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Abstract

In the past years, much effort has been put on the development of new methodologies and algorithms for the prediction of
protein secondary and tertiary structures from (sequence) data; this is reviewed in detail. New approaches for these
predictions such as neural network methods, genetic algorithms, machine leamning, and graph theoretical methods are
discussed. Secondary structure prediction algorithms were improved mostly by considering families of related proteins;
however, for the reliable tertiary structure modeling of proteins, knowledge-based techniques are still preferred. Methods and
examples with more or less successful results are described. Also, programs and parameterizations for energy minimisations,
molecular dynamics, and electrostatic interactions have been improved, especially with respect to their former limits of
applicability. Other topics discussed in this review include the use of traditional and on-line databases, the docking problem
and surface properties of biomolecules, packing of protein cores, de novo design and protein engineering, prediction of
membrane protein structures, the verification and reliability of model structures, and progress made with currently available
software and computer hardware. In summary, the prediction of the structure, function, and other properties of a protein is
still possible only within limits, but these limits continue to be moved.
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1. Introduction

It is not yet proven that the protein folding prob-
lem, i.e. the definition of a unique (mathematical and
physical) code that connects sequence-derived infor-
mation with a three-dimensional structure, exists
within our current mathematical and physical model
of the macrocosm. Our low-resolution, anthropocen-
tric description of nature and natural processes must
not necessarily allow the denotation of a mathemati-

' This publication is dedicated to Professor Dr. Rainer Jaenicke,
on the occasion of his 65th birthday.

cal relationship between the sequence and the three-
dimensional structure ? of complex molecules; how-
ever, the application of more than three spatial di-
mensions for structural considerations of proteins is
just emerging [1,2]. On the other hand, there are no
serious doubts that in nature each protein sequence
in its defined, natural environment (usually an aque-
ous solution) adopts a particular native structure

> In the following, the term ‘‘structure’” refers to the tradi-

tional three-dimensional representation of macromolecules. A de-
scription of objects in more spatial dimensions is usually not
feasible with respect to the limited power of imagination in
humans.
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which we can measure in at least three dimensions.
The depiction of an algorithm predicting these
three-dimensional structures with a sufficient degree
of reliability is a highly desirable objective in terms
of rational design of proteins and drugs, for biotech-
nological as well as for medical purposes.

The current state of structure prediction has been
summarized in a series of previous reviews [3-17];
for an introduction into the field of structure calcula-
tion methodology, see the excellent study of Scher-
aga [12] on peptide structure prediction and the
comprehensive review by Eisenhaber et al. [16] on
several aspects of protein tertiary structure predic-
tion. Also, the fundamental obstacles in terms of
computation have been addressed in a number of
recent publications [13,18—21], and the mathematical
basis for structure prediction methods with respect to
their NP-completeness has been discussed [22,23].

During the past few years, special interest has
been put on the modeling and accurate prediction of
antibody variable regions [24-33]. Also, the predic-
tion of segments of periodic secondary structure
classes based on the respective sequence information
solely, occasionally complemented by information
derived from homologous proteins, is still an area of
interest [4,6,34-41], although no significant im-
provement could be noted in this field. On the other
hand, knowledge-based methods for the prediction of
tertiary structures established from information of
homologous proteins [42] has made considerable
progress, and is now generally accepted as the most
promising approach to date for protein structure pre-
diction. Research regarding the design of new or
improved drugs is another important field in molecu-
lar structure prediction and structural design which
complements the efforts in modern molecular
medicine and biotechnology [13,43-56]; however,
this is beyond the scope of this review.

2. New algorithmic approaches

In the past, much work was carried out on the
development and improvement of computer pro-
grams for secondary structure prediction, energy
minimisation, and molecular dynamics; meanwhile,
different ideas originally raised in related fields of
modern science were adapted to the protein folding

problem. Four techniques should be mentioned in
this context: (i) machine learning; (ii) genetic algo-
rithms; (iii) neural network methods; and (iv) graph
theory.

In machine learning, rules are deduced from
known relationships between information elements
that are subsequently generalized. These rules are
then the central component of the approach; un-
known objects can serve as input to a program
implementing these rules. Most work in this area has
been performed in order to evaluate rules between
the primary and secondary structure of proteins, i.e.
in order to improve the quality of secondary struc-
ture prediction [57]. A program based on machine
learning, PROMIS (PROtein Machine Induction Sys-
tem), has proven to be similarly useful compared
with other secondary structure prediction approaches,
with an average accuracy of 60% for the prediction
of three states (helix, sheet, coil) for proteins of
unknown domain type [58]. A similar method was
developed for the deduction of significant properties
of amino acids in predefined sequence patterns with
known three-dimensional structures that serve as
starting signals for a-helices of proteins, in order to
improve secondary structure prediction by the pre-
cise assignment of bordering residues, at the same
time avoiding redundant physical information [59].

A thorough study of the quality of machine learn-
ing compared to traditional methods and also to
neural network algorithms has been presented by
Sternberg et al. [60). The resulting program GOLEM
uses inductive logic programming, and has (as one of
three tasks) shown success in predicting protein sec-
ondary structure elements from sequence data which
is comparable to the more traditional methods, in-
cluding neural networks. The authors conclude that
rules deduced from machine learning algorithms,
together with human intervention, are a powerful
tool, especially for the investigation of stereochemi-
cal properties of biological macromolecules.

Apart from the structural predictions of native
protein conformations, computer programs based on
machine learning theory were also developed for
predicting functional properties of enzymes [61] and
for the structure—activity relationships of ligand
binding to proteins [43], with the successful example
of modeling the binding of trimethoprim analogs to
the active site of dihydrofolate reductase.
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Genetic algorithms are based on the observation
that evolution usually proceeds gradually by the
selective analysis of advantages and disadvantages of
a mutation, i.e. a small change in the initial state of a
system. The respective genetic algorithms iteratively
find solutions to a problem by a permanent change in
equation terms and parameters, and subsequent anal-
ysis of the results, using methods called ‘“mutation’’,
‘‘recombination’’, and ‘‘selection’’; optimisation is
thus performed by stepwise improvements based on
selection. Therefore, genetic algorithms represent ef-
ficient search methodologies for nearly optimal solu-
tions of mathematical puzzles where a straightfor-
ward algorithmic code is not yet known.

Until now, only little work has been published in
this area with respect to the protein folding problem
[62-65]. Two-dimensional lattice simulations for
conformational search performed with genetic algo-
rithms have demonstrated to be significantly superior
compared with traditional Monte Carlo methods [66];
populations of conformations of polypeptide chains
are ‘‘mutated’’, here by conventional Monte Carlo
search steps, and crossover takes place by exchang-
ing parts of conformations between structural indi-
viduals. Genetic algorithms have also proven to pos-
sess high potential for the simulation of the evolution
of motifs, i.e. the evolution of zinc finger structures
starting from random structures, and the ab initio
folding of a four B-strand protein maintaining a
compact hydrophobic core of the protein [67]. The
latter approach was subsequently used for the predic-
tion of the main chain folding of small proteins, e.g.
crambin, cytochrome, and hemerythrin [68].

An extraordinarily successful use of genetic algo-
rithms has been reported for the docking in five
distinct protein—ligand systems; here, the protein is
considered to be semi-flexible, while the ligand is
fully flexible [69]. Water molecules are included in
the calculation in a way that the ligand must remove
loosely bound water molecules from the docking site
of the protein molecule in order to achieve binding.
The results show excellent agreement with experi-
mental data.

In contrast to genetic algorithms, numerous work
has been published in the past few years on the
usability of neural network methods in protein struc-
ture research. Computational neural networks mimic
the animal neural system. In principle, simple neural

networks consist of processing elements in several
layers; the elements (called ‘‘neurons’’, in analogy
to the respective biological units) are interconnected
between the layers in a network-dependent fashion.
Information and signals are transferred through these
connections and processed by the neurons. The con-
nections are numerically weighted; the weights are
gradually changed and adapted in the ‘‘training
phase’” or ‘*learning phase’’, until each pattern pre-
sented to the input layer of neurons is accurately
projected onto the corresponding resulting pattern on
the output layer. Predefined threshold values of the
incoming signals have to accumulate in each respec-
tive processing element before an output signal is
passed on to the connected neurons in the next layer.
After an iterative optimisation regarding the optimal
network topology, and the subsequent adaptation of
the network parameters and weights to the problem
under investigation, the network is ready to be used
in the *‘recall phase’’, where patterns are presented
to the input layer that were not part of the training
phase. An important advantage of neural networks is
their sensitivity to detect subtle patterns in the in-
coming data which may in some cases not be recog-
nized by statistical or algorithmic methods. Also,
neural networks may be applied to problems even
without prior knowledge of an algorithmic correla-
tion between the input and the output data, such as
the relationship between the primary sequence and
the native structure or the regular secondary structure
elements of a protein.

The approach has gained much attention in sev-
eral areas: (i) secondary structure prediction of pro-
teins is the main application for neural network
research at the moment, and will be discussed in
detail later in this review [35.70-82]; (ii) predicting
structural and functional features of proteins and
nucleic acids [83-88] as well as sequence analysis,
phylogeny, and rational design [89-91]; (iii) analysis
of spectral properties of proteins, especially far-ultra-
violet (far-UV) circular dichroism (CD) spectra [92—
94] or nuclear magnetic resonance (NMR) spectra
[95] (cf. Section 17); and (iv) tertiary structure pre-
diction, often combined with energy minimisation
[60,96,97]. On the other hand, a critical analysis of
the performance of a neural network compared with
sophisticated statistical methods [83] has demon-
strated that the advantages of neural network ap-
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proaches may eventually disappear when both types
of analysis are carried out with greatest care. A
summary on neural network methods in protein
structure calculation, especially in the area of sec-
ondary structure prediction, can be found in [72,84].

Graph theoretical methods have been tested on
predicting B-sheet topologies from protein se-
quences [98]; here, graph theory extends the topolog-
ical description of proteins by the efficient incorpora-
tion of long-range interactions and connections. Four
different notations characterizing the topology were
derived by this approach; these may be used further
to analyze and describe [B-sheet topologies in pro-
teins. In a different approach, graph theoretical as-
pects were used for the formulation of four rules
describing commonly occurring kinetic processes in
enzyme Kinetics and in protein folding kinetics [99].
Apart from graph theory methods, rules of formal
grammar were the basis for a linguistic approach to
sequence analysis [100). The high-order structure of
biological sequences may be analyzed by general-
purpose parsers for syntactic pattern recognition, i.e.
in eukaryotic protein-encoding gene sequences; this
helps in distinguishing species-specific signals from
compositional or syntactic components in gene struc-
ture prediction.

3. Traditional databases

The most promising approach for a reliable and
useful protein structure prediction from sequence
data are knowledge-based approaches [101,102] (see
Section 13). These algorithms rely on information
derived from experimental data on the structures of
biological macromolecules. The amount of data
which is available today (and which is still increas-
ing exponentially) has therefore led to increasing
demands for an efficient storage and retrieval system
for these data, i.e. commercially available relational
database systems [103]. Apart from the traditional
flat-file data storage system which is used in the
common Brookhaven Protein Database (PDB) and in
wide-spread sequence databases (EMBL, SwissProt,
GenBank), there are special databases with a higher
level of organisation either under development [104]
or already available [105]. A searchable database for
three-dimensional structures has been developed from

the chemistry database of the National Cancer Insti-
tute (NCI) Drug Information System (DIS), contain-
ing approximately 450000 compounds, which have
been tested by the NCI for their anticancer activity
[106]. Other useful databases were generated for
structurally aligned folding families [107] and for
protein structure—sequence alignments {103,108].

