect to 
the backbone. A more detailed description 
of a residue with two or three pseudoatoms 
(one backbone point and one or maybe two 
points for the side chain) was used as a 
basis to compile statistics of distances in 
protein structures and to derive a potential 
that takes the asymmetry of an amino acid 
residue into account (Wilson and Doniach, 
1989; Sun, 1993; Wallqvist and Ullner, 
1994). The statistical reliability of this func- 
tion is expected to be comparable with that 
of the usual one-point-per-residue poten- 
tial. 
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For use in profile search and dynamic 
programming sequence alignment algo- 
rithms, it is necessary to express the poten- 
tial in the form of single residue propensi- 
ties without non-local effects that are 
introduced, for example, by pairwise resi- 
due-residue potentials. The environment- 
specific amino acid substitution tables of 
Blundell, Johnson, and their co-workers 
(Johnson e t a l . ,  1993; Johnson and 
Overington, 1993; Topham etal., 1993) 
contain such a potential in implicit form. 
Explicit functions have been proposed on 
the basis of hydrophobicity terms (total 
buried surface, fraction of polar surface, 
surface energy of a one-residue mutated 
and conformationally relaxed protein struc- 
ture, number of neighboring protein atoms) 
and are sometimes combined with terms 
describing local structure (secondary struc- 
ture class, backbone dihedral (p-y angle- 
dependent functions) in discrete or con- 
tinuous analytical form (Bowie et al., 1991; 
Liithy etal., 1992; Wilmanns and Eisen- 
berg, 1993; Zhang and Eisenberg, 1994; 
Ouzounis et al., 1993; Abagyan et al., 
1994% Sippl, 1993a). Pairwise residue-mi- 
due potentials cannot be directly included 
into the residue propensities because of 
their non-local nature. With additional as- 
sumptions, pairwise residue-residue poten- 
tials may be used, for example, at the ex- 
pense of calculating the contact energy with 
the original sequence (Wilmanns and 
Eisenberg, 1993) or generic bulk peptide 
(Ouzods etal., 1993) and not with the 
query sequence to be threaded. Of course, 
the sensitivity of propensity-type potential 
function is limited because it does not see 
the amino acid residues of the query se- 
quence in the updated environment. 

It has been attempted to enhance the 
discriminative power of the score function 

by combining several potential functions 
with pairwise potentials (Gracy et al., 1993; 
Nishikawa and Matsuo, 1993; Kocher et al., 
1994). Possible candidates include single 
residue propensities (as discussed above) 
that monitor local backbone structure 
(Rooman et al., 1991; Rooman et al., 1992; 
Kang et al., 1993; Kocher et al., 1994; 
Kamimura and Takahashi, 1994) and resi- 
due solvation (Toma, 1994; Nishikawa and 
Matsuo, 1993; Kocher et al., 1994). Each 
measure must be properly normalized to 
exclude memory effects related to the origi- 
nal sequence, especially under conditions 
of limited sequence update. It was shown 
that the residue solvent-accessible surface 
area introduces such bias to the original 
amino acid residue (memorization of resi- 
due size), whereas the relative residue ac- 
cessibility does not (Kocher et al., 1994). 
Best discriminationof native structures was 
achieved by applying a potential combin- 
ing the pairwise term based at the side 
chain centers with a local backbone torsion 
angle function, although the tests were 
performed for only a limited set of protein 
structures. Single-residue solvation terms 
do not appear to increase recognition any 
more because this effect has already been 
implicitely described by the painvise po- 
tential normalized in the usual way (Kocher 
et al., 1994). 

In conclusion, the proposed knowledge- 
based potential or score functions are quite 
crude and do not unambiguously distin- 
guish between native conformation and 
incorrect alternatives because they do not 
correctly describe the free energy of an 
appropriate system but only some part of 
it. As was pointed out by Abagyan (1993), 
the hope that the number of false-positive 
conformations selected by an incomplete 
potential function might be small is un- 
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founded given the experience of calculat- 
ing low energy conformations of peptides. 

4. AIignment between Sequence 
and Structure 

In this section, we review procedural 
details of the aliment (“threading”) of 
amino acid types of the query sequence 
with the spatial residue positions of a given 
fold Unfortunately, the computational com- 
plexity of the threading problem is compa- 
rable to that of the direct folding problem 
(Ngo and Marks, 1992; Unger and Moult, 
1994; Fraenkel, 1993; Lathrop, 1994) be- 
cause of the si@icance of non-local in- 
teractions between residues. The search of 
an alignment between an amino acid se- 
quence and the spatial residue positions of 
a fold belongs to the class of NP-hard prob- 
lems (Lathrop, 1994). Consequently, any 
threading algorithm has to accept (at least) 
one of the following drawbacks: 

1. It does not calculate residue-residue 
interactions from the query sequence 
being threaded (no or incomplete se- 
quence update) 
It does not admit variable-length gaps 
into the alignment 
It cannot guarantee finding the optimal 
threading in some cases 
It may require an exponential amount 
of computer time for some alignments 

2. 

3. 

4. 

Originally, threading algorithms were 
designed to be directly compatible with 
dynamic programming sequence alignment 
procedures and profile analysis programs. 
Therefore, the potential function is left in- 
sensitive to the non-local interaction effect 
resulting from placing new amino acids 

into all positions of the template. Although 
this approximation leads to a much simpler 
search for optimal threading, the algorithm 
loses sensitivity because of the bias toward 
the original sequence. The following imple- 
mentations have been described. 

1. Only the local environment is taken into 
account ignoring contacts altogether 
(Bowie et al., 1991; Liithy et af., 1992; 
Zhang and Eisenberg, 1994; Johnson 
et al., 1993). 
The non-local contacts are assumed with 
generic bulk peptide (Ouzounis et ul., 
1993). 
The interaction preferences are always 
evaluated with the residues from the 
original sequence of the structure in- 
stead of the sequence being threaded 
(Wilmanns and Eisenberg, 1993; Sippl, 
1993b; Abagyan et af., 1994a). 
First, all suboptimal alignments are com- 
piled with-a dynamic programming rou- 
tine ignoring non-local contacts and then 
all residues are substituted to select the 
favored alignment with a pairwise po- 
tential (Gracy et d.,  1993). 

2. 

3. 

4. 

These techniques are especially useful if 
the main concern is not to get the spatial 
alignment but to recognize sequences that 
may have similar folds. The low computa- 
tional costs make database screenings pos- 
sible. 

Other algorithms do not allow gaps in 
the alignment (Hendlich et al., 1990; Sippl 
and Weitckus, 1992; Crippen, 1991; 
Maiorov and Crippen, 1992; Bryant and 
Lawrence, 1993). The sequence, the length 
of which is fixed by a window, is directly 
aligned with the structure (residue i at po- 
sition i). In this case, the attention can be 
completely concentrated on the develop- 
ment of a good recognition function. The 
predictive power of such technique is lim- 
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ited because sequence and structure may 
be grossly out of register if variable-length 
gaps are not allowed. 

