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Introduction

Structural bioinformatics 
Bioinformatics can be defined as "the collection, archiving, organisation and 
interpretation of biological data" (Orengo et al., 2003).  

By extension, structural bioinformatics deals with the collection, archiv-
ing, organisation and interpretation of 3-D structural data of biomacro-
molecules. Structural bioinformatics in a sense emerged with the first crystal 
structures of haemoglobin and myoglobin. These structures were analyzed 
and contributed significantly to our understanding of the principles of life at 
a molecular level. A repository of all publicly accessible protein crystal 
structures, the Protein Data Bank (PDB) was established by Walter Hamilton 
et al. at Brookhaven National Laboratory in 1971 (Bernstein et al., 1977). At 
that time, the PDB held only seven structures, but the importance of its early 
establishment cannot be overemphasized. It provided a single, unified re-
source for the collection, archiving and retrieval of structural data. Until the 
late 1980s, structural biologists often knew all the available structures of 
biomacromolecules and much of the analysis, such as structure comparison 
and hydrogen-bonding analysis, was done manually without much computer 
intervention. As the number of available structures increased, so did the need 
for software tools for structure analysis. Structural bioinformatics encom-
passes a wide variety of applications, including structure visualization, vali-
dation, classification, structure-based function prediction, identification of 
targets for structural genomics projects and prediction of the structures of 
individual biomacromolecules and complexes as well the binding modes of 
small molecules inside proteins of pharmaceutical or biotechnological inter-
est.

In this work, structural bioinformatics tools have been developed, evalu-
ated or applied to answer specific questions concerning a broad range of 
topics.

In chapter 1 and paper I, an evaluation of the functionality and perform-
ance of 11 fold-comparison servers is described. 

In chapter 2 and paper II, a survey of left-handed helices in the PDB and 
an investigation of the structural significance of such helices is reported. 

In chapter 3 and Paper III, an investigation of the feasibility of automated 
docking protocols for identification of potential ligands for proteins of un-
known function is described. 



12

In chapter 4 and Paper IV, an assessment of the precision that can realisti-
cally be achieved in the calculations of accessible surface areas of proteins is 
reported.

Finally, in chapter 5 and paper V, a survey or register shifts in protein 
crystal structures in the PDB is presented. 
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1. Comparing comparisons (Paper I) 

1.1 Fold comparison 

The PDB, the major repository of 3-D structures of biomacromolecules, has 
experienced an impressive growth in recent years. There were around 500 
structures deposited in the PDB at the end of 1990, which grew to around 
13500 structures by the end of 2000. At the time of writing (December 
2006), there are around 41000 entries in the PDB and more than 150 struc-
tures are deposited every week. This unprecedented increase of available 
structural data has both necessitated and stimulated the development of 
structure analysis tools.  

One of the basic protein structure analysis tools is structure or fold com-
parison. Fold comparison can provide valuable information about the func-
tion or the evolution of a protein, even if it does not have any significant 
sequence similarity to other proteins, because protein structure is better con-
served than protein sequence (Chothia & Lesk, 1986; Rost, 1997, 1999). 
Traditionally, fold comparison has been used to find out whether a new 
structure is similar to any of the structures in the PDB or whether it assumes 
a new fold. Until the mid-1990s, this task was usually accomplished by hu-
mans using visual pattern recognition and structure comparisons on com-
puter-graphics displays. For example, the similarity of the IgG-binding do-
main of protein G, which was initially described as having a new fold 
(Gronenborn et al., 1991), and ubiquitin was discovered in this way (Kraulis, 
1991). Alexey Murzin has also described a number of cases where a struc-
tural similarity had not been noticed by the people who determined the struc-
tures (Murzin, 1992). However, the growing number of available structures 
necessitated the development of automated methods for fold comparison. 
Fold comparison programs can be used to identify new folds or to find unex-
pected similarities between protein structures. For example, using the pro-
gram DALI (Holm & Sander, 1993b) an unexpected structural similarity was 
discovered between the bacterial toxin colicin A and the globins (Holm & 
Sander, 1993a). One early program, DEJAVU, was developed in part to help 
recognize structural similarities while a crystal structure was still being built 
and perhaps only consisted of sets of C  coordinates with unknown direc-
tionality and connectivity (Kleywegt & Jones, 1994). Fold comparison can 
also be used to reconstruct phylogenetic trees, which may reveal unantici-
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pated evolutionary relationships, and to classify structures (e.g., as in CATH; 
Orengo et al., 1997). Finally, fold comparison results have been used to tune 
sequence alignment methods (e.g., through structural alignment-based gap 
penalties; Qiu & Elber, 2006). 

Fold comparison is considerably more complicated than sequence com-
parison. Finding a mathematically optimal alignment of two structures is an 
NP-hard problem (Kolodny & Linial, 2004). Put simply, NP-hard (Non-
deterministic Polynomial-time hard) problems are problems that have to be 
solved by exhaustive analysis of all possible solutions (Aho, 1977).   More-
over, even if an "optimal" alignment would be found, there is no guarantee 
that it is biologically meaningful (Eidhammer et al., 2000). 

Many algorithms have been developed to find an approximate solution to 
the structure-alignment problem: alignment of distance-measure matrices 
(Holm & Sander, 1993b), of secondary structure elements or vectors repre-
senting them (Kleywegt & Jones 1994, 1997; Gibrat et al., 1996), of topo-
logical strings (Gilbert et al., 1999), of environmental profiles (Jung & Lee, 
2000), and there are also algorithms that combine various methods     
(Shindyalov & Bourne, 1998; Kawabata & Niskikawa, 2000). Many of these 
methods are made available through web-based servers.  

In this work, the functionality and performance of 11 fold comparison 
servers were evaluated to identify the strong and weak sides of the individual 
servers and to provide recommendations to users of these servers. 

1.2 Comparing fold-comparison servers 
Originally, the functionality and performance of 11 web-based programs for 
fold comparison, listed in Table 1.1, were evaluated. Web-based programs 
are easily accessible to non-specialists since running them does not require 
installation and maintenance of software and databases. The programs were 
tested using strictly default parameters, since these are expected to be rea-
sonable and many users would not change them. 

The usefulness of a server is determined by its performance (i.e., how 
well does it perform the task of fold comparison), the completeness of the 
databases it uses, and the way in which the results are presented. User-
friendliness and confidentiality can also be issues for certain users. The func-
tionality of the servers was therefore assessed in terms of operation (inter-
face, documentation, confidentiality, etc.), presentation of results (graphical 
interface, statistical significance measure, etc.) and implementation details 
(databases, parameters). These issues were assessed using the structure of a 
cellular retinoic-acid-binding protein (1CBS; Kleywegt et al., 1994). The 
results are summarized in Table III of Paper I. Obviously, they are not fully 
objective and of less importance than the results of the performance tests. 
Nevertheless, they provided crucial information about some servers. For 
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example, the database of LOCK had not been updated since 1999, which 
substantially limited its performance, and CE refused queries submitted from 
Windows machines. The complete set of results, as obtained in 2001 and 
2002, can be found at http://xray.bmc.uu.se/marian/servers/. Since then, 
several of the servers have been improved or replaced by a new version or 
program (see section 1.5).  