An interesting activity that is already commonly
used is the connection of the major protein and
nucleic acid sequence databases with relevant publi-
cations cited in MedLine, a database system named
““eNTREZ’’ [104] which is maintained at the National
Center for Biomedical Information (NCBI) and the
National Library of Medicine (NLM). It may be
obtained in a version on CD-ROMs (currently five)
or accessed on-line via the Internet.

The definition of concepts for standardized
molecular sequence data storage and access is still
under development; a data description standard pro-
posed at the NCBI (named ASN.1) may be expected
to be the basis for sequence data formats for the
future. Most of the databases in structural biochem-
istry and molecular biology follow different strate-
gies and concepts, but as a common denominator
many of them were intended as tools for
knowledge-based approaches to protein structure
prediction. A database on secondary structures (PSS:
Protein Secondary Structures) that correlates se-
quence data derived from the PIR sequence database
and (crystallographically derived) structures from the
PDB has been developed [109]. A central feature of
this database is that secondary structures, sites, re-
gions, and domains of structural interest are dis-
played in conjunction with the respective sequence;
this may be a helpful tool for the analysis of new
sequences. The computer software also includes re-
trieval of corresponding peptide fragments, and hy-
drogen bonding patterns.

The database of known protein sequences is ap-
proximately two orders of magnitude larger than the
database of known structures [108,110]. Therefore, it
is useful to extend the experimental data in the
structural database by homology-derived models cal-
culated from sequence data: sequences collected by a
special comparative algorithm are here held together
with a homologous structure, and the derived sec-
ondary structure information of the resulting ‘‘sec-
ondary structure models’’ are compiled in a special
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database (HSSP) containing the aligned sequences,
secondary structure, sequence variability, and a se-
quence profile. Model structures of the aligned se-
quences may be implied, but are not explicitly stored.
The database may be useful in determining the struc-
tural significance of matches in sequence database
searches, and in deriving the structural role of con-
served residues.

Another approach [111] dissects the database of
known protein structures into (currently) 154 differ-
ent families, with a sequence identity below 30%;
related sequences (30-70% sequence identity) are
clustered within the respective family, whereas highly
related (> 70% sequence identity) protein chains are
removed from the database due to the redundancy of
the information. The database may be useful for
understanding protein architecture as well as for the
design of proteins, and is publicly available. A more
recent approach used a different method for the
generation of a non-redundant structure database
[112]. First, sequence alignments for proteins from
the structure database with more than 35% sequence
identity were used to identify families of homolo-
gous proteins. From these families, one representa-
tive (highest resolution, best R-factor) was selected;
structure comparisons between all members of this
set revealed a dataset of homologous proteins. An
extension of the method was applied to generate a
dataset of analogous proteins, with related folds but
more diverse structures. From 1410 protein chains
used for this work, a set of 150 non-homologous
families (and 112 non-analogous folds) were derived.
This is in close agreement with the work described
before. The ‘‘non-biased’’ redundancy in the protein
structure database [113] is often an undesirable fea-
ture for statistical analysis; therefore, Hobohm and
coworkers addressed this problem by two different
algorithms, resulting in a dataset of 155 chains for
the largest non-redundant set of non-homologous
proteins (30% identical residues for alignment sub-
segments longer than 80 amino acids), again in close
agreement with the work described above.

A database with information on hydrogen bonding
in highly resolved protein structures has been pub-
lished recently [114]. The authors examined 42 struc-
tures from the protein database in order to find rules
and trends for hydrogen bonding and hydrogen bond-
ing patterns: 68% of all hydrogen bonds are between

backbone atoms; secondary structure elements have
extended hydrogen bond networks, an average of
82%; almost all backbone hydrogen bonds comprise
interactions within a single secondary structure ele-
ment; sidechain to backbone hydrogen bonds are
clustered at the termini of helices: helices often
possess networks of hydrogen bonds, not only simple
1:1 relationships between donor and acceptor
residues; the number of hydrogen bonds is roughly
proportional to the content of periodical secondary
structure in the protein, and linear proportional to the
number of residues. These rules and trends could be
valuable sources for further research, i.e. for ma-
chine learning approaches to structure prediction and
verification.

A database with 316 different properties com-
puted for 23 highly resolved protein crystal struc-
tures has been demonstrated to be useful in the
mathematical definition of “‘frequent’’ features of
proteins and serves as a valuable tool for protein
engineering, structure verification for both crystal
structures and homology-derived protein structures,
and property definition, i.e. for dissecting ex-
tremophilic proteins from mesophilic ones [115]. A
summary on methods for database analysis with
respect to protein engineering has been published
recently [116].

4. On-line information access via the Internet

The increasing amount of data in molecular bio-
logical and structural disciplines that are available
today, together with the increased complexity of data
verification, quality control, and hardware, software,
and maintenance costs, make it highly desirable for
the research community to have easy on-line access
to centralized databases via public networks, such as
the common Internet [117-122]; for an introduction
into the history, structure, and services of the Inter-
net, see [123-126]). The advantages of world-wide,
distributed databases compared to (many) local
database copies are obvious: (i) the data contents are
always as actual as possible; (ii) storage and mainte-
nance costs are minimal; (iii) optimal expertise on
the databases can accumulate at the responsible site,
thus generating ‘‘centers of excellence’’; (iv) soft-
ware and data contents or data format updates, and
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Some important mailservers for molecular biology and biomolecular sequence and structure research, taken from the list collected by Dr.

Amos Bairoch

Service name

Respective organisation

Description

E-mail address

Biosafety

BLAST E-mail

server

BLITZ electronic

mail server
(MPSRCH)
GRAIL (Gene

Recognition and
Analysis Internet
Link)

HUGEMAP

MOWSE

NetGene mail
server

nnpredict

PredictProtein

Protein Sequence

Analysis  server
(PSA)

RETRIEVE dbsts
E-mail server

Intemational Centre for Ge-
netic Engineering and Bio
technology (ICGEB), Trieste
(Ttaly)

National Center for Biotech
nology Information, National
Library of Medicine,
NIH/Bethesda (USA)

Edinburgh University Bio-
computing Research  Unit
(UK), and European Bioin-
formatics Institute, Hinxton
(UK)

Oak Ridge National Labora-
tory (USA)

CEPH-Genethon, Paris
(France)

Imperial Cancer Research
Fund, and SERC Daresbury
Laboratory (UK)

Department of Physical

Chemistry, Technical Uni-
versity of Denmark, Lyngby
(Denmark)

University of California, San
Francisco (USA)

Protein Design Group, Euro-
pean Molecular Biology Lab-
oratory, Heidelberg (Germa-
ny)

Biomolecular Engineering

Research Center, Boston
University, Boston, MA
(Usa)

National Center for Biotech
nology Information, National
Library of Medicine, NIH,
Bethesda (USA)

Retrieval of documents that covers various safety aspects
of biotechnology, especially: laboratory chemical and
biosafety; use and release of genetically modified organ-
isms; biodiversity issues pertinent to biotechnology

The Brast family of programs employs an heuristic
algorithm to compare an amino acid query sequence
against a protein sequence database or a nucleotide query
sequence against a nucleotide sequence database, as well
as other combinations of protein and nucleic acid searches
MPsrch allows you to perform sensitive comparisons of
your protein sequences against the SwissProt database
using the Smith and Waterman best local similarity
algorithm. Runs on the MasPar family of massively
parallel machines; the fastest implementation of the algo-
rithm available on any machine

System for predicting protein coding regions in human
DNA sequences using a neural network approach

Allows to access Genethon’s human physical map data on
clones, YACs, or STSs

Peptide mass fingerprint E-mail server service. MOWSE
allows the identification of known proteins from a set of
molecular weights (mass spec) determined after proteolytic
digests

Produce neural network predictions of splice sites in
vertebrate genes

Analyze a protein sequence and send back a prediction of
the secondary structure using a two-layer, feed-forward
neural network method

Analyze a protein sequence and send back a multiple
sequence alignment performed by a weighted dynamic
programming method (MaxHom) and a secondary struc-
ture prediction produced by a profile network method
(PHD)

Analyze a protein sequence and determine which se-
quence—structure models are the most probable explana-
tions of the input sequence. The analysis is particularly
well suited for analyzing novel sequences that are unlike
any others in the sequence databanks

Allows the retrieval of Sequenced Tag Sites (STS) se-
quences from the dbSTS collection

docserver@icgeb.
trieste.it

blast@ncbi.nlm.nih.
gov

blitz@ebi.ac.uk

grail@ornl.gov

hugemap@ genethon.
fr
mowse@dl.ac.uk

netgene@virus.fki.
dth.dk

nnpredict@celeste.
ucsf.edu

predictprotein@embl-
heidelberg.de

psa-request@darwin.
bu.edu

retrieve@ncbi.nlm,
nih.gov

The complete list may be obtained by using the standard Internet file transfer **ftp’’ to the computer ‘‘expasy.hcuge.ch’’; in the directory
‘‘databases /info’’ the file ‘‘serv_ema.txt’’ always contains the latest catalogue of server. Examples shown are from the current version 3.11

of the database.
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continuous support are easier to maintain. In the
following, only two aspects of the broad spectrum of
information access via public ‘‘data highways’’ are
considered: simple access to mailserver by electronic
mail (E-mail) [119,127], and comprehensive access
via the world wide web system (WWW) [118,128].

Mailserver are special computer implementations
that allow users to access data or services by simply
sending an E-mail embedding special commands
which the server is able to interpret [82,129]. A
ubiquitous command for all mailserver is usually
““HELP”’, which automatically causes the server to
send a list of allowed commands to the requesting
E-mail address. Mailservers are now usually substi-
tuted by the much more comfortable way of interac-
tive information access via the WWW. In Table I,
some commonly used mailservers for molecular and
structural biology are listed. The most comprehen-
sive database of mailservers is maintained by Dr.
Amos Bairoch from the University of Geneva,; Table
1 shows some examples from this list.

The WWW consists of a dynamic network of
computers that provide services to the community,
i.e. database access. The hypertext network in WWW
allows access to all services virtually via any entry

point to the network; Table 2 lists some important
servers for biomolecular structure research. There are
currently more than 10000 WWW servers on the
Internet, and the number is still growing. The WWW
is therefore discussed to be one of the most impor-
tant information tools for research in the future, with
virtual unlimited access to any knowledge databases.
Due to this increasing size of information sources,
there is an increasing demand on ‘‘search robots’’. A
most useful search entry point in this respect is the
““WebCrawler’” system (http: / /webcrawler.com).