Some algorithms using modified dy- 
namic programming procedures do not 
guarantee that an optimal threading will be 
found; instead, suboptimal solutions are 
calculated in an amount of time increasing 
polynomially with the number of degrees 
of freedom. One modification consists in 
iterative steps of substituting the residues 
of the motif as, for example, in the “frozen 
neighbor” approximation of Godzik et al. 
(1992). Jones et al. (1992) applies a modi- 
fied comparison routine with secondary 
levels of dynamic programming (Taylor 
and Orengo, 1989; Orengo and Taylor, 
1990) to fix the neighbors for the first level. 
Other algorithms, among them stochastic 
search techniques, also may fail to find the 
optimum (Finkelstein and Reva, 1991; 
Goldstein etal . ,  1992b; Nishikawa and 
Matsuo, 1993; Gracy et al., 1993). In their 
gapped algorithm, Nishikawa and Matsuo 
(1993) combine the possibility of miss- 
ing the optimal solution with a limited 
sequence update by allowing only resi- 
due substitutions in the homologous core 
regions, accepting the original sequence 
in the loops. All algorithms of this class 
favor the loop size in the original se- 
quence by the value of the gap penalty. 
At the same time, for practical applica- 
tions, it may not be so critical to find the 
optimal alignment given the limited dis- 
criminative power of the potential func- 
tions used, although Jones et al. (1992) 
found cases where accuracy suffered due 
to nonoptimal threading. 

Due to the NP-completeness, algo- 
rithms that guarantee finding the optimal 
threading will use exponential time in 
some cases such as the procedure of 

Bryant and Lawrence (Bryant and 
Lawrence, 1993) for gapped alignments. 
These authors introduced lower and up- 
per gap lengths based on observations in 
alignments of homologous sequences to 
reduce the search space. This limitation 
may miss distant homologues with very 
long loop deletions up to 140 residues 
(Stanyk et al., 1987). The experience of 
solving NP-hard problems can be used to 
design effective algorithms, for example, 
knapsack packing techniques (Lathrop 
and Smith, 1994). Because of the expo- 
nential size of the search space, massive 
parallelization together with efficient cod- 
ing in hardware-near languages are re- 
quired for implementations of such tech- 
niques. With highly discriminative energy 
functions, only these methods will find 
native structures because each subopti- 
mal solution may represent a misfolded 
conformation. 

5. Application of Threading 
Techniques 

a. Sequence Recognizes 
Structure 

The method for deriving knowledge- 
based potentials (no estimate of the parti- 
tion function) indicates that threading tech- 
niques are well suited for selecting the best 
possible structure among those known for 
a given amino acid sequence. The new 
sequence is aligned with each tertiary tem- 
plate, and the structure with the highest 
score is the probable fold. The significance 
of preference (the stability) of the selected 
conformation can be estimated by the rela- 
tionship AE/6E (Z-score), where AE is the 
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difference between the energy (score) of 
the probable fold and the average energy 
(score) of the ensemble of rejected alterna- 
tives considered as reference state and 6E 
is the width of the energy (score) distribu- 
tion of the uncorrectly folded structures 
(Goldstein et al., 1992b; Kocher et al., 
1994). The sequence-recognizes-structure 
protocol mimics many aspects of protein 

Although almost every author claims 
that his or her potential recognizes the na- 
tive structure for a given sequence with 
nearly 100% accuracy; however, the re- 
sults should be viewed less optimistically 
(Kocher et al., 1994). As a rule, the num- 
ber of structural alternatives considered is 
small compared with the genuinely acces- 
sible conformational space. Therefore, the 
algorithm may recognize a conformation 
as well folded when it is known that the 
protein is a subunit stabilized only by qua- 
ternary interactions (Kocher et al., 1994). 
Nevertheless, the threading score can be 
used as a hint to single out some oligo- 
meric proteins (Eisenberg et al., 1992) or 
badly refined regions in crystallographic 
structures (Luthy et al., 1992; Sippl, 1993 b) 
and to model loops (Topham et al., 1993). 
Wako and Blundell(1994a; 1994b) predict 
solvent accessibilities and secondary struc- 
tures from the sequence with environment- 
dependent amino acid substitution tables. 

Godzik and Skolnick (Godzik and 
Skolnick, 1992) have attempted to locate a 
structural motif using a supersecondary 
structure as a template (e.g., pap units) and 
achieved successful alignments in a num- 
ber of cases. However, there is little hope 
that such approaches can be generalized. 
Numerous small polypeptides score very 
poorly due to being part of a larger assem- 
bly such as the crystallographic packing in 

folding. 

the case of crambin or the oligomeric state 
of avian pancreatic polypeptide (Eisenberg 
et al., 1992). 

b. Structure Recognizes 
Sequence 

The usual folding prediction starts with 
a primary structure (amino acid sequence) 
and calculates its tertiary structure and to- 
pology. The inverse technique involves 
starting with a structural template (set of 
spatial residue or atom positions) and test- 
ing if a sequence (designed or observed) 
can fit it. This approach has some touch of 
engineering because it is similar to the fine 
tuning of a sequence for a given structure 
and function as does natural evolution. The 
concept of inverse folding has been pro- 
posed by Drexler (1 98 1) and Pabo (1 983). 
An early attempt in this direction was per- 
formed by Pondor and Richards (1987), 
the success of which was limited because 
of the assumption of a fixed backbone. 
Homology modeling and protein de novo 
design are important fields of application 
for threading methods assigning sequences 
to tertiary templates. 

The practice of the structure-recog- 
nizes-sequence protocol involves an addi- 
tional approximation. Different systems 
(sequences) are compared in their prob- 
ability to accept the same state (fold). The 
direct (absolute) evaluation of the partition 
function formally required in this context 
is very difficult. The scanning of each se- 
quence against the set of all tertiary tem- 
plates used as reference state would be a 
sensible but a computer time-consuming 
alternative. The sequences could then be 
compared by their ranking of the Z-score 
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(see Section IV.B.5.a) calculated with re- 
spect to this reference state. However, one 
could argue that the number of states may 
well be too small and the conformations 
might not be very relevant for the sequence 
under consideration. In the simplest way, 
the threadings of sequences onto the same 
fold have been sorted in accordance with 
their energies (Ouzounis et al., 1993). Also, 
signrficance tests known from usual se- 
quence and proftle alignments can be ap- 
plied. 

Sets of existing sequences with the same 
length (Bowie etal., 1991; Liithy etal., 
1992; Eisenberg et al., 1992; Wilrnanns and 
Eisenberg, 1993; Abagyan et al., 1994a) 
and of random sequences with identical 
length and composition (Bryant and 
Lawrence, 1993) have been used as refer- 
ence states for calculating Z-scores. 

Ouzounis et al. (1 993) have reported 
that their threading algorithm recognizes 
the native sequence among the top 10 
threadings of a given structure for 84% of 
64 tests among a set of 640 sequences. 
Although many higher scoring sequences 
were close homologues to the native se- 
quence, the authors note that extensive 
searches of structural templates against 
sequence databases will uncover the de- 
fects in the specificity of the potential func- 
tions more easily than in the reverse se- 
quence vs. structure protocol because the 
number of sequences is much higher (about 
25,000 in their database) than the number 

The possibility of providing sugges- 
tions on remote homologies that cannot be 
seen with conventional sequence alignment 
could make the threading methods valu- 
able. The relatedness of C-phycocyanin and 
myoglobin (Jones et al., 1992) and of actin 
and hsc70 (Bowie et al., 1991) were found 

of folds (loo to 200). 

with these methods, although these simi- 
larities had already been known from X- 
ray crystallography and NMR. However, 
the simple sequence pattern search tech- 
nique MAKPATPROPAT was even more 
successful in frnding related members in 
the family, which include actin, hsc70, 
many prokaryotic cell cycle proteins, hex- 
okinase, and other sugar b a s e s  (Bork 
et al., 1992). 