Table 1.1. Fold-comparison servers used in this study. The servers marked with an 
asterisk were also included in the original survey (Novotny et al., 2004; Paper I).

Server URL Reference 

3DBLAST 3d-blast.life.nctu.edu.tw Yang & Tung, 2006 
CE* cl.sdsc.edu Shindyalov & Bourne, 1998 
DALI* www.ebi.ac.uk/dali Holm & Sander, 1993b 
DEJAVU* portray.bmc.uu.se/dejavu Madsen & Kleywegt, 2002 
FATCAT fatcat.burnham.org Ye & Godzik, 2003 
LOCK* motif.stanford.edu/foldminer Singh & Brutlag, 1997 
MATRAS* biunit.aist-nara.ac.jp/matras Kawabata & Nishikawa, 2000   
PBE bioinformatics.univ-reunion.fr/PBE Tyagi et al., 2006b 
PRIDE* hydra.icgeb.trieste.it/pride Carugo & Pongor, 2002 
SSM* www.ebi.ac.uk/msd-srv/ssm/ssmstart.html Krissinel & Henrick, 2004 
TOP* bioinfo1.mbfys.lu.se/TOP Lu, 2000 
TOPOFIT mozart.bio.neu.edu/topofit Ilyin et al., 2004 
TOPS* www.tops.leeds.ac.uk Gilbert et al., 1999 
TOPSCAN* www.bioinf.org.uk/topscan Martin, 2000 
YAKUSA www.rpbs.jussieu.fr/Yakusa Carpentier et al., 2005 
VAST* www.ncbi.nlm.nih.gov/Structure/ VAST Gibrat et al., 1996 

The performance of the programs was evaluated with a battery of tests 
(see section 1.3) in which the CATH classification system (Orengo et al.,
1997) was used throughout as the "gold standard". CATH was chosen be-
cause it provided almost full coverage of the PDB (at the time of the study) 
and because it is generated in a semi-automatic fashion, which is likely to be 
better than a fully automatic procedure such as FSSP (Holm & Sander, 
1994). Furthermore, FSSP is generated using DALI and since DALI was one 
of the servers that was to be tested, this would have introduced a strong bias. 
Another structure classification system, SCOP (Murzin et al., 1995), is cu-
rated manually, but literature information is used in the process and the pro-
grams were not expected to be able to take advantage of the scientific litera-
ture. CATH is a classification system with four major hierarchical levels: 
class (C), architecture (A), topology (T) and Homologous superfamily (H) 
(Figure 1.1). Class describes the secondary structure content of structures 
(e.g., mainly -helical) and is assigned automatically. Architecture describes 



16

the orientation of secondary structure elements and is assigned manually. 
Topology describes the number of secondary structure elements and their 
connectivity, and is assigned automatically. Finally, the Homologous super-
family level is assigned automatically based on sequence alignments.  

In this work, fold similarity was assessed at the topology (T) level of 
CATH, i.e., two folds were considered to be similar if they had the same 
topology classification. 

Figure 1.1. Illustration of the first three hierarchical levels of CATH. C stands for 
Class, A for Architecture and T for Topology. Figure kindly provided by Lenka 
Šatrová.
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1.3 How well do fold-comparison servers work? 

1.3.1 Representatives of the main structural classes 
Ten folds unique at the T level in CATH were selected (three mainly-
folds, three mainly- , three mixed -  and one fold containing few secon-
dary structure elements) to assess how well the servers perform on various 
classes of structures. For each of the selected folds, all the structures classi-
fied in CATH were retrieved. Each structure was then subjected to fold 
comparison to see how many of the remaining members of the same fold (T 
level in CATH) were retrieved by each server. The number of such cases 
was counted, but the structure itself was not considered a true hit. Any struc-
tures that had the same fold but were not yet classified in CATH were ig-
nored. The rank of the first false positive in the list of hits was determined. 
Ideally, the first false positive would appear only after all the true positives. 
The wall-clock time elapsed between submitting the query and receiving the 
results was measured.  

To understand how the procedure works consider the case of the cyclo-
philin fold. CATH contained nine entries so an ideal server would return 
eight hits for each cyclophilin structure. Table 1.2 shows the results obtained 
with the TOP server. TOP identified the submitted structure itself in seven 
cases, but more importantly, it retried at least one other member of the 
cyclophilin fold in all nine cases. False positives were either not found or 
appeared only after most or all of the true hits. Table 1.3 shows a summary 
of the results of all the servers for the cyclophilin fold. It shows that eight 
servers produced a perfect retrieval result (true positives in all nine cases), 
and the other three are not far behind. Most servers retrieved false positives 
in some or all of the cases. The time required to obtain the results varied 
from a few seconds to almost an hour. The performance of the servers on the 
representatives of the structural classes is summarized in Table 1.4. The 
complete set of results can be found at http://xray.bmc.uu.se/marian/servers.

 Five of the programs, namely CE, DALI, MATRAS, TOP and VAST 
were able to identify at least one structure with the same fold (different from 
the query structure) in more than 80% of the cases. The remaining servers 
were successful in 50-80% of the cases. Although the number of test cases is 
small, the servers appeared to perform best for mainly-  proteins and worst 
for mainly-  proteins.  
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Table 1.2. Results of the TOP server for the cyclophilin fold case. 
Query Retrieved 

query? 
Other true 

positive? (Nr.) 
Rank of first 
false positive 

Elapsed time 
(min)

1awq Yes Yes (6) 8 9 
1a33 Yes Yes (6) 8 9 
1cyn Yes Yes (6) None 9 
1qoi Yes Yes (6) 8 7 
1lop Yes Yes (1) None 10 
1qng No Yes (5) 6 8 
2rmc Yes Yes (6) 8 9 
1dyw Yes Yes (6) 8 9 
1ihg No Yes (3) None 8 

Table 1.3. Results of the servers for the cyclophilin fold case.
Query Retrieved 

query? 
Other true 
positive?

Rank of first 
false positive 

Elapsed time 
(min)

CE 9 9 None or 4 Not applicable 
DALI 2 9 None or 3 5-10 
DEJAVU 9 9 None 5-55 
LOCK 1 8 2 5-15 
MATRAS 3 9 3 10-45 
PRIDE 6 8 1-8 <1 
SSM 6 8 None 2-3 
TOP 7 9 None or >5 5-10 
TOPS 5 9 2-6 2-5 
TOPSCAN 5 9 4-6 <1 
VAST 2 9 None or 3 5-25 

Table 1.4. Summary of server performance on the representatives of the four main 
structural classes.  