5. Sequence-based calculations and the role of
individual amino acids

The computational analysis of protein and nucleic
acid sequences in order to elucidate structural or
functional constraints, and for comparison of consec-
utive information contents in biological macro-
molecules, is still one of the fundamental tasks in
molecular bioinformatics [18]. In studies regarding
the sequence—structure relationship at the termini of
parallel B-strands [130], there was significant con-
servation among the properties of the residues at

Table 2

A selection of useful sites at the World Wide Web that are relevant in the context of this review, and may be useful entry points into the
web

Description Hypertext link

Brookhaven Protein Database

Cambridge Crystallography Data Centre
CERN Home Page

EBI, the European Bioinformatics Institute
EMBL Bioinformatics Resources

European WWW Server

GenomeNet WWW server

Harvard University: Bio-services worldwide
Harvard University: Biochemistry services
Johns Hopkins Biolnformatics Web Server
Library of Congress WWW Home Page
NASA Jet Propulsion Laboratory

NCBI Blast Server

NCBI Entrez (DNA /RNA, Protein, Medline)
NCSA’s Homepage

NIH/Natl. Center for Biomedical Information
NIH Molecular Modeling Home Page
Recombinant DNA Technology Course
Restriction Enzyme Database

http: / /www.pdb.bnl.gov /

http: / /csdvx2.cede.cam.ac.uk /

http: / /info.cem.ch /

http: / /www.ebi.ac.uk /

http: / /www.embl-heidelberg.de /

http: / /www.tue.nl /maps.html

http: / /www.genome.ad.jp/

http: / / golgi.harvard.edu /biopages /all.html

http: / /golgi.harvard.edu /biopages /biochem.html

http: / /www.gdb.org /hopkins.html

http: / /leweb.loc.gov /

http: / /www.jpl.nasa.gov /

http: / /www.ncbi.nlm.nih.gov /Recipon /blast_search.htmi
http: / /www.ncbi.nlm.nih.gov /Search /Entrez /index.html
http: / /www.ncsa.uiuc.edu /General /NCSAHome.htm]
http: / /www.ncbi.nlm.nih.gov /

http: / /www.nih.gov /molecular_modeling /mmhome.htm!
http: / /lenti.med.umn.edu /recombinant_dna /recombinant_flowchart.html
http: / /nearnet.gnn.com /wic /bio.12.html

For finding databases and information services on special
(http: / / webcrawler.com).

topics, search robots should be used, e.g. the *~WebCrawler”
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these sites (“*B-breakers’’). The authors demonstrate
that these residues are conformationally homoge-
neous with respect to sidechain solvent accessibility,
and backbone dihedral angle profile. Only a small
subset of amino acids (with higher conservation than
the rest of the residues under consideration) is ob-
served at these sites, corresponding to the capping
signals found for helices [131]. Here, the authors
conclude that the helix signal (N-terminus) consists
of a reciprocal backbone-sidechain hydrogen bond-
ing  (N_yecnain = N + 3pacbone)  iNteraction termed
‘‘capping box’’; the signal is found at the N-termini
of helices in proteins (15 examples in a set of 161
helices from the protein database). These rules for
capping of periodical secondary structure elements,
together with studies of the natural amino acids on
their helix-forming capacity in alanine-based pep-
tides [132], may improve secondary structure predic-
tion methods and machine learning approaches for
protein architecture studies.

The special role of cis- and trans-proline and
hydroxyproline, their structures in collagen, and the
influence of neighboring chemical groups on the
structure of proline has been examined by chemical
synthesis and X-ray diffraction studies [133]. In or-
der to determine the influence of proline residues on
the conformation in their native environment in pro-
teins, all proline residues in the Brookhaven protein
database were examined with respect to local struc-
tures [134]. The outcome was — as expected — that
proline has a highly unique role for the determina-
tion of local conformations. An extension of the
approach with information theory applied to the
probability for all natural amino acids to be in a
distinct zone of the Ramachandran diagram demon-
strated that the influence of local sequence informa-
tion determines about 65% of the local conformation
[135], with the rest (35%) influenced by long-range
interactions. This result has been previously dis-
cussed to be the main limiting factor for the success
rate of secondary structure prediction.

A major problem of structure prediction by ho-
mology (knowledge-based structure prediction) is still
the alignment of two or more related sequences
[108,110,136-138]. At low sequence homology, the
best alignments found by scoring schemes may often
not be the structurally correct ones; this has led to
the development of approaches for the evaluation of

suboptimal alignments [139]. Recently, filtering of
suboptimal alignments based on core volume consid-
erations and packing potential has been investigated
[140]. The algorithm has proven to be superior to
traditional optimizing alignment methods in cases of
the difficult alignments of immunoglobins, distantly
related globins, and plastocyanin with azurin. The
resulting filtered alignments are demonstrated to cor-
respond more closely to the structurally correct
alignment than the alignments performed with tradi-
tional methods.

Ring et al. [141] have analyzed 432 loops (4-20
residues in length) from a total of 67 proteins, thereby
generating a conformation-based classification
scheme for loops in proteins. By using a special
denotation derived from this structural analysis, they
found that these loops have positional preferences
for amino acid residues similar to those described for
B-turns.

The correlation of secondary structure and
sidechain torsion angles with the hydration of serine,
threonine, and tyrosine [142], has revealed that both
parameters have a significant influence on the pat-
tern of solvation of serine and threonine, but not on
tyrosine, since the hydroxyl group is too far away
from the main chain to reflect secondary structure.
Crystallographically resolved water molecules on the
surface of proteins may bridge hydrogen bond donors
and acceptors, thus adding a further problem to the
prediction of protein structures from sequence. For a
reliable prediction bound water molecules must be
taken into account.

An important point mentioned in the past was the
meaning of local similarity between unrelated pro-
teins for structure prediction. The question is to what
extent the local sequence influences its correspond-
ing structure. Here, a careful approach revealed the
important result that local sequence does nor neces-
sarily indicate a structural similarity except for evo-
lutionary or functional reasons [136]. Similar, non-re-
lated sequence fragments from the protein database
(often with 25% identical sequence, plus 25% “‘con-
served’’ exchanges) do not exhibit any structural
relationship. This means that prediction methods
based on fragment built-up from functionally unre-
lated proteins are unlikely to be generally useful,
despite the fact that these methods have been demon-
strated to be successful in singular cases in the past.



G. Bohm / Biophysical Chemistry 59 (1996) [ -32 9

The same holds for the use of patterns of physico-
chemical properties associated with a certain se-
quence for secondary structure prediction [143];
however, the current size of the protein database may
pose severe limitations on the predictability of sec-
ondary structure elements (see above). The authors
conclude that with a sufficiently large database the
prediction of secondary structures may unravel seg-
ments which are important for early folding interme-
diates. In contrast, if homologous protein families
and subfamilies are used as the primary database for
sequence—structure correlations [144], there is con-
vincing evidence that regions may be predicted to
have a unique and unambiguous structure related to
the local sequence. These common sites are thought
to serve as folding nuclei for the assembly of sur-
rounding elements since they are heavily involved in
interactions with the rest of the protein. Experimental
data available for some of the cases studied are in
accordance with the hypothesis.

The prediction of surface regions from sequence
has been improved markedly [145]. Tripeptides con-
taining polar residues are used as markers for surface
probability statistics; 83—86% of the observed sur-
face regions were correctly predicted, with reduction
of the number of wrong overpredictions compared to
previous reports. In contrast to this, evidence is now
accumulating that sequence statistics alone do not
allow the prediction of e.g. the extremophilic proper-
ties of proteins from halophilic or hyperthermophilic
sources [146]; the proposed *‘traffic rules of adapta-
tion’’ to extreme environments do not hold when an
unbiased database is used for the statistics, and when
evolutionary diversity is mixed up with adaptation
mechanisms.

6. Protein secondary structure prediction

Several reviews, methods, and publicly available
computer programs have been published in the last
few years on the prediction of protein secondary
structures [3,4,6,37,39-41]. Secondary structure pre-
diction methods may also be applied for the im-
provement of interpretation of low-resolution experi-
mental results, i.e. for the prediction of the structure
of the proteasome [147].

A promising approach in the area of prediction is
the use of neural network methods {72,73,80] (see

above). One of the first examples for this method
[70] used 48 proteins in the learning dataset, in order
to teach the relationship between primary sequence
and secondary structure to the neural network. For
the recall dataset of 14 proteins in a three-state study
(helix, sheet, coil) the overall accuracy was 63%,
with a peak accuracy of 79% for the strongest pre-
dictions (for 31% of the residues). This early ap-
proach therefore marks no major improvement com-
pared with traditional methods of secondary structure
prediction by statistical and knowledge-based meth-
ods. However, a complex, cascaded neural network
for the prediction of secondary structure fractions of
globular proteins [75] already showed improvements
by the inclusion of information on the probability of
residues to be buried in the protein core (or on its
probability for the surface of the protein), and by
inclusion of non-specific long-distance contact maps.
The average success for this approach was 68.3%
correct prediction for three different types of sec-
ondary structures.

Training of a two-layer, feed-forward neural net-
work on 130 non-redundant proteins from the protein
structure database [79] led to a final accuracy of
prediction of 70.8% for globular, water-soluble pro-
teins, again an improvement over the method de-
scribed above. Additional improvement was gained
by inclusion of related families of proteins (identi-
fied by multiple alignments) instead of single-mem-
ber families. Extensive tests were performed on the
value and accuracy of the method; of particular
interest is the assignment of reliability indices for
each position. Sites predicted with high reliability
index had prediction accuracies of 82% and better.

In contrast, the comparison between prediction of
all-helical proteins and prediction with the com-
monly used three-state model (helix, sheet, turn) [77]
indicated that no significant advantage may be
achieved by the reduction of predicted states; this
holds for a neural network approach as well as for
inductive logic programming. Results are also simi-
lar for different datasets, with 12 [57] or 130 [79]
proteins, and different output layer characteristics. In
a recent study, however, the introduction of con-
straints on structural classes of proteins led to signif-
tcant improvements in prediction accuracy of a neu-
ral network, resulting in up to 79% correct prediction
of all-helical proteins, despite the low number of
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cases available for the study [71]; the limits on the
all-helical prediction approach are discussed else-
where [74]. In total, the neural network method for
the prediction of secondary structure elements from
sequence data has steadily been improving over the
past five years, and is now a widespread method for
prediction with average accuracies between 65 and
80% correctness.

Another technique uses predicted physical proper-
ties of proteins (instead of the text-like representa-
tion of sequences which is commonly used) as a
marker for a certain sequence position and imple-
ments a digital encoding algorithm [148]; the correla-
tion between sequence-derived profiles (but not the
sequence itself) and the respective secondary struc-
ture can be predicted with an average accuracy of
approximately 75% by this method.

A machine-learning approach (termed ‘‘GOLEM’’)
using relational descriptions has been shown to be
superior to traditional statistical prediction methods
[57]. Again, physical and chemical properties are
used as background knowledge by the program. Only
a-helical proteins (12 proteins from the structure
database) were used for the input data and learning
set, and 4 non-homologous proteins were used as test
cases. Prediction accuracy was 81% correctly pre-
dicted residues, which is significantly better than the
standard Garnier—Osguthorpe-Robson (GOR)
method (72%) and previously published, simple neu-
ral network approaches (76%). Slightly worse results
were reported with a pure but sophisticated pattern-
based approach [36] for a-helical proteins; a success
rate of 71% for overall prediction and 78% for core
helical features was observed. N-caps, helix core,
and C-caps were investigated and predicted sepa-
rately (and with markedly different success) in this
model. A similar success was reported for the use of
a more sophisticated nearest-neighbor algorithm
[149]; success rates rank up to 71%.