The recognition of (ap), barrels is only 
marginal (Abagyan et al., 1994a) but good 
enough to allow the hypothesis that three 
enzymes of the aromatic amino acid bio- 
synthesis pathway may be structurally re- 
lated (Wilmanns and Eisenberg, 1993). 
Pickett etal. (1992) show that multiple 
sequence alignments based on comparison 
of (ap),-bmel structures can compete with 
threading. 

Matsuo and Nishikawa (1994) threaded 
11,706 sequences of the NBRF-PIR data- 
base into 101 structural templates derived 
from protein crystal structures. Among the 
1489 pairs with high score, 67 with low 
sequence homology were retained, each 
being a fruitful directive for further bio- 
chemical research. Such screenings will 
hopefully produce more useful outcome 
when many more protein sequences from 
current genome projects are available. 

Threading techniques have also been 
used to design new sequences for a given 
fold as possible candidates in biochemical 
experiments. Genetic algorithms (Jones, 
1994) or simulated annealing (Hellinga 
and Richards, 1994) have been used to 
guide the walk through the sequence space. 
Another technique involves network mini- 
mization with random jumps in the se- 
quence space of hydrophobic amino acids 
for designing core motifs (Kono and Doi, 
1994). 
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One reason for the inefficiency of 
threading may consist in the different com- 
position of the protein structure (PDB) and 
sequence databases. While the former con- 
tains almost exclusively water-soluble 
globular proteins, the latter was estimated 
to have about 25% proteins with trans- 
membrane domains. Fifteen percent of the 
residues in SWISSPROT are in so-called 
regions with strong compositional bias 
when there are no or only single examples 
in the PDB (Wootton, 1994). Therefore, 
threading in the current fashion is appli- 
cable only to a small fraction of the se- 
quence database. 

In conclusion, the inverse folding meth- 
ods have seen only a few real cases of 
efficient application. Their effectivity in 
recognizing new distantly related homo- 
logues is low. Standard multiple sequence 
alignment methods or profile analyses are 
computationally cheaper and are often able 
to do the same job. Threading methods will 
probably fail if the evolutionary divergence 
has removed most of the sequence similar- 
ity, if parts of the backbone have s i w i -  
cantly moved, and if secondary structural 
elements are inserted or deleted despite 
preservation of a similar basic fold pattern. 
Such relative ineffectiveness is unexpected 
because the consideration of additional 
structural information should favor thread- 
ing compared with simple sequence pat- 
tern search. The crudeness of the potential 
function and the NP-completeness of the 
alignment procedure appear responsible for 
this result. Another, important reason for 
the failure of threading methods is the low 
conservation of residue-residue interactions, 
residue accessibility, and secondary struc- 
ture in proteins with low residue identity 
but identical fold (Russel and Barton, 1994). 
Therefore, similar backbone geometries 

may result from almost completely differ- 
ent intramolecular interactions. 

C. Modeling of Tertiary 
Structure by Homology 

1. Introduction 

The first attempt of modeling a 3-D 
structure of a homologous protein (a-lac- 
talbumin on the basis of the X-ray struc- 
ture of chicken egg-white lysozyme) was 
done by Browne et al. (1969). The history 
of homology modeling is in detail described 
by Johnson etal. (1994). Greer (1981) pio- 
neered the technique of predicting 3-D 
structural details for a protein sequence 
known to belong to a protein family having 
one or more representatives with resolved 
tertiary structuie. He applied his approach 
to mammalian serine proteases, the classic 
example of the so-called modeling by ho- 
mology. The principal steps of homology 
modeling involve the following. 

1. Structurally conserved regions (SCR, the 
tertiary template) are determined on the 
basis of 3-D structural comparisons and/ 
or multiple sequence alignments within 
the protein family. 
The tertiary template (set of spatial po- 
sitions of residues) must be aligned with 
the amino acid sequence that is a puta- 
tive member of the same family. This 
step represents in the simplest case a 
multiple alignment with other sequences 
of the family or a profde analysis. In 
more complicated situations, threading 
techniques as reviewed in the previous 
Section (IV.B) may be the method of 
choice. 
Given the 3-D-1-D alignment, the new 
backbone of the protein being modeled 

2. 

3. 
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4. 

5. 

is constructed. Special techniques are 
typically necessary for constructing the 
loop regions that are usually the struc- 
turally variable regions (SVR). 
The conformations of the side chains 
anchored at the new backbone are de- 
termined. 
The structure proposal is finally sub- 
jected to several cycles of refinement 
(with molecular-mechanical methods, 
see Section N . A )  and the application of 
verification criteria (based on stere- 
ochemical knowledge and structure da- 
tabase statistics, see Section lV.B). 

The simple procedures in the early years 
requiring repeated human intervention have 
been gradually replaced by more sophisti- 
cated and generally automated techniques. 
In fact, there is not so much to predict. 
Inasmuch as the fold is known, only local 
structural details need be tuned to comply 
with energetic and/or database criteria. The 
following sections review approaches ap- 
plicable to solving tasks 1, 3, and 4. 

A conceptionally different but poorly 
investigated approach to homology model- 
ing is based on distance geometry. In this 
perspective, the tertiary template restric- 
tions are translated into distance restraints 
that are used as input for distance geom- 
etry programs (Have1 and Snow, 1991; 
Taylor, 1993; Sali and Blundell, 1993). As 
reviewed by Johnson et al. (1994), the re- 
straint-based modeling is at present infe- 
nor to the traditional approach and is not 
discussed here. 

Site-directed mutagenesis aimed at 
changing physical and chemical properties 
of proteins (e.g., engineering enhanced ther- 
mostability) is a specific application for 
homology modeling methods because, as a 
rule, only a few amino acids are changed. 
The conformational space to be searched 

therefore, is, not very large and enumera- 
tion techniques can be applied. With a well- 
refined, closely homologous structure as 
starting point, the model can achieve accu- 
racies in the range of 18, (Vriend and 
Eijsink, 1993; De Fillipis et af. ,  1994). 

2. Structure Comparison and 
Definition of Structurally 
Conserved Regions 

Protein tertiary structure comparison is 
necessary to elucidate topologically equiva- 
lent regions, to determine structural differ- 
ences in space, and to find insertions/dele- 
tions in one structure relative to others. 
The classic measure of distance between 
two structures is the r.m.s.d. of the distance 
between equivalent C, atoms after spatial 
superposition. In such a metric space, struc- 
tures may be classified into families 
(Pascarella and Argos, 1992b; Holm et af., 
1992; Yee and Dill, 1993; Orengo etal.,  
1993; Holm and Sander, 1994a; Rufino 
and Blundell, 1994; Lessel and Schomburg, 
1994). To date, superposing 3-D protein 
structures provides the most sensitive tech- 
nique for recognizing very distant relation- 
ships between amino acid sequences with 
low residue identities (approaching 2%). 
Holm and Sander (1994b) have recently 
compiled examples of unexpected topo- 
logical similarities verified with structure 
superposition. 