Server Mainly a (19) Mainly a (19) Mixed - a (15) Few SSEs a (8) Overall (%)b

CE 17 19 13 8 93 
DALI 14 19 14 8 90 
DEJAVU 14 19 9 4 75 
LOCK 0 14 11 8 54 
MATRAS 11 19 14 8 85 
PRIDE 14 14 7 3 62 
SSM 5 13 10 5 54 
TOP  14 18 12 7 84 
TOPS  2 15 14 7 62 
TOPSCAN 15 12 9 7 70 
VAST 12 17 15 7 87 

a The number of cases in which at least one true positive, different from the query, was re-
trieved is listed. The total number of queries for each structural class is given in parentheses. b
The overall success rate is defined as the percentage of cases of all structural classes in which 
a true positive (different from the query structure) was retrieved. 
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1.3.2 Difficult cases 
Fold comparison is most useful when it can identify structural similarity 
between proteins without any significant sequence similarity. Therefore, 11 
non-trivial structural similarities described in the literature (Fisher et al.,
1996; Paoli, 2001) were used as test cases (for an example see Figure 1.2). 
For each of the 11 structure pairs, one of the structures was submitted to all 
the servers to find out if the other structure appeared in the list of hits. Where 
possible, the rank, the number of aligned residues and the RMSD were 
noted. The best programs were DALI and CE who succeeded in 10 cases. 
LOCK, MATRAS and VAST succeeded in nine cases, DEJAVU and TOP-
SCAN in six cases, TOP and TOPS in five cases, SSM in one case and 
PRIDE failed in all cases. 

It was also tested whether the programs produce the same results (i.e.,
whether they identify the partner with the same RMSD and number of 
aligned residues) if the target and query structures are swapped. DEJAVU, 
TOP, TOPSCAN and VAST did not produce the same results when the 
query and the target were swapped. PRIDE could not be tested since it failed 
in all 11 test cases. The other servers produced the same results regardless of 
which of the structures was used as the query and which as the target. 
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A                                                                B 

C

Figure 1.2. Example of a pair of proteins with the same fold but an extremely low 
sequence identity (~5%). A - structure ferredoxin (1FXI, 96 residues). B - ubiquitin 
(1UBQ, 76 residues). C - ferredoxin (dark) and ubiquitin (light) superimposed with 
LSQMAN (51 aligned C  atoms with RMSD 1.7 Å). Figure created with PyMOL 
(http://www.pymol.org).
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1.3.3 Special Cases 
1.3.3.1 Multi-domain proteins 
Multi-domain proteins represent another challenge for fold comparison 
methods. Two members of the Src kinase family that both contain three do-
mains of varying lengths (kinase domain, SH2 and SH3) were selected as 
test cases. In the ideal case, the servers should retrieve all the structures that 
have the same domain composition as the query structure as well as all the 
structures that share at least one of the domains. CE, DALI, MATRAS and 
VAST were able to find both structures that contained all three domains and 
structures that share individual domains, whereas TOPS could not handle 
multi-domain proteins at all.  

1.3.3.2 C -only structures 
Some researchers may be hesitant to submit their new structures to remote 
computers, although they may be willing to submit C -only models. There-
fore, the performance of the servers for an intact cyclophilin structure and its 
C -only model was compared. DALI, DEJAVU, PRIDE and VAST prodced 
identical results for both structures, TOP and TOPSCAN produced different 
results and CE, LOCK, MATRAS, SSM and TOPS could not handle C -
only models at all. 

1.3.3.3 Structural variation 
The performance of the servers on an averaged, energy-minimized NMR 
model of the glutocorticoid receptor DNA-binding domain was compared 
with the performance on five "raw" NMR models of the same domain to 
assess the sensitivity of the programs to small structural variations. Only CE, 
LOCK and TOP provided consistent results regardless of which model was 
chosen. DALI, MATRAS, PRIDE and VAST retrieved a different number (> 
0) of true positives with different models. For example, VAST retrieved four 
true positives for the averaged model of the protein and one of the raw mod-
els, but only one true positive for the other four raw models. The remaining 
servers were very sensitive to the choice of model, e.g., TOPSCAN failed in 
three cases to retrieve any true positive. 

1.3.3.4 New folds 
An ideal fold-comparison program will fail to identify any structural 
neighbors for a structure with a new or unique fold. To test this, four struc-
tures without any structural relatives at the topology level in CATH were 
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used as test cases. The servers were expected to retrieve no hits (other than 
the query itself). VAST proved to be best at identifying new folds. It re-
trieved no hits in two cases and one hit in two other cases. However, these 
hits received very low scores suggesting they were unlikely to be significant. 
CE, DALI and MATRAS also performed well. They retrieved a few hits but 
with scores much lower than those calculated for the query structures them-
selves.

1.3.4 Overall performance 
The results of all performance tests are summarized in Table 1.5 together 
with typical (wall-clock) processing times of the servers and an overall (to 
some extent subjective) assessment of their performance. The latter com-
bines the results of all the performance tests and describes server perform-
ance as average, better than average or poor compared to the other servers. 
The full set of performance results can be found at 
http://xray.bmc.uu.se/marian/servers. 

Table 1.5. Summary of the performance assessment of the servers. 
Server APa,b MPa,c CAa,c SVa,d NFa,c Oa,e TPTa (min) 

CE 93 + - + + + 10-20 
DALI 90 + + 0 + + 5-15 
DEJAVU 73 0 + - 0 0 10-30 
LOCK 58 0 - + 0 - 5-15 
MATRAS 84 + - 0 + + 10-25 
PRIDE 52 - + 0 - - <1 
SSM 47 0 - - 0 - 1 
TOP 78 0 0 + 0 0 20-60 
TOPS 60 - - - - - 1-5 
TOPSCAN 68 - 0 - - - <1 
VAST 86 + + 0 + + 10-20 

a AP = average performance, MP = multi-domain proteins, CA = C -only structures, SV = 
structural variation, NF = new folds, O = overall, TPT = typical processing time. 
b Average performance is defined as the percentage of cases in which at least one true positive 
was retrieved (combining 61 fold representatives and 11 difficult cases). 
c Results for the special test cases are listed as "-" (failed), "0" (worked, but with problems), 
and "+" (worked well).  
d Results are listed as "-" (model dependent), "0" (model sensitive), and "+" (model independ-
ent). The results in the column structural variation are different from those in Table IX of 
Paper I, where some of the values were not listed correctly.  
e The overall judgment is listed as "-" (poor), "0" (average), and "+" (better than average).
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1.4 Discussion 
In this work, the functionality and performance of 11 publicly available fold-
comparison servers were assessed and compared. The functionality was as-
sessed using a list of criteria related to operation, presentation and imple-
mentation. The list of criteria as well as the results were of necessity not 
purely objective. In general, the servers were easy to use and fast. They dif-
fered mostly in the way they presented the results and the coverage of the 
databases they used.  

To assess performance, the servers were subjected to a battery of test 
cases covering a wide spectrum of structures (different secondary structure 
contents, NMR structures, multi-domain proteins, etc.). The results showed 
that there was no single program that performed best in all cases. Therefore, 
when a new structure has been solved, it is not recommended to use only a 
single program to find similar structures (especially when the program sug-
gests that the fold is new). Running two or three programs will provide a 
more comprehensive picture of the structural relatives of the protein. Never-
theless, several servers, namely CE, DALI, MATRAS and VAST, performed 
better than the others in most of the cases. They achieved >80% success 
rates for the representatives of the structural classes, were able to correctly 
identify most of the non-trivial structural similarities and did well in identi-
fying new folds. 