In general, there are two major approaches for
further improvement of secondary structure predic-
tion independent of the algorithm and method used.
(i) The usage of homologous sequence information
for the prediction (reviewed in [34]); the success rate
for the prediction of triosephosphate isomerase
(TIM)-barrel like proteins has been reported up to
95% correct prediction in these cases [150]. (ii)
Inclusion of knowledge from experimental data de-

rived from far-UV CD (or related) spectroscopy
[151,152}. Here, up to 5.3% improvement for a
standard three-state prediction may be achieved com-
pared to a solely sequence-based prediction. A more
recent approach to predict protein secondary struc-
ture using CD spectra has been published [93]; here,
two different types of artificial neural networks were
tested: (i) a three-layer backpropagation network,
and (ii) a hybrid self-organisation to backpropagation
network. The training dataset consisted of the CD
spectra of 22 proteins using the jack-knife technique
for testing the prediction on each protein. The perfor-
mance compares well with that obtained by other
statistical and neural network methods, and may
even increase with an expansion of the basis dataset.
A further procedure for the improvement of sec-
ondary structure prediction is the use of combination
of several (mostly independent) algorithms and ap-
proaches, thereby hoping that disadvantages and
weaknesses of the methods used cancel each other. A
hybrid approach with three parallel expert systems
has been described [76], using a neural network
algorithm, a statistical method, and a memory-based
reasoning module. First, the three modules learn
predictions independent of each other (similar to the
traditional methods); then, a ‘‘combiner’’ module
makes final decisions based on the output of the
three expert modules. Interestingly, for about 20% of
the cases (107 proteins in the study), all of the three
expert modules made identical but wrong predic-
tions, thus suggesting that this barrier of prediction
accuracy cannot be overcome by using local infor-
mation only, and may indicate spots where non-local
interactions play a significant role for the conforma-
tion. For 64% of the residues, two expert modules
predicted the correct secondary structure, and for
77% of the residues at least one expert module made
correct predictions, thus suggesting that there is still
some space for improvement of the method.
Another combined approach used a two-step
method [145,153). The first step was the discovery of
boundaries of periodical secondary structure ele-
ments by combining hydrophobicity, accessibility,
and flexibility parameter-based predictions. Within
these boundaries, five different statistical algorithms
were used in the second step to predict the local
class of secondary structure. After fine-tuning of the
approach by elimination of less successful methods,



G. Bohm / Biophysical Chemistry 59 (1996) 1 -32 11

the method ended up with 80% correctly predicted
regions in 30 proteins of known structure. Despite
inherent problems of the method (discussed in [153]),
the approach has been proven to be useful for further
studies. The combination of neural network methods
and evolutionary information [81], and the usage of
multiple alignment of the sequences under considera-
tion within their family of related sequences [38,154]
can also improve otherwise weak secondary structure
prediction attempts.

A joint prediction which combines the ‘‘best’’
aspects of six different methods, including statistical
and neural network approaches, has been described
in [35]. Several steps were taken in the adjustment of
the method: (i) optimisation of each method individ-
ually; (ii) weighting of each method; (iii) combina-
tion of scores from the methods; (iv) discriminating
three secondary structure type scores (helix, sheet,
coil) at each residue position in order to indicate the
secondary structure of highest score. Application of
the program termed ‘‘Q7-JASEP’’ to 45 proteins from
the database revealed excellent results and accuracy
comparable to other combination approaches, and
better performance than each of the six methods
alone.

An optimisation of the widely used GOR method
for the prediction of secondary structures with re-
spect to B-structures has been published [155]. Inter-
nal and external B-sheets are discriminated based on
their hydrogen bonding pattern; this is an extension
of the method towards three-dimensional structure
predictions, since additional information regarding
the location of predicted sheets is presented. A criti-
cal analysis of several implementations of the GOR
method is discussed in [41].

In conclusion, there is no doubt that secondary
structure prediction methods tend to be refined and
improved, with slowly increasing success rates over
the last ten years. On the other hand, one should bear
in mind that secondary structure predictions are only
act | of the protein tertiary structure prediction drama,
and are useful in this respect only when there is
100% accuracy and 100% reliability. Also, informa-
tion on the secondary structural class of a certain
residue only allows an approximation of its back-
bone conformational state, since there is still consid-
erable conformational heterogeneity within the topo-
logical classes ‘‘helix’’ or “‘sheet’’.

7. Tertiary structure prediction

Some recent reviews and comments summarize
the progression in the area of protein tertiary struc-
ture prediction from sequence data [16,156,157], es-
pecially with respect to improvements in the tradi-
tional approaches. Due to their small size, peptides
are often used as primary models for the evaluation
of the principal applicability of complex methods. In
this respect, the conformation of the 29-residue rat
galanin neuropeptide was studied using a Monte
Carlo method combined with energy minimisation
(MCM) and a further electrostatically driven Monte
Carlo (EDMC) method [158]. The polypeptide chain
is first treated in a ‘‘united-residue’’ approximation,
in order to explore the virtually complete conforma-
tional space. Subsequently, the low-energy united-re-
sidue conformations are converted to an all-atom
representation, and EDMC simulations are carried
out for the all-atom polypeptide chains. The lowest-
energy conformation had a non-helical N-terminal
part packed against the non-polar face of a residual
helix that extended from proline 13 toward the C-
terminus. The final results are in qualitative agree-
ment with the available NMR and CD data of galanin.

A novel approach for tertiary structure prediction
of small proteins has been presented by Scheraga
[159] and coworkers on the simulation of the folding
pathway of bovine pancreatic trypsin inhibitor
(BPTI). The protein is described as an ellipsoid
characterized by three principal radii, and the path-
way from the unfolded to folded state(s) are de-
scribed by a dynamic equation. Constraining func-
tions are introduced to bias the folding path to a
compact structure. The result is a reproducible and
unique pathway leading from an unfolded to a na-
tive-like structure [root mean square (r.m.s.) devia-
tion between model and experimentally derived
structure: 1.9-3.1 AJ; however, the final model lacks
the important [30-51] disulfide bond. It is notewor-
thy that the compact, final structure is virtually
independent of the starting conformation chosen for
the unfolded state.

A sequence template method for the recognition
and prediction of proteins with the TIM-barrel motif
has shown only limited usefulness with respect to the
accuracy and reliability of the prediction [160]. The
( B/ a)g-motif is investigated in terms of conserved
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function of local residue positions, and global pack-
ing and volume. Motifs derived from the sequence of
segments were found not to be reliable indicators of
the fold when database searches and alignments were
performed, at least for distantly related proteins. On
the other hand, a profile method based on local
environment information of residues may be more
successful: it predicted three structurally yet un-
known proteins which are important for the biosyn-
thesis of aromatic amino acids as probable ( 8/ a)-
proteins [161].

A new algorithm describes the knowledge-based
generation of protein backbone and sidechain coordi-
nates from Ca-coordinates [162]. The algorithm is
based on the initial use of suitable peptide fragments
mapped onto the backbone trace; subsequently, an
optimal path for the complete backbone chain is
searched. The algorithm has been shown to generate
correct atomic positions within 0.4-0.6 A. Sidechains
are added based on a rotamer library in conjunction
with Monte Carlo dynamics and simulated annealing,
with an average error of 1.6 A (r.m.s. deviation) for
residues in the protein core. Also, the “‘fragment
built-up’’ procedure developed earlier by the group
of Dr. Harold Scheraga has been modified and im-
proved by the inclusion of statistical data of non-ran-
dom structural pairs of residues [163]. The calcula-
tions resulted in coordinate sets with similar confor-
mations of many residues to the native state.

On the other hand, the usability of peptide frag-
ments for modeling has been questioned by Fidelis et
al. [164]. A comparison between modeling based on
a database of known structures and a systematically
generated dataset that contains all possible conforma-
tions of a peptide revealed that the systematic search
procedure (i) generates almost all structures of short
segments found in proteins, and (ii) in contrast to the
database method results in low r.m.s. error structures
for a set of trial segments embedded in the rest of a
protein structure. Therefore, the systematic search
should be considered the method of choice in com-
parative modeling, since the current structure
database is obviously too small to allow reliable
extraction of structural fragments from it.

The deduction of a complete structure from a
subset of the coordinates, i.e. Ca-atoms, is an area
of great interest, and several methods have been
described with respect to reconstruction of complete

coordinate sets from C a-coordinates [165-167].
Taking two sets of information, the amino acid
sequence and a few atoms (ie. Ca-atoms), Dr.
Michael Levitt was able to accurately model the
structure of eight test proteins from the database by
segment matching [165]. The fast and fully auto-
mated method utilizes fragments from highly re-
solved protein structures which are fitted onto the
frame of the target structure. Deviations of all atoms
between models and experimentally derived struc-
tures were in the range of 0.9 to 1.7 A. Even if only
half of the C a-coordinates are present, or C @-atoms
are shifted in the initial template (up to 1 A), the
models are still reliable. In this work, it has also
been demonstrated that averaged coordinates from
several independent models can significantly im-
prove the quality of prediction. By the same author,
a simple lattice model was developed that allows
generation of all possible folds of a given chain for
small protein molecules [168]. By using simple struc-
tural and energetical criteria, native-like folds are
separated from the vast majority of non-native struc-
tures for five small, unrelated test cases. The method
may be applied generally, without prior knowledge
of structural details. The combination of the two
approaches may yield a new methodology for ab
initio tertiary structure prediction, with a lattice model
in the first step and the structure refinement by
segment matching in a second step.

Another method was developed to predict back-
bone tertiary structure folds from amino acid se-
quence alone [169). The method uses a simplified
representation of sidechain flexibility, and only seven
backbone structural states are allowed in this model.
In a further step, potentials of mean force are used to
refine the model with respect to local environments
of amino acids along the chain. The method allows
fast computation of a number of low-energy struc-
tures, and results are satisfactory when compared
with X-ray data, at least for short peptides where
local interactions play a dominant role in structure
determination.

Simple or complex energy minimisation methods
alone, or free-energy calculation approaches, do not
yet allow the deduction of a structure from a se-
quence; however, when a sufficient number of addi-
tional constraints exist, such as predefined atom-
atom distances derived from experimental data
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(““constrained optimisation’’), a unique structure may
be predicted [8].

In contrast to the problem of folding globular
proteins starting with a sequence and ending up in a
(native-like) structure, the inverse protein folding
approach addresses the question which sequences are
compatible with a given (known) structure, i.e. which
sequences can adopt a common fold, despite their
respective sequence relationships. The method is an
excellent supplement and verification for lattice
models designed for the ab initio prediction of struc-
tures from sequences only. Reviews and key ideas on
several approaches to the inverse protein folding
problems are presented in [22,137,170-173]. Data
discussed in [172] for artificial proteins are in good
agreement with experimental data, and the structure
of the four-helix dimer rop was predicted with 3-4
A accuracy.

A mathematical formalism based on the theory of
Markov random fields to the inverse protein folding
problem is introduced in [174]. Here, a large set of
(assumed) tertiary structures is used as starting point,
and the structures most compatible with a new se-
quence are deduced. The algorithm allows explicit
representations for the relevant amino acid position
environments and the topologies of the structural
contacts. The approach leads to a new, comprehen-
sive scoring function for comparing different thread-
ings of a sequence through the structure models. The
scoring function is very important for the success of
inverse protein folding approaches, since the compar-
ison of alternative structure models with each other
is usually the key step of the method.

The prediction of a structure from sequence by
evaluation of the compatibility of a sequence with a
hypothetical structure is presented in [175]. Here,
native structures are described as intramolecular and
solvent-directed contact interface vectors, and a
database of native vector types is derived. Then, the
sequence under consideration is fitted into a large
number of possible tertiary folds, and the quality of
each model is evaluated by the sequence preferences
summarized over the folded chain. Finally, the most
likely structure {(most compatible fold) is selected.
Applying several test cases and verification proce-
dures, the correct fold in the correct alignment may
well be identified amongst all alternatives, even at
low sequence similarity. The method is clearly supe-

rior to traditional secondary structure prediction
methods, and allows the structural prediction of un-
known proteins with relatively high rate of reliabil-
ity. However, the general applicability still has to be
shown. This sequence—structure threading approach
is now a method which has gained much interest
[176]; for an overview regarding the success and
pitfalls of the method, see [17].

Two different approaches for structure prediction
are presented in [177]. The structure of Interleukin-4
was predicted using experimental data from mutage-
nesis and CD spectroscopy, together with heuristic
prediction methods and constraints derived from
disulfide bonding patterns. However, the predicted
structure was similar (enantiomer) but not identical
to the experimentally derived structure. On the other
hand, proteinase structures important for medical
therapy of infectious diseases were computed by
comparative modeling, and used as templates for
drug design. Experimental verification of the appli-
cability of these non-peptidic drugs demonstrated
their biological activity. This demonstrates an in-
creasing trend in molecular bioinformatics: combin-
ing theoretical methods with experimental data and
approaches on the protein under investigation allows
significant progress in both areas of research (cf.
Section 17).