Early comparison techniques involve 
rigid body superpositions (McLachlan, 
1972; Kabsch, 1976; McLachlan, 1982) 
with the assignment of initial equivalences 
determined by visual inspection that can 
be iteratively updated (Rossmann and 
Argos, 1977) and with systematic varia- 
tions of the relative orientation of the two 
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structures (Rossmann and Argos, 1976). 
For largely divergent structures, window 
comparison techniques relying on succes- 
sive oligopeptide superpositions along the 
sequence have been applied (Remington 
and Matthews, 1980; Karpen et al., 1989) 
to locate similar substructures. An effi- 
cient algorithm for multiple rigid-body su- 
perposition has been described (Diamond, 
1992). 

To handle rigorously variable-length 
gaps in the alignment, structure alignment 
methods based on dynamic programming 
have been developed (Taylor and Orengo, 
1989; Zuker and Somorjai, 1989; Sali and 
Blundell, 1990). The sensitivity of the 
technique has been enhanced by includ- 
ing hydrogen bonding, solvent exposure, 
torsional angles, secondary structural as- 
signments, and the like (Taylor and Orengo, 
1989; Sali and Blundell, 1990; Orengo 
et al., 1992; Flores et al., 1993) in addition 
to acarbon distances. Dynamic program- 
ming cannot directly incorporate non-locd 
effects. Therefore, some authors use mul- 
tiple levels of dynamic programming (Tay- 
lor and Orengo, 1989; Orengo and Tay- 
lor, 1990), self-consistency tests for 
suboptimal alignments (Luo et al., 1993), 
or stochastic optimization via genetic al- 
gorithms (May and Johnson, 1994). For 
the latter technique, an initial alignment 
is no longer needed, which is a problem 
in many methods. For example, Rose and 
Eisenmenger (1994) use geometric crite- 
ria applied to splines through C, atoms 
for an automatic initial guess. The per- 
formance of such techniques is poor if 
the initial alignment proves to be diffi- 
cult as in the case of NAD-binding pro- 
teins (Rose and Eisenmenger, 1994). 
Techniques for multiple structural align- 
ment allowing gaps have also been de- 

veloped, for example, the STAMP pro- 
gram (Russel and Barton, 1992). 

Two-dimensional distance plots with 
the residue numbers of two structures at 
both axes showing the pairwise C, dis- 
tances are very useful representations of 
protein 3-D-structural information be- 
cause of the independence of the sequen- 
tial order of structural blocks. Apart from 
pairwise C, distances, other characteris- 
tics such as hydrogen bonds (Factor and 
Mehler, 1991) or main chain dihedral 
angle matches (Karpen et al., 1989) can 
be stored in distance plots. Parts of these 
plots can be compared to search for simi- 
lar substructures or patterns (Barton and 
Sternberg, 1988; Richards and Kundrot, 
1988). In two approaches (Vriend and 
Sander, 1991; Holm and Sander, 1993), 
the algorithm tries to assemble similar 
fragments into larger substructures with 
iterative 3-D-structural superpositions or 
a Monte Car10 strategy, respectively, and 
to delineate the largest common substruc- 
ture. This is especially interesting for au- 
tomatically searching structure databases 
to compile lists of structurally homolo- 
gous domains. Two other efficient 
comparison techniques for extraction of 
conserved structural motifs but also inde- 
pendent of the sequential order of sub- 
structural elements have been published: 
one is based on iterative superposition of 
hexapeptides (Alexandrov et al.,  1992; 
Alexandrov and Go, 1994), and the other 
uses geometric hashing techniques 
(Bachar et al., 1993). 

A completely different approach con- 
sists in defining overall topological 
equivalence of secondary structural 
blocks rather than detailed atomic corre- 
spondence. Characteristic patterns of sec- 
ondary structure are much more robust to 
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structural changes than individual amino 
acid positions, and many mutations often 
do not destroy the overall main chain 
topology. Simplified representations of 
building blocks in the form of vectors, 
for example, along the axes of secondary 
structural elements, can be compared 
(Murthy, 1984; Richards and Kundrot, 
1988; Abagyan and Maiorov, 1988; 
Abagyan and Maiorov, 1989). In graph 
theoretic approaches, protein structural 
elements and their relations are coded in 
the form of nodes and edges. The algo- 
rithms attempt to delineate common sub- 
graphs (Mitchell et al., 1989; Subbarao 
and Haneef, 1991; Grindley et al., 1993; 
Mezei, 1994). The structures may also be 
described as strings of symbols denoting 
structural blocks that can be aligned by 
the dynamic programming technique 
(Matsuo and Kanehisa, 1993). 

Structurally conserved regions may 
be defined not only from comparisons of 
a family of related structures but also 
from a multiple sequence alignment and 
profile analysis within a protein family. 
If the structure of one family member is 
known, the highly conserved sequence 
stretches indicate which part of the struc- 
ture may be considered a SCR. 

3. Backbone and Loop Modeling 

The result of the sequence-structure 
alignment is a set of spatial positions of 
centers of amino acid residues (usually the 
C, atoms) of the sequence under study. 
The backbone of the structurally conserved 
regions is usually copied by rigid body 
superposition from the tertiary template or 
a suitable fragment that is part of a ho- 
mologous structure (Johnson et d., 1994). 
If only the a-carbon positions of the tem- 

plate are known, there is a variety of algo- 
rithms able to reconstruct the backbone 
from the Cdtrace with fragment databases 
(Claessens et al., 1989; Levitt, 1992) and 
also without direct datab,ase reliance, by 
exploiting geometric properties of peptide 
groups (Purisima and Scheraga, 1984; Luo 
etal . ,  1992; Rey and Skolnick, 1992; 
Mandal and Linthicum, 1993) or their in- 
teractions (Payne, 1993; Liwo et al., 1993), 
molecular dynamics based techniques 
(Correa, 1990; van Gelder etal.,  1994), 
and complete enumerations with energy 
minimization (Bassolino-Klimas and 
Bruccoleri, 1992). The accuracy expressed 
as r.m.s.d. between equivalent atoms of the 
backbone atoms is -1 A. 

Loop regions between secondary struc- 
ture elements accommodate most of the 
residue replacements, insertions, and dele- 
tions (Sibanda and Thornton, 1991; 
Pascarella and k g o s ,  1992a) and, conse- 
quently, constitute most of the structurally 
variable regions (SVR). The conformation 
of SVRs is defined only by the spatial lo- 
cation of the anchoring atomic groups at 
the termini of the corresponding SCR and 
by the interaction energy with the remain- 
der of the protein and with the solvent. 
Ngo and Marks (1992) demonstrated that 
this m o d e l ~ g  task is an NP-complete prob- 
lem. As a result, grid search techniques 
(Moult and James, 1986) exhaust computer 
resources even for medium-sized loops. 

Loop modeling is the most speculative 
part of homology modeling and, therefore, 
least automated. Categorizations of loop 
families may eventually lead to modeling 
rules or to a set of backbone motifs, espe- 
cially for short tums (Sibanda and Thornton, 
1991; Ring et al., 1992). Typical flexibil- 
ity of loops has generally nor been ob- 
served in those involved in protein func- 
tion and the active site. For example, key 
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residues dictate one of the few possible 
main chain conformations in hypervariable 
loops in immunoglobulins (Tramontano 
et af. ,  1989; Tramontano et al., 1990). The 
canonical structures in hypervariable loops 
of immunoglobulins are surprisingly con- 
served throughout the vertebrate classes 
(Barre et al., 1994). 