The CATH classification system was used as the gold standard in the per-
formance tests. However, as a systematic comparison of CATH, SCOP and 
FSSP has shown (Hadley & Jones, 1999), CATH (like the other systems) 
contains errors and is not updated very often. Different results might have 
been achieved if a different system had been used. Different results would 
also be achieved if the tests were carried out today, as the servers develop 
constantly and the structural database is growing. The use of default parame-
ters is another source of bias. Some of the servers (e.g., SSM) have default 
parameters that are designed to find close relatives and therefore they may 
not have performed as well in the non-trivial cases as they could have if their 
parameters had been fine-tuned. Last but not least, the number of test cases 
was limited and did not cover the full protein-structure space. 

Recently, several other evaluations of structural alignment methods have 
been published. Seven structural alignment and two sequence alignment 
programs were evaluated on their ability to detect proteins with the same 
topology level as defined in CATH (Sierk & Pearson, 2004). In that work, it 
was observed that most of the statistical significance measures reported by 
the programs overestimate the significance of the hits by orders of magni-
tude when compared to the actual occurrences of errors. A review by Sierk 
& Kleywegt (2004) highlights the difficulties of comparing different struc-
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tural alignment methods and provides suggestions for good practice in struc-
tural alignment. In a comprehensive comparison, Kolodny et al. (2005) have 
evaluated six publicly available structure alignment programs on a set of 
more than 8 million protein structure pairs selected from CATH. ROC (Re-
ceiver Operating Characteristic) curves were used for scoring the results. 
STRUCTAL and SSM performed best in this comparison, followed by 
LSQMAN (which was used in a sub-optimal way in the study) and CE. CE 
and SSM were evaluated in the present study as well, although with different 
results. The work of Kolodny et al. was concerned with the alignment qual-
ity, whereas the present work assessed the ability of servers to retrieve struc-
tural relatives from a database and did not assess the quality of structural 
alignments. Kolodny et al. also proposed to combine the results of several 
programs to improve the results. In all the above-mentioned comparisons, 
CATH has been used as the standard of truth. Recently, another ROC-based 
comparison of two structural alignment programs (SHEBA and VAST) was 
published (Sam et al., 2006). In that study, SCOP was used as the standard 
of truth and, therefore, the results cannot be easily compared to those of the 
other studies. 

The methodology presented here has been used by the authors of the 
YAKUSA (Caerpentier et al., 2005) and PRIDE (Gaspari et al., 2005) serv-
ers to evaluate the performance of their own programs. 
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1.5 Updated survey 
Since the original study was carried out, several new structure-alignment and 
fold-comparison tools have been described such as LGA (Zemla, 2003), 
FATCAT (Ye & Godzik, 2003), MASS (Dror et al., 2003), SuperPose 
(Maiti et al., 2004), TOPOFIT (Ilyin et al., 2004), SAUCE (Chen & Crip-
pen, 2005) and PAST (Taubig et al., 2006). Improvements to some of the 
older tools have also been reported, for instance for CE (Guda et al., 2004), 
TOPS (Michalopoulos et al., 2004) and PRIDE (Gaspari et al., 2005). 
LOCK has been replaced by a new program called FOLDMINER (Shapiro 
& Brutlag, 2004).  

In an interesting development, three algorithms have been reported that 
describe a 3-D protein structure as a sequence of characters and then com-
pare these strings using methods similar to those used in sequence align-
ment. YAKUSA (Carpentier et al., 2005) uses backbone internal coordinates 
(  angles) to derive a sequence of characters from each structure and uses an 
algorithm similar to BLAST (Altschul et al., 1990) to match them to the 
sequences derived from the structures in the PDB. The more similar the 
angles in the target and the query structure are, the higher the score will be. 
3D-BLAST (Yang & Tung, 2006) uses a structural alphabet consisting of 23 
letters that each correspond to a particular conformation of a fragment of 
five consecutive amino acids. A protein structure can be described by a se-
quence of characters from this alphabet by finding for each residue (and two 
neighbours on each side), which of the 23 local conformations is the most 
similar. This "conformational" sequence can be then compared to a database 
of structures (also encoded using the structural alphabet) by a modified 
BLAST algorithm using a substitution matrix derived from structural align-
ments of homologous proteins. Protein Block Expert (PBE; Tyagi et al.,
2006a, 2006b) employs a very similar method based on an alphabet of six-
teen five-residue fragments. The PBE substitution matrix was also derived 
from structural alignments of large numbers of homologous proteins. 

To get some impression of how these new methods perform in the case of 
distant, non-trivial structural similarities, the experiment with the 11 difficult 
cases was carried out for the three servers using default parameters. 3D-
BLAST was able to find the correct structure pair in three cases, but only 
once ranked it among the first 100 hits. 3D-BLAST only carries out local 
similarity searches, which may have affected its performance in this test 
since it could not evaluate the global organization of structures and the local 
structures (e.g., helices) are very similar in many structures. The PBE server 
found all structure pairs, but only three of them were among the first 100 
hits. YAKUSA also identified three pairs out of 11. In the publication de-
scribing that method (Carpentier et al., 2005), the authors stated that the 
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similarity between ferredoxin (1FXI) and ubiquitin (1UBQ; see Figure 1.2) 
was identified, but these results could not be reproduced. To test YAKUSA, 
the authors used several test cases that were also used to compare the 11 
servers in our original study and this showed that, overall, YAKUSA per-
formed similarly to CE, DALI, MATRAS and VAST (Carpentier et al.,
2005). However, no far-reaching conclusions should be drawn from the pre-
sent, cursory evaluation of these three servers other than that these new 
methods did not perform very well in finding very distant evolutionary rela-
tionships.

Table 1.6. Summary of the results obtained for the 11 difficult cases in October 
2006. 

Server Resultsa

3DBLAST 1/2/8 
CE 4/6/1 
DALI 10/0/1 
DEJAVU 6/0/5 
FATCAT 1/1/9 
FOLDMINERb,c n/a 
MATRASb n/a 
PBE 3/8/0 
PRIDE 0/0/11 
SSM 1/1/9 
TOPb n/a 
TOPOFIT 2/7/2 
TOPS 4/0/7 
TOPSCAN 4/2/5 
VAST 8/1/2 
YAKUSA 3/0/8 
PSI-BLASTd 1/0/10 

a Results are listed as x/y/z, where x = the number of pairs identified in the first 100 hits,  
 y = the number of pairs identified in the remaining hits, z = the number of failed cases.  
b These servers did not work (October, 2006). 
c Successor of LOCK. 
d PSI-BLAST is a sequence-based server. 

FATCAT and TOPOFIT were also tested using the 11 difficult cases. 
FATCAT found only one of the 11 pairs among the first 100 hits. It found 
one additional pair, but that was very far down in the very long list of hits 
(ranked 515). The remaining nine structure pairs were not identified. 
TOPOFIT correctly identified nine structure pairs with RMSDs and numbers 
of aligned residues better than VAST (data not shown), but only two of these 
pairs were among the first 100 hits. TOPOFIT searches in the full PDB, 
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which substantially increases the number of hits returned by the server. The 
"trivial" similarities will be listed first and any more distantly related pro-
teins will appear far down in the list. This makes it more likely that poten-
tially interesting similarities will be missed by the user. 