Simple models of protein folds are often used in
order to circumvent the problems of a precise algo-
rithmic imitation of nature, and the current limit of
computing time even with the most powerful ma-
chines; an excellent recent review describing the
current state of lattice models has been published in
[178]). The application of lattice models to structure
prediction is demonstrated in [179]; the structure of
simple, artificially designed proteins containing regu-
lar helices was predicted by fast lattice dynamics. By
using sidechain rotamer library information and po-
tentials of mean force for quantification of short-
range and long-range interactions, four-helix bundles
are predicted which are in agreement with experi-
mental data. However, prediction of proteins contain-
ing B-sheet elements has failed so far with the
method described above. A different work, using
random walk on a two-dimensional square lattice
[180] and using simple inter-residue contact poten-
tials, allows the discrimination of native from non-
native folds. [ncluding structure fragments of crystal-
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lographically resolved protein structures into the
simulation allows the determination of 37 different
proteins based on only 8 basis structures. In a recent
review, lattice models for the simplified representa-
tion of protein backbone structures were discussed
with respect to their quality, applicability, and relia-
bility [173], and therefore lattice models are not
discussed in detail in this review.

8. De novo design

The design of molecules ab initio, generally with-
out knowledge of related structures, is still a compli-
cated task which is currently feasible only for small
or structurally simple molecules or motifs. Most of
the work published in this area was therefore per-
formed on small organic molecules {50,55,181,182],
or on simple peptides and proteins of regular tertiary
structure [63,91,172,183-188]. The design of helix
bundles is a particularly interesting project which has
been performed in several groups independently, ei-
ther on three-helix bundles [189], on four-helix bun-
dles [190-192], or on seven-helix bundles [193].
Some other simple structures consisting of few peri-
odical secondary structures connected by loops were
designed during a molecular modeling course at the
EMBL, but were not yet subject to experimental
verification of the respective structures [191].

The identification of a protease inhibitor based on
the structure of the binding pocket of a homologous
protein (papain) has been performed on the cathepsin
L enzyme [194]. The structure of cathepsin L was
modeled from the homologous protease papain by
comparative modeling techniques (see later in this
review). The closely related binding pockets were
then used as frameworks for a search through a
database of small organic molecules; the size of the
pocket was taken as the primary key for the search.
The molecule identified by this relatively simple
method was shown to be a potent inhibitor of both
the parent protein, papain, and the modeled enzyme,
cathepsin L. In a different work, a computer program
(DEZYMER) was implemented that introduces new
ligand binding sites into known protein structures
[195]. Here, sidechains of residues at the binding site
were exchanged in order to remove steric hindrance
and allow optimal packing and hydrogen bonding.

The successful implantation of an artificial ion bind-
ing site for copper into E. coli thioredoxin indicates
that the method may be of value for several other
applications.

A novel, comprehensive approach to the creation
of artificial and modified proteins has been elabo-
rated [196]; this includes a sequence design based on
protein secondary structure and folding patterns, gene
expression in a cell-free system, and testing of struc-
tural properties of the synthesized polypeptide. A
new synthetic protein called albebetin has been de-
signed to form a fold which does not contradict any
structural rule, but on the other hand has been never
observed up to now in nature. It could be shown that
the artificial protein is nearly as compact as natural
proteins, unfolds cooperatively at high urea concen-
trations, and has some structural features of a defined
structure consistent with the designed one; the exper-
imental verification of the structure, however, has
still to be done.

Another methodology for designing proteins de
novo has been published [184] which automatically
produces sequences that are compatible with a prede-
fined tertiary structure, similar to the previously
discussed inverse folding approach. The method in-
corporates (i) statistical information, (ii) a theoretical
description of the protein structure, and (iii) struc-
tural motifs described in the literature. Two initial
model systems have been tested for the phage 434
Cro, and fibronectin type III domain folds. The
sequences selected by the algorithm are not homolo-
gous with known sequences from the respective fam-
ilies, and structural models based on the sequences
appear reasonable.

9. Surfaces of proteins and docking

The accurate description of molecular surfaces is
a most difficult task since these surfaces are highly
complex, irregular, and dynamic in solution
[197,198]; a description of protein surfaces in terms
of fractal geometry instead of the traditional euclidic
geometry may be useful [199]. On the other hand,
these surfaces determine the chemical reactivity, i.e.
the functionality, of the respective enzyme as well as
molecular recognition [200] and regulation processes,
and may even be used to discriminate native folds
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from non-native ones via solvent interaction analysis
[201,202]; an excellent review on this item may be
found in [203].

The docking problem, i.e. the definition of com-
plementary surfaces, binding orientations, and inter-
action energies of two or more distinct molecules,
may be simplified by the description of the interac-
tion of two surfaces with one fixed molecule and the
other molecule rotated and translated (six degrees of
freedom), in order to find optimal scores of interac-
tion. Obviously, this simple rigid-body approach does
not account for the dynamic properties of molecules
and their surfaces, on one hand, and molecular ef-
fects like ‘‘induced fit’’ binding on the other. A
counter-example for the applicability of rigid-body
approaches for precise description of interactions is
the binding of hirudin to thrombin, with major struc-
tural changes in hirudin observed upon association.
The approximation of surfaces [197,198] may lead to
simple insights into the properties of the molecule
under investigation; however, in most cases a com-
plex description is a more useful approach [115],
although it is more time-consuming and computa-
tionally costly.

Noteworthy developments are the automation of
protein/ligand docking based on surface comple-
mentarity [204-206] or with consideration of
sidechain flexibility [207], the docking and recogni-
tion between protein and DNA [208,209], the model-
ing of interactions between lectin and oligosaccha-
rides {210], the usage of conformational search meth-
ods together with precise algorithms for electrostat-
ics [211], estimates of binding affinities [212], and
the interaction analysis by molecular polarisation
maps [213].

Surface analysis with respect to the interaction
between protein and ligand may become a most
important tool for the correct prediction of docking.
In this respect, a recent work describing the interac-
tion in HIV reverse transcriptase (HIV-RT) is a
good example [214]. HIV-RT is a heterodimer with
a complex tertiary domain structure; simplification
of this domain structure by the alternative charac-
terisation in terms of solvent-accessible surface areas
allows the buried surface area of contact among the
different subdomains and also the HIV-RT-DNA
interactions to be described. Such analyses are im-
portant to extract features characteristic for specific

interactions with the DNA sequence, and features
that are not sequence-specific; here, non-specificity
is correlated with an increased area of contact be-
tween DNA and protein.

Protein—protein interactions (i.e. interactions be-
tween an antibody and the respective peptide anti-
gen) known from X-ray crystallographic analysis are
often close-packed interfaces of relatively constant
sizes (approximately on the order of 1.500 A2) and
hydrogen bonding pattern; water is usually excluded
from the interfaces [28,30-32,215,216]. A recently
published approach for their prediction used a steric
scoring scheme based upon a soft potential, and a
simple electrostatic model for antigen—antibody
docking [215]. Application to four model systems
revealed a precision of 1.9-4.8 A r.m.s. deviation for
the prediction of the complexes. Computer simula-
tions on similar interactions between molecules may
be helpful for the identification of rules for the
association of surfaces, especially for mutant pro-
teins with altered association sites.

On the other hand, simulations performed with a
grossly simplified molecular description (rigid-body
models, crude energy functions) can — aside from
correct predictions in some cases — lead to a mis-
leading docking of molecules in other cases [25,216].
Especially the discrimination between the native or
native-like complex (which is quite often among the
most likely candidates of several docking models)
and non-native docking orientations is a most form-
idable task. These non-native orientations often show
similar contact areas, hydrogen bonds, and polar or
electrostatic interactions similar or even numerically
superior to the data for the native state. Thus, ratio-
nal prediction of docking and association orienta-
tions between macromolecules continues to be an
exciting area of research, with significant progress
made in the past few years but not yet with a final,
‘“‘universal’’ algorithm and code applicable to all
kind of problems.

Also, the stability of a native, soluble protein
depends severely on its interaction with solvent
molecules, thus making the description of this term
highly important for molecular modeling [217,218].
A simple model for the interaction between protein
atoms and solvent atoms in the first hydration layer,
the solvent contact model, is described in [219]. This
model allows rapid estimates of physical properties
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that depend on the number and type of protein—
solvent nearest-neighbour contacts, allowing its use
in the fast calculation of protein solvation energies,
conformational energy calculations, and molecular
dynamics simulations.

10. Packing in proteins

Early as well as recent work on the sidechain
rotamer library approach for the prediction of residue
conformation, and the important effect of local pack-
ing [6,220-225] has now been extended to hard-
sphere models [226] of statistical and database ap-
proaches to structure prediction. Likewise, general
tendencies of the fold of a protein are driven by the
effort of the chain to assemble a densely packed core
[223,227], a property that divides structured
molecules like proteins from oil drops (both assem-
blies are thought to be driven by the hydrophobic
effect).

The importance of tight packing on the correct
folding of protein has also been demonstrated by
recent, unsuccessful attempts in protein design [228].
The important features of closely packed cores for
secondary structure formation has been confirmed by
lattice and non-lattice methods [229]. It seems not
always necessary to use full-atom model representa-
tions for the evaluation of the packing density; sim-
ple models of sidechains using one, two, or three
spheres for the approximation of the respective vol-
umes do allow a rapid estimate of densities [230].
With this method, residue contact pairs are also
considered in order to indicate reliability and quality
of a model structure.

The high impact of optimal packing in the core
region on the structural folding process in proteins
was also recognized in the past; a recent analysis
suggests that this is achieved by clusters of hy-
drophobic amino acids, surprisingly without any sta-
tistically significant, preferred interaction between
pairs of amino acid types [222]. On the other hand, a
different work performed on identification and anal-
ysis of preferred interaction, packing, and orientation
between pairs of residue types as well as atom types
finds significant distributions [231] which now may
be of value for the further development of modeling
and verification techniques.

11. Energy minimisation and molecular dynamics

Energy minimisation and molecular dynamics
(MD) calculations represent the traditional ap-
proaches for molecular structure calculations; how-
ever, there is still tremendous research in this area,
with continuing progress in algorithms, methodolo-
gies, and experimental parameterisations, but also
with respect to the now available enormous amount
of adequate computer facilities and CPU time, i.e. on
powerful workstations, parallel computers, and
workstation networks [232] ~ at least in comparison
to the “‘ancient’” times of MD simulations. Recent
reviews and related articles cover mainly the progress
in force field theory and parameterisation
[5,8,19,30,233-239]. Aside from the protein research
area discussed below, other molecules of biological
interest such as RNA [240] and DNA [241], lipid
membranes [242), or ligands, e.g. cyclosporin A
[243,244], were subject to investigations by MD.

Special emphasis has also been put on the simula-
tion of unfolding kinetics and the properties of the
denatured state of proteins by MD simulations
[159,245-249]. Also, simulations of the folding
pathways using a simple lattice model for globular
proteins and Monte Carlo dynamics have been exam-
ined [250], with yet limited precision due to compu-
tational requirements and therefore also with only a
poor value for the correlation with experimental data.

Energy embedding may be a suitable approach for
the efficient determination of energetically low local
minima in the potential energy hypersurface, eventu-
ally also the global potential energy minimum
[2,251]. The common algorithm starts by locating a
deep local energy minimum while the molecule is in
a high-dimensional (> 3 dimensions) euclidean
space, and then the molecule gradually smoothens
down to the traditional three dimensions in a relaxed
conformation. A variation of the method, called rota-
tional energy embedding, has been presented where
the descent into three dimensions is performed by
internal rotations. The method was able to locate
conformations close to the native state for avian
pancreatic polypeptide and apamin, given only their
amino acid sequences and a suitable potential func-
tion [2]. In addition, dimensional oscillation which is
a computationally fast variant of energy embedding
is introduced in [251]; it has also been found to
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sample conformational space and local potential en-
ergy minima with high efficiency. However, there is
no proof of the general and beneficial applicability
of energy embedding methods yet.