Several conformation-generating tech- 
niques have been applied for loop construc- 
tion. As proposed by Greer ( 198 1 ), database 
fragments may be used to fill the gaps be- 
tween the SCR (Jones and Thirup, 1986; 
Levitt, 1992; Wendoloski and Salemme, 
1992; Topham etal., 1993), which subse- 
quently are relaxed by energy refinement. 
Other techniques rely on conformational 
search and energy minimization (Palmer and 
Scheraga, 1991; Palmer and Scheraga, 1992; 
Bruccoleri, 1993; Collura et al., 1993; 
Vasmatzis etaf., 1994; Hubbardet al., 1994). 
The loop closure is achieved with an ma- 
lytical routine as used in the confornational 
analysis of cyclic organic structures or 
nucleic acids (for small loops) or with a 
penalty function on distances to atoms at the 
termini of SCR (for medium-size or long 
loops). Zheng et al., ( 1 9 9 3 ~  1993b) close 
the backbone gap in the initial loop model 
by rescaling the bond lengths in the loop 
segments with their subsequent relaxation 
during energy minimizations. 

Usually, a good accuracy of loop mod- 
eling is achieved only in examples for 
closely related proteins. If the protein envi- 
ronment of the loop is known in atomic 
detail, packing restraints will help to select 
the correct conformations. Monte Carlo 
search techniques in internal coordinates 
have demonstrated their predictive power 
in such cases (Palmer and Scheraga, 1992; 
Colluraetal., 1993; Vasmatzis etal., 1994). 
For example, the conformation of an eight- 
residue loop in a triose phosphate isomerase 

mutant was computed successfully with a 
biased Monte Carlo conformational search 
in the space of internal coordinates 
(Borchert et al., 1993). The resulting 
r.m.s.d. to the crystal structure was 0.6 A. 

Problems in homology modeling arise 
if the sequence of the template is evolu- 
tionary distant to the query sequence. In 
contrast to gross structural features that are 
generally well predicted, certain regions 
may be misaligned by a few residues. As a 
consequence, incorrect facing of a-helices 
or misaligned J3-strands together with wrong 
side chain packing may be obtained. Opti- 
mization and energy refinement with mo- 
lecular mechanical methods are not able to 
remove these defects but can introduce new 
distortions because it would be necessary 
to reorient complete secondary structural 
elements with disruption of hydrogen 
bonds. An r.m.s.d. for the C, positions 
below 28, can be reliably achieved only 
for closely related structures. 

4. Side Chain Placement 

The methods for placing side chains at 
a fixed backbone can be classified into 
three groups with respect to the degree of 
reliance on databases. 

1. Side chain dihedral angles are copied 
from corresponding residues in the origi- 
nal structure (Summers and Karplus, 
1989; Schiffer et al., 1990), from match- 
ing protein segments (Levitt, 1992) or 
from similar local residue environments 
(Laughton, 1994a) found in the protein 
structure database. This latter approach 
is also used in the package COMPOSER 
by Sutcliffe et al. (1987). The next step 
is an energy refinement with different 
conformational space search methods 
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2. 

3. 

(Summers and Karplus, 1989; Levitt, 
1992; Laughton, 1994b). 
A rotamer library is compiled from a 
set of high-resolution protein structures. 
The assignment of side chain confor- 
mation is translated into a discrete com- 
binatorial problem. The solution has 
been attempted with optimization tech- 
niques such as genetic algorithms, 
simulated annealing, heuristic sparse- 
matrix driven searches (”uffery et al., 
1991; Tuffery etal. ,  1993; Holm and 
Sander, 1992b), energy minimization 
(Wilson er al., 1993; Kono and Doi, 
1994), and iterative searches in a self- 
consistent mean field (Koehl and 
Delarue, 1994b). The “dead-end- 
elimination” theorem (Desmet et al., 
1992) can reduce the number of rotamer 
combinations in a complete enumera- 
tion (Ponder and Richards, 1987). This 
approach was later corrected (Lasters 
and Desmet, 1993) and enhanced 
(Goldstein, 1994). A final energy mini- 
mization relaxes rotamer-rotamer 
clashes. Dunbrack and Karplus (1993; 
1994) use a backbone-dependent 
rotamer library and achieve 59 to 86% 
correct prediction of rotamer class for 
various amino acid types in contrast to 
46 to 76% for a backbone-independent 
library. 
The third group consists of brute-force 
approaches that rely completely on 
Monte Carlo search (Lee and Subbiah, 
1991), molecular dynamics protocols 
(David, 1993; David, 1994; van Gelder 
et al., 1994), or enumeration techniques 
(Bassolino-Klimas and Bruccoleri, 
1992). These methods are usually very 
computer time consuming and are not 
applicable to large proteins. 

It has been demonstrated that the avail- 
able conformation space for side chains is 
essentially restricted due to interactions with 
(repetitive) backbone segments (Schrauber 

et al., 1993; Dunbrack and Karplus, 1993; 
Dunbrack and Karplus, 1994). Similar pre- 
diction accuracy compared with the meth- 
ods listed above was achieved in a very 
simple manner by first minimizing for each 
residue individually the internal torsion 
energy and the non-valent and hydrogen- 
bond interactions with only the backbone 
(GAP model - all amino acid side chains 
are reduced to C, atoms except glycines 
and prolines) and then starting a global 
minimization with each side chain in its 
local optimum (Eisenmenger et al., 1993). 
Of all rotameric states, 47 to 60% could be 
correctly determined depending on the pro- 
tein and amino acid type. The interactions 
of the side chains with the backbone are 
much more signifcant than those with other 
side chains. 

Eisenmenger er al. (1993) conclude that 
there is hardly anyjig-zaw puzzle in side 
chain packing by comparing the GAP-pre- 
diction with the ALL-model calculations 
where the remaining side chains are in- 
cluded in their correct conformation dur- 
ing local minimization. This conclusion 
looks especially convincing for crambin 
and the avian pancreatic polypeptide (see 
Tables 4 and 5 in Eisenmenger e t a l .  
[1993]). A more critical evaluation of the 
results reveals that a significant combina- 
tonal effect for side chain packing remains 
because, for larger proteins such as  
uteroglobin and plastocyanin having a well- 
recognizable core, the number of correctly 
predicted rotamers increases by up to 2094, 
and the r.m.s.d. for core residues relative to 
their observed conformation in the X-ray 
structure drops from 0.8 to 1.2 8, to 0.4 to 
1.0 A (Eisenmenger et al., 1993) after 
changing from the GAP-model to the ALL- 
model. A similar result may be expected 
for small proteins as avian pancreatic 
polypeptide and crambin if the crystallo- 
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graphic environment is taken into account 
because their core motif involves subunit 
interactions or crystal packing. We con- 
clude from the results of Eisenmenger et al. 
(1993) that the combinatorial effect prob- 
ably involves about 20% of the side chain 
conformations. 

Surface residues are less restricted 
by main chain or side chain contacts. 
The prediction of surface residue confor- 
mations can be improved by considering 
explicit solvation terms during optimiza- 
tion (Schiffer et af., 1990; Wilson et al., 
1993). 