The 11 difficult cases were also submitted again to the original 11 servers 
or their successors. The TOP server is no longer available and FOLDMINER 
(the successor of LOCK) and MATRAS never returned any results, although 
the structures were accepted and the searches initiated by the servers. CE, 
DALI, DEJAVU, TOPSCAN and VAST provided the same results as in the 
original tests, although the ranking of the hits was often different due to an 
increased number of structures in the databases. PRIDE still failed in all 
cases, although a completely new version of the program was used. SSM 
improved marginally with two pairs found instead of one, but for this pro-
gram the default parameters are not suitable for finding distantly-related 
proteins. TOPS identified one pair less than in the original study. Finally, a 
purely sequence-based method, PSI-BLAST (Altschul et al., 1999), was also 
run on the 11 difficult cases to provide a "baseline". Only one structure pair 
was retrieved by PSI-BLAST, namely 1TEN and 3HHR_B. A summary of 
the results for the 11 difficult cases is given in Table 1.6. 

The functionality assessment was also repeated for the original and the 
new servers. A summary of these results is in Table 1.7. The full details of 
the results can be found at http://xray.bmc.uu.se/marian/servers/.

Table 1.7. Summary of the updated functionality assessment. Servers that were not 
included in the original study or that have undergone published modifications are 
marked with an asterisk. 

Server Operation b Presentation b Implementation b

3DBLAST* 0 + 0 
CE - 0 + 
DALI + 0 0 
DEJAVU + + + 
FATCAT* 0 + 0 
FOLDMINER* a,c + n/a 0 
MATRAS a n/a n/a n/a 
PBE* a n/a n/a n/a 
PRIDE2* + - 0 
SSM* + + + 
TOP a n/a  n/a n/a 
TOPOFIT* 0 0 0 
TOPS* + - 0 
TOPSCAN* 0 - - 
VAST* 0 + 0 
YAKUSA* + + + 

a These servers did not work (November, 2006). 
b Results are listed as: "-" = poor, "0" = average, "+" = very good. 
c Successor of LOCK. 
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1.6 Concluding remarks 
In this work, the functionality and performance of 11 publicly accessible 
fold-comparison servers was assessed. The functionality tests, although less 
relevant than the performance tests, showed a wide variety of ways to pre-
sent results to the user and parameter settings available to the user. In the 
case of the LOCK server, the functionality tests helped to explain why the 
server failed in a few, seemingly trivial, test cases. 

In all the tests, the CATH classification system was used as the standard-
of-truth. Two structures were considered to be similar if they had the same 
classification at the topology level in CATH. However, it would be more 
difficult to use CATH (as well as SCOP) today, since these systems do not 
keep up with the pace of the PDB expansion and many structures published 
several years ago have still not been classified.  
The servers were subjected to a number of test cases, including challenging 
multi-domain proteins, new folds, proteins with few secondary structure 
elements and distantly related proteins. It turned out to be rather difficult to 
compare the performance of the servers since they used very different ap-
proaches to choose the number of hits presented to the user and to evaluate 
the significance of these hits. 

Although better results could often have been achieved if the parameters 
had been adjusted, the varying levels of experience with the programs would 
have introduced bias into the study. The performance tests showed there was 
no single best program that always produced the correct or best answer. 
However, some of the programs performed consistently well in most of the 
tests, namely CE, DALI, MATRAS and VAST.  

Five more servers that were developed after the publication of the original 
work were briefly tested with the 11 difficult cases. None of them performed 
better than the best servers in the original study. The original 11 servers were 
also subjected to the 11 difficult cases again to see if they had improved or 
not. Most of the servers performed exactly as before, SSM improved a little 
and TOPS performed worse than before. However, three of the servers 
(TOP, MATRAS and FOLDMINER) were not working at all (November, 
2006). In the four years since the original study, several servers had moved 
to a different URL, a fact that highlights a problem of using web-based tools.  

In conclusion, if one has a new protein structure, it is recommended to use 
more than one fold comparison program to obtain a reliable picture of the 
extent to which its fold is related to that of proteins already in the PDB.
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2. Left-handed helices - sinister motifs?
(Paper II) 

2.1 Structural genomics

In the last decade of the 20th century major progress was made in high-
throughput sequencing which resulted in a flood of sequence data coming 
from many genome projects on model organisms, medically relevant micro-
organisms and higher organisms (including Homo sapiens). As a result, the 
number of known protein sequences has grown enormously (Figure 2.1). 

Figure 2.1. The growth of the Uniprot/Swiss-Prot protein sequence database (repro-
duced, with permission, from http://www.expasy.org/sprot/relnotes/relstat.html)

Many of these proteins have not yet been characterized experimentally in 
terms of their possible functions, and sequence-based methods (e.g., PSI-
BLAST; Altschul et al., 1997) do not provide any hints about the function of 
many sequences. Solving the 3-D structure of a protein of unknown function 
may provide further insight into its function. Protein structure has been well 
conserved during evolution even in cases where homologous sequences have 
diverged beyond the limit of recognizable similarity (Chothia & Lesk, 1986; 
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Rost, 1999). If the fold of an unknown protein turns out to be similar to that 
of a protein with a well-characterized function then the similarity may pro-
vide useful clues about the function of the unknown protein. However, even 
if a protein has a novel fold, the structure can contribute to a better under-
standing of the protein. For instance, the structure may reveal a well-
conserved active or ligand binding site (Artymiuk et al., 1994), unexpected 
ligands are often found in the structure (Christendat et al., 2000; Minasov et
al., 2000), and surface-shape, cleft and electrostatic analysis can also provide 
clues about the function of a protein, e.g., whether it is likely to bind nucleic 
acids (Teplova et al., 2000).  

Before the era of genomics, structures were solved mostly for proteins of 
known function, to answer a specific question such as: 

how does this protein bind its substrate? 
why does this mutation have this specific effect? 
where are the catalytic residues? and what does that say about the reaction 
mechanism? 
how could a candidate drug be modified to make it bind more strongly to 
this protein?  

However, in the wake of the sequence genomics projects a different para-
digm has emerged. In a global effort, a number of SG consortia have been 
established. The goal of most of these consortia is to solve the 3-D structures 
of a representative set of soluble proteins in a high-throughput manner and at 
a reduced cost (using X-ray crystallography and NMR spectroscopy). This 
set can be expanded by computational methods (e.g., homology modelling) 
to provide models for all soluble, structured protein domains. One new pro-
tein structure can typically serve as a template for homology modelling of 
15-40 related proteins (Sanchez et al., 2000). In turn, each of these models 
can serve as a foundation for further experimental work. Some SG consortia 
are disease-oriented (e.g. malaria or tuberculosis), and they identify and 
solve the 3-D structures of potential drug targets in the proteome of the 
causative organism. 