A method for the construction of a potential
function for approximate conformational calculations
in singular cases of globular proteins has been devel-
oped [252]. The potential has been parameterised to
reproduce the crystal structure of avian pancreatic
polypeptide, and therefore is able to predict quite
reasonably just this structure from sequence data
(but, of course, no other protein or peptide structure).
There is currently no evidence for a general applica-
bility of this approach. Also, a very efficient Monte
Carlo algorithm with additional usage of simulated
annealing and simple potential energy functions was
developed that generates reasonable models fast and
reasonably accurate [253]. The algorithm could in
general be used in automated, fast, and reproducible
model building by homology. An empirical potential
function for the recognition of protein folds has been
developed in [254]. It is able — within its predefined
limits — to select the native conformation for a se-
quence from a set of possible protein folds. None of
these approaches could be extended in order to
demonstrate its general usefulness yet.

A novel predictive method based on a digital
encoding algorithm has been presented in [148].
Physical properties of an amino acid sequence in-
stead of the sequence itself is used as input to the
binary encoding algorithm. The property profiles are
then used to predict secondary structures for proteins
with an predictive accuracy over 75%; however,
tertiary structures cannot be predicted yet, but the
method may be extended with respect to this.

An alternative method to the knowledge-based
approaches discussed later for the modeling of pro-
tein loops based on fast Monte Carlo calculations
and simulated annealing was developed and subse-
quently tested on loops from immunoglobulin, BPTI,
and trypsin [255]. In accordance with the immense
reduction in the description of physical properties of
the loop residues and the simple potentials that were
used, the average accuracy of the modeling is only
approximately ! A r.m.s. for the backbone and 2.3 A
r.m.s. for all heavy atoms. As a result, one can
conclude that knowledge-based methods are still su-
perior to this kind of MD simulation.

If MD simulations are carried out far away from
any molecular equilibrium, even small differences in
the starting conformations or parameterisation may
add up during the simulation and may eventually
result in significantly different results of otherwise
identical simulations, a behaviour known as chaotic
response [199). Therefore, many publications in the
past have set out to investigate protocols used in
MD, parameterisations, solvent conditions, and more
[97,256-265). Of special interest is the calibration of
dielectric properties of a protein by analysis of MD
simulations [266], however, depending on the exact
model parameters and approximations, the estimates
for the protein ‘‘dielectric constant’’ vary from 1.5 to
37. The results indicate that electrostatically precise
models could treat the protein core as a low-dielec-
tric medium, but the charged surface groups should
— surprisingly — be considered as part of the sol-
vent.

More selected examples on MD studies on dis-
tinct proteins are the human CD4 protein [267],
bacteriorhodopsin [268], a MHC—peptide complex in
order to predict potential T-cell epitopes [269], small
helical peptides in solution or within biological
membranes [270,271], subtilisin mutants [272], the
antibody binding site [29], binding of inhibitors to
dihydrofolate reductase [273], and anti-HIV drug
design [274]; much work has also been performed on
the dynamics of myoglobin [275-277]. Aside from
these efforts on myoglobin to correlate MD methods
with experimental values on the dynamics of a pro-
tein, the inclusion of thermal motions in crystalio-
graphically determined structures [278,279] and the
hydration of cavities in proteins [280] is also under
investigation.

12. Electrostatics and hydrophobicity

The theory of electrostatic interactions and the
resulting hydrophobic effect in biological macro-
molecules was the subject of some recent reviews
[223,281,282], and its relevance is still discussed
controversially. In general, the electrostatic be-
haviour of macromolecules may be deduced from the
analysis of properties of small molecules such as
hydrocarbons [283,284]. Here, a model for the curva-
ture dependence of the hydrophobic effect was de-
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veloped, thereby showing that the macroscopic con-
cept of interfacial free energy may also be applicable
at the molecular level; this assumption is not trivial.
Also, and again in the publications cited above, the
hydrophobic effect is found to provide a major driv-
ing force for protein folding. The calculated strength
of the hydrophobic effect (which is quantified ap-
proximately twice as high in this work as it had
previously been described) is discussed also with
respect to substrate binding and nucleic acid base
stacking, and general interpretation of computer sim-
ulations. The results are in agreement with the out-
come of site-directed mutagenesis experiments, and
have led to a new, improved scale of hydrophobicity
for the naturally occurring 20 amino acids.

The significance of the hydrophobic effect in the
stabilisation of helical structures was investigated in
[285]. Experiments on short peptides with modified,
neutral lysine residues at various positions showed
that methanol or low mole fraction mixtures of triflu-
oroethanol in water induce helical stability. This
effect was, as expected, highest for a peptide with a
pair of (modified) residues spaced by three other
residues. Together with recent calculations on the
electrostatic potentials in proteins and peptides in
conjunction with conformational search strategies
[262], and the analysis of the effect of point muta-
tions of hydrophobic residues on the protein stability
[286], these findings may be helpful for the design of
energetically stable helices in proteins.

A recent, careful analysis of the electrostatics of a
total of 141 protein structures from the protein
database has led to a better understanding of proteins
of different functional and folding type [287]. Here,
the analysis of charge—charge interactions to the free
energy of the native protein in comparison with
randomly scattered charge distributions revealed that
(i) charge—charge interactions are better optimised in
proteins with enzymatic function than in proteins
without enzymatic functions (i.e. structural proteins);
(ii) B/a-proteins are electrostatically better opti-
mised than pure a-helical or B-strand structures; (iii)
proteins with disulfide bonds obviously show a lower
degree of electrostatic optimisation; and (iv) the
rejection of repulsive contacts may be a more impor-
tant driving force for protein folding than previously
recognised.

Also, there is growing evidence that a careful

description of electrostatic effects at the interface
between the macromolecule and the solvent is of
highest interest for the analysis of protein stability
and folding. In this area, several key publications
have appeared in the last years, e.g. the comparison
of water solvation of BPTI with theoretical models
[288]. Neglect of electrostatic hydration energies can
introduce significant errors in molecular mechanics
calculations, and should therefore always be explic-
itly included in calculations, for example by a term
based on the widely used finite difference Poisson—
Boltzmann (FDPB) algorithm [289]. This term can
be quite easily incorporated into existing force fields
such as the popular CHARMm force field. A new,
robust, and efficient approach for solving the full
non-linear Poisson—Boltzmann equation has been de-
scribed in [290). This method allows quite precise
calculation of the electrostatics of a protein within a
sufficient short time for its integration into a molecu-
lar force field.

The protonation state of amino acids and of pro-
teins as a whole are another area of interest for the
application of electrostatic theory to macro-
molecules. Here, two important key publications have
appeared recently: a theory on the calculation of pK,
in proteins [291] and on the pH dependence of the
stability of proteins [292]. With respect to the pK,
calculation, the finite difference Poisson-Boltzmann
method was extended to include the complete charge
distribution of both the neutral and charged forms of
each ionizable group in the protein. This is discussed
to be mostly important for the correct treatment of
salt bridges. Application of the method to BPTI and
serine proteases demonstrates that the results are
reliable within a certain limit; however, more experi-
mental data seem to be necessary for the verification
and refinement of the method. With respect to the
pH dependence of protein stability [292], a new
method has been developed for the prediction of the
pH dependence of the denaturation free energy of a
protein. Calculations include a statistical mechanical
treatment similar to the determination of pK, as
discussed before. The overall shape of experimen-
tally observed denaturation free energies as a func-
tion of pH are similar to the calculations made. One
of the conclusions of this work is that due to desol-
vation effects, ionizable groups generally tend to a
destabilisation of the native state, although this effect
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is discussed to be highly dependent on the actual pH.
On the other hand, there are strongly stabilising
pairwise ionic interactions at the surface of the pro-
teins. The free energies of stabilisation in proteins is
thus — again — a complicated balance of stabilising
and destabilising forces in the system of protein and
solvent, a result which is not surprising.

Other applications derived from calculation of
electrostatic interactions in proteins include the cal-
culation of molecular polarisation maps as an indica-
tor for chemical reactivity [213], the prediction of
protein backbone coordinates with the help of pep-
tide dipole alignments [293], and the deduction of the
conformational free energies of loop segments in
protein structures [294]. The electrostatics of the
active site of proteins is of special interest if one
wants to understand the principles governing func-
tional properties of these enzymes. Two proteins
should be mentioned here: the cysteine protease pa-
pain, which was examined mainly by site-directed
mutagenesis [295] and the secretory protein phospho-
lipase A2 where known X-ray structures were sub-
ject to electrostatic calculations that explain their
electrostatic asymmetry [296].

13. Knowledge-based methods

Knowledge-based methods are the most reliable
approach for the prediction of protein structures at
the moment. This reflects the lack of a unique algo-
rithm for the folding problem, on one hand, and the
exorbitant increase in structural information by X-ray
and NMR methods, on the other. Recent reviews in
this area were published in [6,297,298]. Also, even
the methods for the prediction of protein structures
by knowledge-based methods were subject to a sys-
tematic, comparative analysis {299]. Here, a network
is generated that represents a prototype of a knowl-
edge-based system which in turn simulates the pro-
cesses used in protein structure prediction.

Aside from efforts to predict simple protein con-
formations from backbone coordinates [166,300,301},
the prediction of the side chain conformations by
rotamer libraries has also been examined
[167,302,303]. The definition and quantification of
substitution tables are of utmost importance for the
comparative modeling approach. These tables must

obviously be different for lipid-facing residues in
a-helical transmembrane domains [304] and for
globular proteins [305].

Another knowledge-based approach for the gener-
ation of full datasets from limited coordinates is
termed ‘‘segment match modeling’ [165] (cf. Sec-
tion 7), and is again based on a dataset of known
structures, the amino acid sequence and at least a C«
atom backbone (real coordinates) of the unknown
protein. Short segments of the sequence are fitted
onto this target framework. The selection of seg-
ments from the fragment database follows three dif-
ferent criteria: amino acid similarity, conformational
similarity, and Van der Waals interactions. The
method is quite successful: for eight test proteins of
various size, the r.m.s. deviation of the modeled
structures is between 0.93 A and 1.73 A. The ap-
proach works fast, reliable, and completely auto-
matic. This method may therefore be a useful exten-
sion to the modeling approaches discussed above
that generate only a Ca trace of the protein under
investigation.

Comparative analyses of three-dimensional struc-
tures of proteins provide useful rules for protein
structure prediction [171]. However, no general rules
concerning the quality and applicability of concepts
and procedures used in homology modeling have
been put forward yet. To achieve this, a large set of
known structures from different conformational and
functional classes, but various degrees of homology,
was analyzed carefully [138]. Pairwise structure su-
perpositions were calculated; it was shown that both
the topological differences of the protein backbones
and the relative positions of corresponding side chains
diverge with decreasing sequence identity. Below
50% identity, the deviation in regions that are struc-
turally not conserved continually increases, thus im-
plying that with decreasing sequence identity model-
ing has to consider more and more structurally di-
verging loop regions that are more difficult to pre-
dict. A further study in this respect was performed
on the level of singular residues, especially on struc-
tural constraints determining protein fold families
and functional classes, by a comparative analysis of
families of homologous globular proteins [306]. Here,
the classification of the residues in the proteins
showed that there are distinct patterns of substitution
of key residues within classes of related enzymes,
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mainly — and surprisingly — often in the case when
residues are at the same time solvent inaccessible
and hydrogen bonded.