Side chain placement methods are of- 
ten classified in two groups: continuum 
and discrete search techniques for the 
X-angle conformation space. Discrete con- 
formational states for side chains (“rota- 
mers”) can be defined in various ways, for 
example, as 

htraresidue local minima of potential en- 
ergy 
As spot of high density in X-angle plots 
from statistics in known protein structures 
Simply as points of a grid covering the 
complete X-angle space 

Schrauber et al. (1993) demonstrated 
that about 20% of the side chains cannot 
be well modeled with a traditional rotamer 
library based on the first two principles 
only. This drawback of the discrete ap- 
proach is removed if rotamers are con- 
structed with a grid sufficiently fine to 
allow accurate approximation for all side 
chains, albeit many more rotameric states 
have to be considered. 

The normal test of performance qual- 
ity for a given algorithm consists of com- 
paring the predicted side chain conforma- 
tion with that in the protein crystal 
structure. Unfortunately, the criteria to 

assess the performance of side chain con- 
formation prediction techniques and also 
the protein examples vary among research- 
ers, making comparison difficult. 

R.m.s. deviations between equivalent 
side chain atoms are in wide use despite 
their low information value. Small side 
chains (with one X-angle) can occupy dif- 
ferent energetic wells and still have low 
r.m.s.d. values. The same may occur, but 
more infrequently, with very large ones. 
Additionally, the squared deviation for the 
whole protein is averaged over many at- 
oms, and, consequently, depends on the 
relative number of small and large resi- 
dues. It appears reasonable to calculate 
the r.m.s.d. separately for each residue 
type (Dunbrack and Karplus, 1993) or to 
choose the maximal deviation between 
equivalent atoms (Schrauber et al., 1993) 
as a relevant measure. Typical side chain 
atom r.m.s.d. values are 1.3 to 2.1 A if the 
native sequence is built onto the correct 
backbone (0.7 to 1.7 8, for only the core 
residues) and 1.6 to 2.7 8, if the backbone 
was reconstructed by homology (Wilson 
et al., 1993; Eisenmenger et al., 1993). 
Therefore, the error in the location of cer- 
tain functional groups at the tip of the side 
chain may be considerable. 

A side chain dihedral angle is consid- 
ered to be well predicted if it differs less 
than 30” (Laughton, 1994b; Laughton, 
1994a), less than 40’ (Summers and 
Karplus, 1989; Eisenmenger et af., 1993; 
Dunbrack and Karplus, 1994; Koehl and 
Delarue, 1994), or if it belongs to the 
same rotameric class (Wilson et al., 1993; 
Swindells and Thomton, 1993), all being 
very weak criteria. Typically, about 85% 
of all rotameric states in the core and nearly 
50% of the exposed side chains are pre- 
dicted correctly. Schrauber et af. (1993) 
applied energetic and geometric criteria 
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to assess the deviation of a side chain con- 
formation from a rotamer. A variance of 
more than 20" in at least one X-angle im- 
plies an internal strain of the side chain of 
no less than 1 to 2 kcal/mol, and the maxi- 
mal distance between equivalent side chain 
atoms exceeds 0.5 A for small amino ac- 
ids, 0.7 8, for nonaromatic and 1.6 A for 
aromatic amino acids. However, a simi- 
larly good accuracy is expected in model- 
ing studies for drug design. The criterion 
k20° received another physical justifica- 
tion recently. It was shown that a harmonic 
approximation of the energy well corre- 
sponding to a rotamer works well up to an 
angular deviation of 20" (Lee et al., 1994). 

Additionally, the crystal structure that 
is the standard-of-truth may be not reli- 
able. The side chain conformations in 
interleukin-I crystals (2 %i resolution) that 
have been analyzed independently by three 
groups differ considerably. For example, 
the same x ,  energy well was assigned to 
95% of the core residues and to 61 % of 
the surface residues, Out of the 40 buried 
residues that show x1 angle agreement, 
only 75% of those possessing a xz angle 
also agree (Swindells and Thornton, 1993). 
Side chains are generally well resolved at 
only a better resolution (-1.8 A or less). It 
has been shown that the frequency of 
strained side chain conformations in pro- 
tein crystal  structures decreases up to a 
resolution of 1.8 A (Schrauber et al., 
1993). However, with further improve- 
ment of resolution, this number actually 
increases for many amino acid types (Table 
3). This result seriously questions the tra- 
ditional rotamer approach because large 
deviations from rotameric states occur 
systematically (5 to 30% of all side chains 
depending on amino acid type) and can- 
not be traced to errors in the structures 
analyzed (Table 3). Often, the non- 

rotameric state is caused by tertiary side 
chain-side chain interactions (Figure 7); 
therefore, the number of strained side 
chains (about 20%) is another estimate 
for the extent of the combinatorial effect 
in side chain packing, The expected num- 
ber of strained side chains under the as- 
sumption of independent conformations 
can be estimated with the Boltzmann dis- 
tribution and is only about 4% for a 2 kcal/ 
mol strain at room temperature. Appar- 
ently, the relaxation of some side chains 
is sacrificed for the global fold to be 
achieved (Schrauber et al., 1993). 

Future improvements in side chain pre- 
dictions appear to be tightly connected 
with the improvement of molecular-me- 
chanical energy functions because the 
energetic costs for straining a side chain 
and the energetic differences between 
varous rotameric states are not very large. 
More sophisticated techniques for search- 
ing the side chain conformational space 
will show their advantage in comparison 
with existing algorithms only in conjunc- 
tion with a more discriminative energy 
function. The next generation of side chain 
placing algorithms may profit from both 
classes of continuum and discrete search 
techniques with successive steps of testing 
combinatorial packing within a rotamer 
approach and of exploring the local energy 
minimum with a continuum method. 

D. Recognition of Tertiary 
Structural Features with 
Seq uence-Analyt ical Met hods 

The sequence-analytical methods de- 
scribed in this section have been used to 
give hints as to whether a query amino acid 
sequence may belong to a certain structural 

62 

C
ri

tic
al

 R
ev

ie
w

s 
in

 B
io

ch
em

is
tr

y 
an

d 
M

ol
ec

ul
ar

 B
io

lo
gy

 D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
ah

ea
lth

ca
re

.c
om

 b
y 

89
.1

63
.3

4.
13

6 
on

 0
1/

06
/1

2
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.