Individual SG consortia differ in the focus of their work and in the details 
of their experimental procedures, but they have agreed on common quality 
standards and a data-release policy (Smaglik, 2000). TargetDB is a central 
database that monitors the progress of the SG pipelines. It is hosted by the 
RCSB and collects information from 20 SG centres. At the time of writing 
(December, 2006), approximately 120,000 protein sequences had been se-
lected for structure determination and almost 3650 protein structures had 
been deposited in the PDB. SG consortia have indeed been successful in 
providing structural knowledge about new protein families. For example, 
between February 2004 and January 2005, SG consortia provided structural 
information for almost 50% of the first representatives of Pfam families, 
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while contributing only about 20% of all solved structures. On average, 
every fifth structure solved by SG consortia represented a previously struc-
turally uncharacterized Pfam family, compared to about 5% of the structures 
not coming from SG consortia (Chandonia & Brenner, 2006). 

SG consortia also aim to infer the function of the proteins whose struc-
tures they solve. Although 3-D structures themselves hardly ever tell the full 
story about the function of a protein, the wealth of new structures provides a 
rich source of information for mining and further analysis (fold comparison, 
surface analysis, docking studies, active-site matching, etc.). However, to 
take full advantage of 3-D structural information, new tools are needed, 
since about 35% of SG structures are still devoid of reliable functional anno-
tation (Laskowski et al., 2005). 

2.2 Motif searches 
A new protein structure is usually first compared to all known structures to 
find out whether it has a similar fold to any of them (see Chapter 1). In case 
fold comparison does not identify any similar fold in the PDB, an alternative 
approach is to look for small structural motifs, such as active sites, ligand-
binding sites, DNA-binding surface patches, etc.

To facilitate motif searches a number of algorithms, programs and servers 
have been developed. The first such program, ASSAM (Artymiuk et al.,
1994; Spriggs et al., 2003) uses graphs to represent whole proteins and spe-
cific, user-defined substructures (such as actives sites). Nodes and edges of 
the graph describe atoms and distances between them. These graph represen-
tations can be compared and the presence of a certain substructure in a pro-
tein can be identified. This program was successfully used to find new cata-
lytic triad motifs, phospodiesterase active-site arginines and zinc-binding 
sites (Artymiuk et al., 1994). The PINTS method (Russell, 1998) automati-
cally detects common 3-D side-chain patterns and similarities in protein 
structures. For example, the similarity between the active sites of DNAse I 
and endocellulase E1 was first detected with PINTS. Other programs such as 
SPASM (Kleywegt, 1999; Madsen & Kleywegt, 2002) and FF (Fragment 
Finder; Ananthalakshmi et al., 2005) allow the user to define a structural 
motif and to search for similar motifs (e.g., active-site residues) in a database 
of structures. SPASM allows for "fuzzy pattern matching", in which it does 
not look merely for the user-defined motif but also for sequence variations of 
this motif. RIGOR, on the other hand, checks a protein structure against a 
database of predefined motifs (Kleywegt, 1999). RIGOR has been incorpo-
rated into the function-prediction server ProKnow (Pal & Eisenberg, 2005). 
Three-dimensional cluster analysis (Landgraf et al., 2001), which combines 
structural similarities with multiple sequence alignments, has been used to 
identify clusters of active-site or interface residues. Mathematical methods 
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have also been used to identify commonly recurring structural motifs includ-
ing many that had not been described before (Oldfield, 2002). Another re-
cent method (Laskowski et al., 2005) uses 3D templates that cover active 
sites, ligand-binding residues, and DNA-binding residues, but also "reverse 
templates". Reverse templates are created by chopping a structure into frag-
ments of three consecutive amino acids that are used as motifs in a search of 
the structural database. This method is used by the ProFunc server, which 
correctly predicted the function of the BioH protein from Escherichia coli
(Sanishvili et al., 2003). The protein was found to contain the catalytic triad 
of the lipases and it was later experimentally confirmed to be a carboxyles-
terase acting on short-acyl-chain substrates. The MSDsite service can be 
used to search for PROSITE patterns and short sequence motifs in the MSD 
database (Golovin et al., 2005). The GASPS program uses machine-learning 
techniques to identify motifs of 3-10 residues that best characterize any 
given protein family (Polacco & Babbitt, 2006). Inverse motif searches re-
quire reliable libraries of annotated structural motifs. The Catalytic Site At-
las (CSA; Torrance et al., 2005) is a library of protein active sites that can be 
searched with the template-matching program JESS (Barket & Thornton, 
2003). Surface patches have also been used to provide clues about the func-
tion of SG structures (Ferre et al., 2005). 

2.3 Left-handed helices 
Helices are important local structural motifs in proteins. They facilitate the 
creation of the hydrophobic core by forming hydrogen bonds among polar 
main-chain atoms that would otherwise destabilize it. In proteins built from 
L-amino acids (the vast majority of naturally occurring proteins), right-
handed helices are strongly preferred over left-handed ones (Figure 2.2). The 
geometry of L-amino acids causes steric clashes in left-handed helices be-
tween the carbonyl oxygen and side chain atoms (Brändén & Tooze, 1999). 
Conversely, proteins composed of D-amino acids preferably form left-
handed helices. This has been demonstrated convincingly by the determina-
tion of two all-D protein structures namely of rubredoxin (Zawadzke & 
Berg, 1993) and monellin (Hung et al., 1998). They have all their helices in 
the left-handed conformation and are, in fact, mirror images of the corre-
sponding all-L structures. Due to the absence of a sidechain, glycine residues 
are achiral and can therefore accommodate left- and right-handed helical 
conformations equally well.  
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Figure 2.2. Left- and right-handed helices. If a helix is spiraling clockwise away 
from the observer it is right-handed (right image), if it is spiraling counter-clockwise 
it is left-handed (left image). 

Residues with a left-handed conformation do sometimes occur, e.g. in 
Schellman motifs (Schellman, 1980), helix stops (Gunasekaran et al., 1998) 
and type I'' turns which usually contain two amino acids with a left-handed 
conformation. 

A few years ago, a seven residue left-handed helix was discovered in 
alanine racemase (PDB code 1BD0) with the SPASM program in our lab 
(Kleywegt, 1999). The left-handed helix turned out to contain the co-factor 
attachment site of the protein and was part of the PROSITE pattern 
(PS00395) for alanine racemase. This left-handed helix had not been recog-
nized by the authors of the structure who mistook it for a regular helix in a 
( )-unit of the TIM barrel structure (Stamper et al., 1998). This observation 
provided the motivation for the present work. The goal of this project was to 
investigate how common left-handed helices are in natural proteins, and how 
often left-handed helices play an important role for the structure, function or 
interactions of the parent protein. 

Regions with strain (unusual torsion angles) are often part of the active 
site or an otherwise important site in proteins (Herzberg & Moulton, 1991). 
Therefore, it has been suggested that they might be useful for characterising 
and annotating new protein structures (Petock et al., 2003). Functional sig-
nificance has been also observed for another rare type of helix, namely the -
helix (Fodje & Al-Karadaghi, 2002).  