A method to evaluate the structural similarity of
proteins has been developed in [307]. Homologous
protein fragments were extracted and a pairwise,
stepwise optimal superposition was calculated. With
this procedure, a systematic search for structural
similarities of proteins was performed, resulting in
the dissection of the complete protein database into
182 structural families. This conclusion is in qualita-
tive agreement with other work. A different method
was developed in order to compare protein structures
and to combine them into a multiple structure con-
sensus [308]. The algorithm is a fusion of the struc-
tural comparison program SSAP and the muitiple
sequence alignment program MULTAL. The progres-
sive combination of coordinate sets implies a hierar-
chical ‘‘condensation’’ of the structures; the visual
inspection of the coordinate superpositions demon-
strated that the method was able to identify a reason-
able core of amino acids for each structural family
under consideration.

Fully automatic procedures for the generation of
structures from sequences by knowledge-based
methods are useful, especially for novices in the area
of structure prediction. A new method uses rules that
translate multiple sequence alignments into distance
constraints for subsequent distance geometry calcula-
tions [309]. The success of the approach is demon-
strated by correct prediction of structures of several
trypsin inhibitors.

An interesting solution for matching globular pro-
tein sequences to the correct structural templates
known from the protein database has been presented
in [137]. In contrast to the traditional approach where
the sequence homology between the protein under
investigation and proteins from the Brookhaven
database whose three-dimensional structure are
known is calculated, a structural ‘‘fingerprint’’ li-
brary is used. This fingerprint is calculated for each
fold based on the contact map of amino acids and the
buried vs. solvent-exposed pattern of residues. The
method is able to correctly identify the structural
class for proteins having only weakly or unrelated
sequences, as has been demonstrated by several ex-
amples. Another sequence-independent method uses
a distance measure between the Ca-coordinates of

structurally similar proteins; this allows the alterna-
tive (sequence-independent) deduction of phyletic
classification between proteins [310].

A comparable approach to fold recognition where
sequences are modeled onto the backbone coordi-
nates of known protein structures has been published
in [311]. The method includes automatic modeling of
structures in a full three-dimensional space, based on
a predefined sequence. The ‘‘correctness’” of each
model structure is evaluated by empirical potentials.
This approach is also quite similar to the algorithm
developed earlier by Dr. Manfred Sippl and his
coworkers [298]. In order to improve the quality of
these mean potential approaches, several types of
statistical potentials (backbone dihedral angle, dis-
tance-dependent pairwise interactions, accessible sur-
face area) were calculated from known protein struc-
tures, and the results were compared [312]. Here,
residue interaction potentials from distances between
sidechain centroids perform significantly better than
those computed from inter-Ca or inter-CS dis-
tances, and also the combination of several potentials
is advantageous. Interestingly, potentials derived
from backbone dihedral angles recognise 68 protein
structures from a total of 74. It was demonstrated
that this highly encouraging result is not an artefact
based on the usage of a limited dataset of coordi-
nates.

Using structural information from five homolo-
gous members of the helical cytokine family, two
alternative models of interleukin (IL)-13 are pro-
posed in [313]. IL-13 has biological properties simi-
lar to those of IL-4 and, like the other interleukins, is
a potentially important pharmaceutical target. Struc-
tures of the receptors for the four-helix bundle cy-
tokines IL-2 and IL-4 receptors based on the struc-
ture of the complex of human growth hormone with
its receptor were calculated [314]. The models offer
structural explanations for the effects of mutation of
the A- and D-helices of the cytokines. In addition,
they may be of use in the identification of residues
which interact in the ligand-receptor interfaces.
Other examples for the structure prediction by com-
parative modeling are the E. coli tyrosine amino-
transferase derived from the homologous aspartate
aminotransferase [315], human glutathione S-trans-
ferase [316], and small «a-helical proteins [65].

The hypothesis that five of the six hypervariable
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regions (CDRs) in antibodies may adopt only a small
subset of possible conformations (*‘canonical ensem-
bles’’) has now been demonstrated by the successful
prediction of structures of hypervariable regions in
several antibodies [24]. Particular key residues in
these regions are responsible for the conservation of
the loop conformation, as has been shown by a
comparative analysis of structures.

Homology modeling has also led to a new hy-
pothesis on the origin of halophilic adaptation, i.e.
the unusual denaturation of proteins from halophilic
organisms at relatively low salt concentrations [317].
A model structure for dihydrofolate reductase (h-
DHFR) from Haloferax volcanii derived from com-
parative modeling to the respective E. coli enzyme
shows an unique asymmetrical charge distribution
over the protein surface, with positively charged
amino acids centered around the active site, and
negative charges on the opposite side of the enzyme.
This particular charge distribution seem to be func-
tionally relevant. The negative charges on the surface
form clusters which may be shielded at high salt
concentrations; at low salt, however, they repulse
each other, thus destabilising the protein. The results
presented are in accordance with experimental data
and, thus, provide an explanation for the exceptional
stability properties of h-DHFR.

14. Verification and reliability of predictions

The verification of protein structural models is
becoming more and more important; new methods
that emerge from the scientific community should be
checked with an independent test system for their
general applicability and reliability. However, there
is no standard protocol for this purpose at the mo-
ment [138]. A convincing method for structural veri-
fication that has widely been used during the last few
years has been developed by Dr. Manfred Sippl and
coworkers with their publicly available program
PROSA II (see [298], and references cited therein).

One of the most successful methods for the dis-
crimination between correctly and incorrectly folded
protein model structures utilizes three-dimensional
profiles indicating local environments (characterised
by polarity and solvent accessibility) around residues
[318--320], with tables indicating preferred physico-

chemical properties of these environments. It also
allows the determination of sequences belonging to a
structural class, despite their low sequence similarity
to the members of this class, by profile similarity
assessment; here, modified profile algorithms based
on statistical neighbor preferences are used [161].

An alternative method for the discrimination of
the native fold from thousands of alternative struc-
tures is based on a function describing interresidue
contacts [321]. For 37 training proteins from the
database, 10000 alternative structures were gener-
ated. In all cases of globular folds, the native struc-
ture was discriminated from all alternatives by sig-
nificant margins; the method also allows discrimina-
tion of protein folds that were not used in the
training set and thus demonstrates to be competent
for generalisation. On the other hand, closely related
structures, e.g. liganded crystal structures compared
with non-liganded ones or proteins differing at one
position by site-directed mutagenesis, have compara-
ble function values but are still discriminated from
non-native structures. The method convincingly al-
lows the decision to be made whether a native-like
fold has been generated during the course of a
modeling process.

Another diagnostic tool for the assessment of the
quality of modeled structures is based on atomic
solvation preference analysis [202]. Clear discrimina-
tion between deliberately misfolded and native pro-
tein structures was observed. The results are, how-
ever, only feasible when complete structures are
examined; the correct fold of parts of the molecule,
substructures or domains, is more difficult to prove.
Empirical solvation models were applied in the case
of trypsin inhibitor structure; 39 alternative confor-
mations that are more or less close to the native fold
could be correlated to a scale derived mainly from
NMR coupling constants, with a concordance of
0.939 [201]. In any case, there is a linear relationship
between the calculated solvation free energy and the
size of the protein [115,322] that allows the predic-
tion and quality analysis of unknown proteins and
model structures. Solvation parameters alone, how-
ever, should not be used as the only criterion for the
reliability assessment of models, since incorrectly
folded molecules may have similar values to native
proteins in some cases.

The correlation between the resolution of X-ray
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structures and clustering of backbone angles in the
Ramachandran diagram is another observation that
may aid in structure verification [323]; it suggests
measures of stereochemical quality of protein struc-
tures. A contact quality index calculated from known
highly resolved protein structures may be used as an
alternative, independent measure of reliability in pro-
tein crystallography; results demonstrate that there is
a correlation between the contact quality index (being
a measure for correct packing) and the resolution or
R-factor of the structure [324].

An elegant way for the examination of the cor-
rectness of a model structure by experiments has
been proposed in [325). Based on sequence data and
localisation of possible disulfide bonds, a structure
model for erythropoietin has been generated that
consists mainly of a four-helix bundle with three
interconnecting loops. This motif is a reasonable
choice since it is common within the cytokine fam-
ily. Site-directed mutants — mainly deletion mutants
— were then generated and investigated in bioassays.
Properties of all tested muteins were in accordance
with the proposed model structure, thus the model
may be termed reliable within the limits of the
resolution of the method chosen.

Another approach for the verification of structural
data uses a database of more than 300 statistical,
geometrical, energetical, and surface-based proper-
ties computed for 23 proteins of known structure
with high precision [115]. This database serves as a
knowledge base of properties of real, highly resolved
proteins structures and should allow the detection of
anomalous properties in model structures and in
non-trivial proteins like hyperthermophilic or
halophilic proteins. The resulting tool will be com-
plemented by a reliability index analysis based on
the comparison with properties of (slightly) mis-
folded proteins.

15. Membrane proteins

The modeling of the structure of membrane pro-
teins is a completely distinct task compared to the
modeling of globular proteins. Therefore, strategies
and concepts developed in one area are usually not
transferable to the other. The main reason for the
higher success of membrane protein structure predic-

tion [7] is the constraint on possible topologies im-
posed by the lipid environment in biological mem-
branes, and the targeting and insertion process of
transmembrane segments with subsequent condensa-
tion into a compact folded state. The transmembrane
segments are usually a stretch of highly hydrophobic
residues flanked by charged or polar residues and are
thus relatively simply to predict. Von Heijne [326]
has successfully predicted the topology of proteins
from bacterial inner membranes by a sophisticated
hydrophobicity analysis with subsequent automatic
generation of possible topologies. 23 of 24 inner
membrane protein topologies, and 135 transmem-
brane segments (with only one wrong case) were
predicted correctly by this method.

Even the de novo design of transmembrane o-
helices [193,304] has been demonstrated to be suc-
cessful. Most transmembrane seven-helix bundles
such as opsins and G-protein coupled receptors are
expected to be similar to the bacteriorhodopsin (BR)
fold which is crystallographically resolved, and
therefore used as a model for new algorithms
[88,227,327]; the designed model for the B,-adreno-
receptor has been shown to be physically plausible
and in reasonable agreement with experimental data,
thus providing a sound basis for additional experi-
ments, which should be a primary goal of any model-
ing approach.

Protein sequence divergence was used to predict
the structure of the transmembrane domain of
seven-helix membrane proteins [227]. The key proce-
dure is the calculation of a hydrophilic and lipophilic
variability index for each amino acid in an alignment
of a family of homologous proteins. This variability
profile was applied to bacteriorhodopsin and the
resulting model was compared with the known X-ray
structure. Some features of the known BR structure
were also found in the model structure, thus confirm-
ing the possible value of the method.

Artificial neural network models are also used for
membrane protein structure prediction [88,327]. A
neural net predicts putative transmembrane se-
quences and is usually also able to classify mem-
brane /non-membrane transition regions in se-
quences of integral human membrane proteins with
high accuracy [327].

The superfamily of bacterial porins [328,329] is of
special interest since they are responsible for the



G. Bohm / Biophysical Chemistry 59 (1996) 1 -32 23

selective sieve properties of the outer membranes of
gram-negative bacteria. Crystallographic studies have
revealed a symmetrical trimeric association of
molecules in the membrane with water-filled chan-
nels. A remarkable property of these proteins is their
high content of B-strands; for the prediction of these
B-sheet proteins, approaches different from the above
for a-helical proteins were developed. Alignment
studies in conjunction with hydrophobicity analysis
suggest that porins usually possess 16 transmem-
brane strands, which is in agreement with three
(non-related) crystal structures of porins. The protein
maltoporin (LamB) has been investigated in terms of
its general fold [330] and has been shown to be
compatible with the usual 16-strand mode! of porins,
despite its low sequence homology and significantly
larger size.