TABLE 3 
Percentage of Side-Chain Conformations Belonging to Rotamer Classes 

Amino 
acid 

PHE 

TYR 

TRP 

HIS 

LEU 

ILE 

MET 

ARG 

LYS 

GLU 

GLN 

VAL 

THR 

SER 

CYS 

2.0 1.89 Number of 
rotamers N 

4 
5 

4 
4 

6 
6 

6 
6 

4 
9 

5 
7 

3 
5 

7 
5 

7 
7 

7 
8 

7 
7 

3 
4 

3 
3 

3 
3 

3 
3 

441 

442 

181 

278 

905 

61 1 

224 

409 

723 

594 

41 6 

90 1 

720 

936 

288 

R' N 

72.8 310 
81.9 

72.6 332 
75.8 

74.0 121 
78.5 

45.7 198 
68.0 

74.7 638 
84.1 

78.6 431 
83.1 

58.9 147 
77.2 

62.6 297 
65.8 

55.2 504 
60.7 

64.8 403 
69.4 

67.5 311 
73.6 

91.3 669 
94.0 

92.4 546 
92.6 

83.4 685 
85.3 

91.0 223 
92.4 

75.8 97 75.3 33.3 
84.8 81.4 37.3 

74.1 134 73.9 33.0 
76.2 74.6 36.7 

76.9 32 81.3 34.8 
80.2 78.1 41.4 

50.0 76 57.9 12.2 
71.7 69.7 22.6 

79.6 186 78.0 44.0 
86.5 87.1 49.3 

81.7 154 83.1 43.5 
86.5 88.3 50.2 

61.9 56 62.5 22.3 
78.9 82.1 30.9 

64.0 91 65.9 26.7 
66.3 70.3 31.2 

57.1 191 66.0 26.0 
63.3 69.1 29.6 

68.0 133 69.2 30.3 
72.2 73.7 33.6 

68.2 78 65.4 30.5 
74.3 73.1 33.5 

93.1 226 94.7 71.5 
95.4 96.5 74.1 

94.7 203 92.1 72.6 
95.1 92.6 76.1 

83.9 259 86.5 56.6 
86.0 90.0 59.3 

92.4 73 91.8 65.6 
93.7 93.2 65.2 

Number of 
rotamers for 
the optimal 

gridC 

21 

21 

23 

42 

39 

42 

29 

43 

48 

51 

45 

9 

9 

9 

7 

63 

C
ri

tic
al

 R
ev

ie
w

s 
in

 B
io

ch
em

is
tr

y 
an

d 
M

ol
ec

ul
ar

 B
io

lo
gy

 D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
ah

ea
lth

ca
re

.c
om

 b
y 

89
.1

63
.3

4.
13

6 
on

 0
1/

06
/1

2
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y.



TABLE 3 
Percentage of Side-Chain Conformations Belonging to Rotamer Classes 

Number of 
rotamers for 

Amino Number of 2.0 1.89 lS9 Ax= the optimal 
acid rotamers N R' N R' N Ra &loob gridC 

ASP 3 657 46.1 462 50.2 137 48.2 19.8 34 

ASN 6 550 37.5 435 40.7 151 38.4 13.8 54 

a Rotamericity (in accordance with the criterion Ax, = f20" and A h =  SO") of the amino acids 
types. For each amino acid two values are given. The upper row corresponds to the 
rotamers in the library of Ponder and Richards (1987), while the lower row refers that of 
Schrauber eta/. (1993). The rotamers in both sets correspond to local minima of the 
intraresidue potential energy and/or to peaks of distribution density in the c-angle space. It 
must be emphasized that the number of rotamer observations for both rotameric sets were 
derived from the same dataset corresponding to the tertiary structures listed in Table 1 of 
Schrauber eta/. (1993). The number of rotamers in each library is listed. The three 
resolution thresholds for the crystal structure datasets are 2.0 A, 1.89 A, and 1.59 A. 
Additionally, in the last two cases the R-factors were less than 0.19. "N" is the number of 
residues in the dataset. "R" is the percentage of them with torsions within f20" of the 
rotamers. For ASP and ASN rotamericities, only the rotamers from the Ponder and Richards 
library were taken. The very low rotamericity values illustrate the 'wide distribution of their 
side-chain conformations. The rotamericities are lower at the 1.59 A resolution limit com- 
pared with the values at 1.89 A resolution for the amino acids PHE, TYR, TRP, HIS, GLN, 
THR, CYS, and ASN, that is, mainly for amino acids with bulky side chains for which the side 
torsion angles can be reliably determined using crystallographic methods. 
The rotamericity values for the criterion Ax1,2 = f10" (instead of AXl,2 = e0") at the 2 A 
resolution level are listed. As a rule, the rotamericity is halved for all amino acids with at least 
two torsion angles. 
Schrauber eta/. (1993) estimated the number of rotamers to cover all sample points in the 
2 A resolution protein structures. A square grid with a spacing of 40" (in accordance to the 
criterion Ax1 = G O "  and A&= f20") was moved in the X1/k-plot. The number of squares with 
at least one sample point in them was determined. The last column in this table contains 
the minimal number of occupied squares for the optimal grid. For VAL, THR, SER, and CYS 
the maximally possible number of rotamers for the grid described would be 9; for PHE, TYR, 
and ASP it is equal to 45; and for the remaining amino acids 81 rotamers cover the whole 
Xl/&-space. The data in the table shows that the residues are spread over about one half 
of the x,/&-plot. 

family of proteins. At the beginning, the 
known sequences and structures of a given 
protein family (folding class) are analyzed 
and multiply aligned. Then conserved se- 
quence properties are extracted. The hy- 
pothesis that the query amino acid sequence 
(or a significant domain of it) may be re- 

lated to a structural family is put forward if 
the sequence properties of the folding class 
are found in the new sequence. 

From the logical point of view, the 
discriminative power of this approach 
should be limited because it is not a priori 
clear whether a given sequence property is 
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characteristic for only the family under 
consideration. The reversibility of an im- 
plication is not obvious. For example, we 
cannot say that everythmg with a handle is 
a door and we may open it. However, in the 
practice of sequence analysis, this way of 
thinking is unexpectedly often successful. 
The structure and function of an unknown 
protein can be tested experimentally if it is 
supposed to be related to a protein family 
with well-studied members. It is at least 
worth investigating it further. 

Various techniques have been applied 
for the purpose of predicting features of 
the tertiary structure of proteins from se- 
quence. We suppose that the following list 
is by no means complete: 

Global and local sequence alignment, 
sometimes combined with secondary struc- 
ture prediction 
Alignment with property profiles 
Search for patterns of amino acid types 
Search for patterns of physical properties 
of amino acids 
Discrimination by amino acid composi- 
tion or dipeptide frequencies 
Generalization of sequence properties by 
neural networks. 

Some of the techniques have been reviewed 
extensively in previous sections. The dis- 
cussion here is restricted to some impor- 
tant aspects in the context of predicting 
tertiary structural motifs. 

Sequence alignment techniques are 
used frequently to investigate possible struc- 
tural similarity of proteins. Sequence iden- 
tity above a threshold of 25 to 30% implies 
structural similarity with a high probability 
if the alignment length exceeds a threshold 
of about 70 residues (Doolittle, 1981; 
Chothia and Lesk, 1986; Sander and 
Schneider, 1991). The margin of 50% se- 

quence identity was established as thresh- 
old below which many structural param- 
eters such as r.m.s.d. between C, atoms, 
residue accessibility, side chain torsion 
angles, and contact numbers are increas- 
ingly less conserved, although the overall 
fold and the secondary structural elements 
may not change (Hilbert et al., 1993; Flores 
et al., 1993; Rost et al., 1994; Rost and 
Sander, 1994b; Chelvanayagam et af., 
1994). 

With lower sequence similarity, typi- 
cal sequence alignment methods can be- 
come unreliable. At the same time, se- 
quences belonging to a protein structural 
family show sequence identities down to 
3% (Pascarella and Argos, 1992b), which 
is clearly below the level of random ex- 
pectation. The globin family, a remark- 
able example of topology conservation, 
displays sequence pairs with identities as 
low as 12% (Pascarella and Argos, 1992b). 
Pickett el a/ .  (1992) showed that sequence 
similarity between (@), barrel proteins is 
only marginal. As was demonstrated by 
Bell etal. (1993), the sensitivity of se- 
quence alignment techniques can be en- 
hanced with secondary structure predic- 
tion and interactive intervention taking into 
account biochemical and structural con- 
siderations. Through the use of automatic 
tools removing redundant matches and 
biased composition from the list of pro- 
tein similarities obtained after database 
searches, the efficiency of using local 
alignment procedures such as BLAST for 
searching distantly related sequences may 
be improved (Sonnhammer and Durbin, 
1994). 