2.4 Finding left-handed helices in the PDB 
An extensive search for left-handed helices in the PDB was carried out. Ideal 
left-handed poly-D-alanine helices of differing lengths (4-10 amino acids) 
were constructed and the SPASM program was used to find all their in-
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stances in the PDB. Since SPASM uses only the C  atoms to represent the 
main-chain, and since liberal tolerances were used so as not to miss any true 
positives, this approach yielded many false hits. However, it narrowed down 
the ranges of the  and  torsion angles for residues in left-handed helical 
conformations. This information was used in a Perl program that was written 
to search for left-handed helices in a subset of the PDB. A left-handed helix 
was defined as a continuous stretch of at least four amino acids whose 
angles all lie between 30  and 130  and whose  angles all lie between -50
and 100 . The minimum of four residues was chosen so as to include only 
helices that contain at least one helical turn. Wider torsion-angle ranges were 
tested as well, but these provided more false positives and no new true posi-
tives. The subset of the PDB was created with the PISCES server (Wang & 
Dunbrack, 2003), and contained 7284 protein chains with mutual sequence 
identity < 90%.  

Any part of a structure fitting the definition of a left-handed helix was ac-
cepted as a putative helix and subjected to further analysis. All putative heli-
ces were visually inspected with Deep View (Guex & Peitsch, 1997), and 
HBPLUS (McDonald & Thornton, 1994) and DSSP (Kabsch & Sander, 
1983) were used to check if they had the proper hydrogen-bonding patterns. 
In addition, electron density maps (if available) from the Uppsala Electron 
Density Server (Kleywegt et al., 2004) were inspected to check whether the 
putative left-handed helices had been built into convincing density. In case 
no structure factors had been deposited, other structures of the same protein 
(if available) were checked for the occurrence of the left-handed helix. Hits 
in ensembles of NMR structures were required to occur in at least half of all 
deposited models. The putative helices that passed all checks were accepted 
as genuine left-handed helices. For all structures that contained genuine left-
handed helices, many sources of information (authors of the structures, sci-
entific literature, on-line databases) were consulted to find out whether the 
residues in the helices had any functional or structural relevance for the pro-
teins.

Of the 56 putative left-handed helices detected in the PDB subset, 25 
were rejected during the validation steps, because they were not sufficiently 
supported by the experimental data (see Figure 2.3 for an example) or oc-
curred in only a few NMR models. The remaining 31 hits (listed in Table 1 
of Paper II) were the genuine left-handed helices. Most of the helices were 
four residues long, but helices of five and six residues were also found. The 
helices were further divided (based on the hydrogen-bonding analysis) into 

-helices (11 cases) and 310-helices (20 cases). Statistics of the  and  tor-
sion angles for the 31 left-handed helices are listed in Table 2.1. The average 

 and  angle values observed for the left-handed  and 310-helices are close 
to the typical values for right-handed helices (with the opposite sign; see 
Table 2.2).
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Figure 2.3. A left-handed helical conformation (dark) in cyclin H (1KXU, residues 
237-240, Kim et al., 1996) is not supported by the [2mFo-DFc] electron density and 
was therefore rejected. Note that no sidechains were modelled by the crystallogra-
phers beyond the C  atoms. Figure created with PyMOL. 

Table 2.1. Torsion angle statistics for left-handed helices.
Helix 
type  Number

< >
( ) ( )

min
( )

max
( )

< >
( ) ( )

min
( )

max
( )

Alpha 11 59 12 42 91 42 13 4 60 
310 20 67 21 36 129 23 25 -45 91 
All 31 64 18 36 129 30 24 -45 91 

Table 2.2. Comparison of average and ideal torsion angles for right-handed helices 
(Creighton, 1993) and for the left-handed helices identified in this study.  

Helix type  ( ) ( )

Right-handed 310-helix ideal -74 4
Right-handed 310-helix average -49 -26 
Left-handed 310-helix average 67 23 
Right-handed -helix ideal  -58 -47 
Right-handed -helix average -58 -47 
Left-handed -helix average 59 42 
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2.5 Functions of left-handed helices 
For each of the left-handed helices, a careful examination of its importance 
for the protein was carried out. For 27 of the 31 left-handed helices a func-
tional or structural role could be assigned (Table 2.3). These helices were 
divided into 12 groups according to the sequence or structural similarity of 
their parent proteins. The helices were part of an active site or a ligand-
binding site, an interaction surface or (somewhat unexpectedly) were crucial 
for the stability of a fold (for more details see Paper II). For the remaining 
four helices no functional or structural relevance could be assigned, but the 
parent proteins are relatively poorly annotated and therefore it cannot be 
ruled out that these helices are important as well 

Table 2.3. Functions of left-handed helices. Left-handed helices from the updated 
survey are in square brackets.

Function PDB ID 

Part of the active site 1BD0, 8TLN, 1BQB, 1NPC [1RCQ, 1VFS, 1XFC, 1XQL] 
Ion coordination 1AK0,1PB5, 1KDG, 1NIF, 1J9Q, 1OE1, 1PTM, 1MZR 

[1MZY, 1YXO] 
Substrate specificity 1GTX, 2OAT, 2GSA, 1QJ5 [1V25, 2CVX, 2FFI, 1VEF, 

1SFF] 
Protein-protein interaction 1HZM, 1RFN [1V84,1RH1] 
Stability 1KOE, 1DY2, 1BNL, 1B9W, 1N1I, 1OB1, 1AUT, 1G2L, 

1KLI, 1RFN [1XRD] 
Unknown function 1H21, 1JVL, 1KWS, 1HXX [1VM8, 1VPR, 2CMU, 1XKN, 

2GZQ] 

Although only left-handed helices of at least four residues were studied 
here, a cursory survey of stretches with three consecutive amino acids in a 
left-handed helical conformation was also carried out. There were about 600 
such motifs in the subset of the PDB, which was too many to subject them to 
the careful validation and analysis process. However, investigation of a ran-
dom subset of 52 motifs showed that 33 of these had been classified as 310-
helices, 14 as turns and five as -helices by PROMOTIF (Hutchinson & 
Thornton, 1996) and revealed that some of these motifs were also function-
ally important. 

2.6 Assigning the handedness of helices 
Most of the left-handed helices identified in this study did not have any an-
notation of their handedness in the PDB files or in the literature. Therefore, 
four secondary structure assignment programs (DSSP, STRIDE (Frishman & 
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Argos, 1995), PROMOTIF and SecStruct (Fodje & Al-Karadaghi, 2002)) 
were tested to find out if they assign the handedness of left-handed helices 
correctly. The annotations of the helices in the literature and the PDB files 
were also checked (results in Table 2 of Paper II).  

 Only three left-handed helices (8TLN, 1NPC, 1RHG) had been described 
in the literature or the original PDB files. Only DSSP and SecStruct consider 
the handedness of secondary structure elements and, on the whole, the pro-
grams differed considerably in their assignments. DSSP displayed the best 
agreement with manual secondary structure assignment based on visual in-
spection and hydrogen-bonding analysis. 