A new method for the prediction of topology and
secondary structure of membrane proteins based on
the recognition of topological models has been de-
scribed recently [331]. The algorithm utilizes statisti-
cal data derived from 83 well-known membrane
protein structures and a dynamic programming
method to describe membrane topology. The calcu-
lated tables indicate biases for certain amino acid
types towards inside, middle, or outside of cellular
membranes, and 64 out of 83 topologies were pre-
dicted successfully (77% correctness). An improve-
ment of the method may be gained by multiple
alignment methods. Additional enhancement for the
prediction of membrane protein topologies results
from the ‘‘positive inside’’ rule stating that posi-
tively charged amino acids occur more frequently at
the cellular side of transmembrane proteins than on
the extracytoplasmic side [332]. A combinatorial ap-
proach, connecting this information with other obser-
vations regarding the distribution of polar and
charged residues across the membrane, has been
demonstrated to be most valuable for the prediction
of membrane proteins.

16. Protein engineering

The rational design of artificial proteins with pur-
posely modified properties is a highly desirable goal
in molecular bioinformatics and biotechnology; in-
teresting aspects in this respect are (i) the improve-
ment of the stability [333,334] or function [51,335—

337] of native proteins, or the relationship between
stability and function [338]; and (ii) the deliberate
presentation of new properties, e.g. the implantation
of an ion binding site in an existing protein {195,339].
With respect to the latter, thioredoxin from E. coli
was taken as the target structure, and a copper-bind-
ing site which is crystallographically well known
from copper-binding proteins was introduced into the
buried hydrophobic core of thioredoxin (close to the
surface) by four amino acid exchanges. However, in
contrast to the design, copper did not bind in the
predicted manner but used only two of the newly
introduced residues of the coordination sphere, and
two other residues that were not part of the design
strategy. Mercury, however, seems to be coordinated
in the way that was predicted.

Point mutations are generally used to investigate
the structure and/or function of proteins. In a most
elaborate work, a set of possible predictive rules for
the effect of mutations on the structure, based on the
comparison of crystal structures of point mutants and
wild-types in a total of 83 cases, was derived [340].
Despite the simplicity of the rules, they describe well
the conformational changes in 85% of all point
mutant structures used in this work.

17. Correlation with experimental results

An important feature of most modeling ap-
proaches, aside from their reliability and quality, is
the connection to (and verification by) experimental
results [341]. There is not yet a standardized protocol
for the ‘‘quality control’”” of molecular modeling
methods; often, jack-knifing is used in knowledge-
based approaches to verify the independence of the
results on the basis data sets. Statistical methods for
the prediction of secondary structural elements often
quantify the success by analyzing correctly and
wrongly predicted positions. A direct comparison of
experimental results with predicted data is therefore
a strong, if not the best, indicator for the quality of a
method. This, however, requires that the protein is
purified and available in high quantity; particular
with respect to the immense efforts for the sequenc-
ing of complete genomes and expressed sequence
tags (ESTs) performed by molecular biological tech-
niques, this prerequisite is usually not fulfilled. On
the other hand, combinatorial methods connecting
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experimental methods with computer-aided predic-
tions have gained particular attention. An excellent
review on various aspects of the interpretation of
biochemical data by computational techniques may
be found in [19].

Circular dichroism spectra which are character-
istic and unique for the secondary structure composi-
tion of proteins are often used for verification of
structure prognoses; the deconvolution algorithms,
however, are still under investigation [94,342]. A
combination of statistical algorithms utilizing CD
spectra for secondary structure prediction has been
shown to improve the accuracy of prediction be-
tween 3.9 and 4.9% [151], on an average per-residue
basis, for a three-state prediction. Ultraviolet circular
dichroism (UVCD) and vibrational circular dichro-
ism (VCD) spectra of 20 proteins were analyzed in
terms of basis spectra, reflecting five independent
secondary structure elements [152]. The advantages
and disadvantages of different architectures of neural
network approaches (a three-layer backpropagation
network, and a hybrid self-organisation to backprop-
agation network) for the deconvolutions has been
discussed [93].

A method for the deconvolution of the near-UV
second-derivative spectra of proteins with respect to
their aromatic amino acids, i.e. their tryptophan,
tyrosine, and phenylalanine spectra, has been pub-
lished [343]; here, the contributions of individual
standard spectra of model solutions were fitted to the
experimental protein spectrum. No correlation be-
tween spectral band positions and average solvent
accessibility is observed for the three aromatic
residues, thus suggesting a significant influence of
other local effects on the spectra. This makes the
near-UV spectroscopy a highly sensitive method for
detection of subtle local changes on one hand, which,
on the other hand, is still poorly understood in terms
of mathematical tools for its interpretation.

Other methods utilize chemical shifts in 'H NMR
which are characteristic for secondary structure types
and therefore allow a secondary structure assignment
of the respective protein which is comparable to
circular dichroism, Raman, and infrared spec-
troscopy [344], or molecular dynamics together with
NMR data or crystallography [234,275,278]. A novel
approach based on neural network methods for the
depiction of secondary structure contents of proteins

has been demonstrated to be highly accurate if the
spectrum is extended to a wavelength of at least 180
nm [92], thus providing an additional tool for the
verification of model structures of proteins. Precise
methods which extend these efforts for the comple-
mentation of secondary structure and protein topol-
ogy prediction by experimental data, however, are
still to be developed.

The most exciting work at the interface between
experimental and computational results was pub-
lished recently by Lee and Levitt [345]. They were
able to accurately predict the stability and activity
behavior of 78 different triple-site sequence variants
of the lambda repressor protein, in comparison with
the wild-type protein. The calculated energies corre-
late well with the activities of the mutants deter-
mined experimentally, and even better with the ther-
mal stability of these proteins. They could also (cor-
rectly) predict two mutants to be more stable than
the wild-type. This work, if confirmed on other
model systems such as T4 lysozyme which presents
a rich source of data, could become a most useful
tool for the design of proteins with altered stability
and activity properties.

Interestingly, recent work presented by Van Gun-
steren and coworkers [19,236] showed that free en-
ergy calculation methods which are state-of-the-art
cannot accurately predict the stability differences for
a point mutation in subtilisin (asparagine-218 to
serine). They conclude that details of the computa-
tional procedure have a dominant influence on the
results: These are mainly the complex description of
the unfolded state of proteins, accurate long-range
potentials, dielectric effects, and entropy considera-
tions. This supports the view that the calculation of
““small differences of large numbers’’, displayed as a
complex interplay of compensating and enhancing
factors, is a fundamental problem in the prediction of
free energy values for proteins.

18. Hardware and software progress

This final section summarizes some of the ap-
proaches described above that have been published
with respect to special hardware requirements or
with new software developments. A list of computer
programs related to molecular bioinformatics which
may be of common interest for the scientific commu-
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nity can be found in Table 3; the list is by no means
complete. The programs listed there were published
during the last five years, and are distributed by
non-commercial groups; therefore they are mostly
free of charge.

Although any brute force method for the calcula-
tion of protein structures ab initio was not even
discussed in the past [21], recent work suggests that
the computational complexity of the protein folding
problem does not automatically rule out the exis-
tence of an efficient, effective, and precise algorithm
as a “‘shortcut’” solution; there may be methods to
avoid exponential increase in computer time, taking
into account specific properties of interactions in
proteins [23]. Parallel to these considerations, the last
decade has seen much progress in the assessment of
computer hardware aspects and the development of
special software for molecular modeling and predic-
tion purposes. An overview of currently available

computational sequence analysis databases and soft-
ware tools may be found in [346]; aside from sophis-
ticated programs, there are now a few new useful
tools, i.e. for the display of molecular structures.
Parallel computing is expected to revolutionize
molecular calculation techniques; most of the algo-
rithms and methods used in structure prediction are
dedicated for parallel computers. This reflects the
highly parallel organisation and cooperativity of
molecular events in nature; progress in this area has
been reviewed recently [347]. Many parallel comput-
ing approaches have been tested in order to evaluate
the long range interactions which is the most compu-
tationally expensive phase of molecular dynamics
simulations. Aside from standard parallel processing
facilities, a different approach uses networked work-
stations as a source of parallel processing, imple-
mented by the machine-independent, parallel pro-
cessing language LINDA, for the treatment of time-

Table 3

A list of some novel computer programs that are useful for visualization and /or biomolecular computing

Program Description Reference

name

EYECHEM Network-based, modular molecular visualisation toolkit within the Silicon Graphics-based **Iris Explorer”  [349]
visualisation program

DRAWNA Drawing of schematic views of nucleic acids; menu-driven [350]

MOLSCRIPT  Drawing of schematic views of (mainly) proteins [351]

n.nm. PC-based molecular visualisation by ray-tracing software [352]

WINMGM Molecular modeling program for Microsoft WINDOWS, with interactive molecule manipulation, energy  [353]
computation, solvent-accessible surfaces, fast space-filling CPK images

n.n. Computationally effective representation of surfaces by sparse critical points [354]

n.n. Molecular surface recognition by a computer vision-based technique [355]

n.n. Two-dimensional maps and the respective three-dimensional representation of a molecular surface [356]

n.n. Microsoft EXCEL worksheets for the prediction of structural characteristics in proteins; implements the Chou  [357]
and Fasman algorithm, prediction of the protein structural class, sequential motifs, domain boundaries, loops,
state of cysteines, hydropathy profiles, flexibility plot

SEQSEE Program suite for molecular sequence analysis [358]

PDBMOTIF Identification of protein motifs; generates script for RASMOL; uses PROSITE pattern syntax [359]

CAVEAT De novo design of molecules [49]

SPROUT De novo design of molecules [182]

GREEN Interactive docking between ligand and a protein molecule, using the physical and chemical environment of  [360]
the ligand-binding site; includes energy minimisation

GENSTAR Automated de novo design of drugs [181]

n.n. Concomitant display of secondary structure predictions, multiple alignment, and motif and pattern searching in  [361]
protein sequences

COMPOSER Most commonly used tool for the modeling of proteins by homology [362]

HERA Program to draw schematic diagrams of protein structures, including hydrogen-bonding diagrams, helical ~ [363]
wheels, and helical nets

SIRIUS Several programs for the calculation and analysis of packing interactions (geometry) between segments in  [231]

proteins

DALL Superposition of protein structures in order to analyze their structural relationship [364]
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consuming molecular dynamics simulation [232,348].
The straightforward but effective algorithm was
tested on both a shared memory parallel computer
and on a network of high-performance Unix worksta-
tions. Especially with respect to the increasing num-
ber of networked, cheap workstations, this approach
could help make computationally expensive, long
lasting molecular dynamics simulations more feasi-
ble.

19. Conclusions

The past years have seen immense efforts in the
structure prediction area, with a strong bias for the
development of algorithms and computer programs
that are used for practical applications (protein de-
sign, structure analysis). Knowledge based modeling
techniques are still the best choice for structure
prediction if reliable and reasonable model structures
are needed within short time, and these methods
continue to be investigated and refined. Also, there is
a strong and increasing demand for world wide, high
speed networking for information access, e.g. via the
Internet. Publicly available computer programs, free
of charge for the academic community, may speed
up the spreading of new ideas and methodologies,
and may also be useful for the assessment of the
general applicability of these new approaches. How-
ever, there is still no unambiguous and faultless
method for the prediction of the structure, function,
and other properties of a protein or other biological
macromolecule from its building blocks. The protein
folding problem will thus continue to be an exciting,
but often also discouraging, area of research.
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