Distant relationships between se- 
quences may be found by alignment to 
property profiles. Profde analysis (Gribskov 
et a/., 1987; Gribskov et al., 1990; Bowie 
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et al., 1990; Liithy et al., 1991; Liithy et al., 
1994; Thompson et al., 1994; Henikoff and 
Henikoff, 1994) is a method to detect pro- 
teins distantly related to a known family; it 
compares a query sequence with a linear 
profile containing implicit information from 
multiple sequence alignments and/or struc- 
tural results such as the secondary struc- 
ture assignment. As a result, both the gap 
penalty and the amino acid preferences are 
position dependent in the alignment. At 
present, profile analysis is the standard 
method for detecting distant relationships 
between amino acid sequences and for large 
database searches. A recent example is the 
detection of the “pleckstrin homology” 
domain in more than 70 sequences since 
1993 (Musacchio et al., 1993; Gibson et al., 
1994). The tertiary structures of a few 
members of this family are known at 
present. 

The recognition of one or several pat- 
terns of amino acid types can be consid- 
ered as a hint pointing to some protein 
family (see Section II.B). A large compila- 
tion of single sequence patterns is con- 
tained in the database PROSlTE (Bairoch, 
1993). Another database PRINTS with “fm- 
gerprints” comprising sets of motifs that 
characterize folds better than single pat- 
terns has become available recently 
(Attwood and Beck, 1994). Neural net- 
works have been trained with direct input 
of conserved sequence pieces in multiple 
alignments (Frishman and Argos, 1992). 
The trained nets have been subsequently 
applied for &tab= searches to detect other 
sequences containing the same conserved 
regions. The method performed better than 
profile search for integrases, DNA-poly- 
merases, and immunoglobulins. 

While the search for amino acid type 
patterns is similar to local alignment, the 

pattern search technique of Rohde and Bork 
(1993) resembles features of profrle analy- 
ses. From a multiple alignment of con- 
served sequence segments characterizing a 
structural family or a structural feature, 
patterns of conserved physical properties 
of amino acids are derived. The algo- 
rithm allows the inclusion of gaps. The 
MAKPATPROPAT technique of Rohde 
and Bork (1 993) has shown its efficiency 
in the detection of remote homologies 
and in the localization of structural ele- 
ments. The ATPase domain of actin and 
hsc70 was found in prokaryotic cell cycle 
proteins and sugar kinases (Bork e ta l . ,  
1992). Shuffled domains were observed 
in various mosaic (mainly extracellular) 
proteins (Bork, 1992). A helix capping 
motif with glycine has been identified 
for 501 out of 575 existing cases in a set 
of selected proteins from the Brookhaven 
Protein Data Bank (Preissner and Bork, 
1991; Bork and Preissner, 1991). 

Busetta (1988) considers the protein 
fold a chain of secondary structural ele- 
ments. The ability of the query amino 
acid sequence to fit to this constraint is 
measured by a function of amino acid 
secondary structural propensities. The 
method has been applied to discuss model 
topologies for phosphoribosyl transferases. 
The sensitivity of the technique is compa- 
rable with secondary structure prediction 
methods using residue propensities (see 
Section III.B). 

Amino acid composition was shown to 
discriminate strongly between protein struc- 
tural classes (folding types). Some authors 
suggest to use the same criterion for pre- 
diction of folding class (protein structural 
family). For example, Dubchak et al. (1993) 
use the amino acid composition as input 
for neural networks trained to recognize 
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four-helix bundles, parallel (ap), barrels, 
nucleotide binding folds, and immunoglo- 
bulin folds. For proteins not contained in 
the training set, their prediction accuracy 
was above 80%. 

Dippride frequencies have been uti- 
lized to predict GTP-binding domains as 
contained in the translocation elongation 
factors (Solovyev and Makarova, 1993) and 
for clustering a sequence database into pro- 
tein families (van Heel, 1992). The matrix 
of size 20 x 20 containing dipeptide fie- 
quencies in a query sequence was used as 
input for neural networks for checking the 
relatedness to 45 folding classes and 4 fold- 
ing types (Reczko er al., 1994; Reczko and 
Bohr, 1994). The prediction accuracy was 
reported larger than 80%. Every amino acid 
sequence of a sequence database was as- 
signed to one of these classes in the DEF 
database (Reczko and Bohr, 1994). Based 
on known structures belonging to the rec- 
ognized protein family, distance matrices 
are predicted for the query sequence, which 
may be used to construct an approximate 
low-resolution 3-D structure. 

The amino acid accessibility is an 
important tertiary property the knowledge 
of which can reduce the conformational 
space to be searched. Ycas (Ycas, 1990) 
has estimated the distance of an amino 
acid residue from the protein midpoint 
from its hydrophobicity. Neural network 
approaches to the prediction of amino 
acid accessibility have been described 
(Holbrook et al., 1990; Rost and Sander, 
1994b). Another method is based on en- 
vironment-specific amino acid substitu- 
tion tables (Wako and Blundell, 1994a). 
Because of the lower conservation of ac- 
cessibility within protein families, the im- 
provement in prediction accuracy from 
the use of multiply aligned sequences is 

not as large as in the case of secondary 
structure prediction and the correlation 
between the predicted and observed ac- 
cessibilities is only in the range of 0.36 
to 0.77 for different sets of sequences 
(Rost and Sander, 1994b). 

V. CONCLUSION 

It is clear from this review that the task 
of predicting a protein’s atomic resolution 
tertiary structure from sequence informa- 
tion is both daunting and yet essential, es- 
pecially given the vast gap between the 
number of known primary and tertiary 
structures. Nonetheless, as also shown in 
this treatise, considerable progress is in 
evidence and the goal will likely be 
achieved in many small but significant steps 
over time, especially as no new chemical 
principles will probably be needed beyond 
those already known. 

Already on the horizon are methods to 
predict the backbone fold to within 2 to 5 
8, r.m.s. deviation from the sequence of 
small, mostly helical proteins, Techniques 
to place substituted side chains for half of 
the residues in normal sized proteins are 
presently available with accuracies border- 
ing 1.5 8, r.m.s. deviation. 

The ever-increasing number of experi- 
mentally determined primary and tertiary 
structures bodes well to crack the sequence- 
to-structure riddle; more information in the 
form of multiple sequence and structure 
alignments can only help with resulting 
knowledge of the constraints and a variety 
of residue types possible at the various 
main chain sites. It can be expected that 
computational techniques will appear to 
optimize use of this evermore abundant 
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information. Evidence is also available that 
most, if not all, energetic potentials will be 
formulated with accuracy in the not-so- 
distant future; the present day nemeses of 
electrostatics and entropic estimations for 
the sidegroups as well as solvent are in- 
creasingly lessened. Such progress provides 
hope that the sequence/folding relationship 
can ultimately be expressed in an ab initio 
rather than heuristic fashion, representing 
profound comprehension of protein stabil- 
ity and functional mechanisms. 
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