2.7 An updated survey 
The original survey was carried out in August 2003. Since the PDB had 
grown in size from ~22000 to ~40000 entries since then, the survey was 
repeated for some of the new entries in July 2006. A non-redundant subset of 
the PDB entries released between 19 August, 2003 and 19 July, 2006 was 
generated with the PISCES server (Wang & Dunbrack, 2003) using criteria 
identical to the ones used in the previous study: none of the pairs of protein 
chains had sequence identity higher than 90%, both crystal and NMR struc-
tures were allowed, but X-ray structures only if they had a resolution of 3.5 
Å or better and an R-factor of 0.4 or lower. The resulting subset consisted of 
7644 protein chains, i.e., it was even larger than the original set. The pro-
gram that identifies left-handed helices was run on this subset and the result-
ing 51 hits were validated as described in section 2.4. After removing struc-
tures of proteins already found in the original study, 19 new left-handed 
helices remained (Table 2.4).  

Ten of these hits were in proteins already found in the original study, but 
from different organisms, or of proteins closely related to the ones already 
found. One of these 10 proteins, glucuronosyl transferase (1V84) shares 57% 
sequence identity with a protein that also contains a left-handed helix and 
was found in the earlier survey, namely glucuronyl transferase (1KWS). The 
left-handed helix in the 1V84 structure is part of the dimerization interface 
of the protein. Whether this implies a similar role for the left-handed helix in 
1KWS is not clear. For the remaining nine hits, all available information was 
inspected to find out whether the left-handed helical motif could play a sig-
nificant role for the protein. Such a role could be identified for four of the 
hits (Table 2.3). 
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Table 2.4. List of left-handed helices found in the updated survey. Proteins found 
already in the original study or their close relatives are marked by an asterisk. 

PDB
code  Protein name  Residue 

range Sequence Reference 

1MZY* nitrate reductase  136-139 ALGG unpublished
1RCQ* alanine racemase  34-38 ADAYG LeMagueres et al., 2003 
1RH1 colicin 15-18 YGDT Hilsenbeck et al., 2004 
1SSF* 4-aminobutyrate aminotransferase  48-51 GGIA Liu et al., 2004 
1V25 fatty-acid-CoA synthetase 321-236 VNAWC Hisanaga et al., 2004 
1V84* 3- -glucuronosyl transferase 301-304 AANC Kakuda et al.,2004  
1VEF* acetylornithine aminotransferase 52-55 GGYG unpublished
1VFS* alanine racemase  39-43 SNAYG Noda et al., 2004 
1VM8* pyrophosphorylase 182-185 KFFG unpublished
1VPR luciferase 973-976 FNNF Schultz et al., 2005 
1XFC* alanine racemase  43-47 ADGYG LeMegueres et al., 2005 
1XKN peptidyl deaminase  122-125 AWGG unpublished
1XQL* alanine racemase  40-44 ANAYG Fenn et al., 2005 
1XRD light-harvesting protein B-880 2-5 WRIW Wang et al., 2005 
1YXO* hydroxythreonine dehydrogenase  210-215 HAGEGG unpublished
2CMU peptidyl-arginine deiminase  107-110 GWGL unpublished
2CVX ribonucleotide reductase 288-291 QGGN Xu et al., 2006 
2FFI dicarboxylic acid hydrolase 167-170 HFGR unpublished
2GZQ phosphatidylethanolamine-binding 

protein
163-166 KFNN unpublished

The left-handed helices in long-chain-fatty-acid-CoA synthetase (1V25; 
Figure 2.4) and ribonucleotide reductase (2CVX) participate in ligand bind-
ing. The left-handed helix in colicin (1RH1) is part of the TonB box that is 
required for interaction with the energy transducer protein TonB (Hilsenback 
et al., 2004). The left-handed helix of light-harvesting protein B-880 
(1XRD) is crucial for the stability of the protein (Wang et al., 2005). For the 
other five helices no role could be identified, but three of these structures 
were solved by SG consortia and almost nothing is known about these pro-
teins. The authors of the structures were alerted to the presence of left-
handed helices in their structures and the fact that these could help in the 
annotation of the proteins.  

A putative left-handed helix was also found in the structure of C5a pepti-
dase (1XF1; Brown et al., 2005). The helix is eight amino acids long (resi-
dues 192-199) and contains an active site residue, but the structure factors 
for this structure have not been deposited and the temperature factors for the 
residues in the helix are rather high. It is not clear if these residues form a 
genuine left-handed helix and therefore it was not included in the list of new 
helices. However, if confirmed, it would be the longest known left-handed 
helix in an all-L-protein to date. 
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Figure 2.4. Two residues in the five-residue left-handed helix (231-235) in long-
chain-fatty-acid-CoA synthetase (1V25) interact with the ATP analogue AMP-PNP. 

2.8 Amino-acid preferences in left-handed helices 
Although there were only a limited number of residues in the left-handed 
helices, the frequencies of the 20 amino-acid types were calculated and 
compared to those in the two used subsets of the PDB (Table 2.5). Since 
some of the left-handed helices appear in sets of proteins with high levels of 
sequence identity, a subset of these proteins was created where no two pro-
teins have more than 25% sequence identity. The propensities of amino-acid 
types to be in a left-handed helix were calculated as its frequency in the left-
handed helices from the 25% subset divided by its frequency in the entire 
dataset of 14928 proteins (Table 2.5). 

 The most common residue type in the left-handed helices is glycine. This 
can be explained by the fact that glycine has no side chain and can therefore 
accommodate left- and right-handed conformations equally well. Trypto-
phan, otherwise the least frequently occurring amino acid, occurred with a 
surprisingly high frequency in the left-handed helices and consequently has 
the highest propensity. Asparagine also appeared in the left-handed helices 
with a higher frequency than expected. On the other hand, amino acids with 
a long hydrophobic side chain were less common. Proline did not appear in 
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the left-handed helices at all. Proline cannot assume positive  angles and 
therefore was not expected to be in any left-handed helix. All these unusual 
amino-acid frequencies were present in the data from both the original and 
the updated survey and therefore could be significant, although the sample 
size was too small to draw any firm conclusions. 

It was also checked if the sequences found in the left-handed helices are 
unique for left-handed helices or if they can also be found in other secondary 
structure elements. All of them were found to occur in other secondary struc-
ture elements (e.g., right-handed helix, loop) and therefore they cannot be 
used directly to predict left-handed helices based on sequences. 

Table 2.5. Amino-acid statistics in left-handed helices and a PDB subset. 

Amino 
acid 

All hitsa

(%) 
Subsetb

(%) 
PDB subsetc

(%) 
Propensitiesd

Ala (A) 24 (11.4) 7 (7.1) 7.9 0.9 
Cys (C) 6 (2.8) 3 (3.1) 1.5 2.1 
Asp (D) 11 (5.2) 4 (4.1) 5.6 0.7 
Glu (E) 7 (3.3) 4 (4.1) 6.6 0.6 
Phe (F) 9 (4.3) 5 (5.1) 3.9 1.3 
Gly (G) 65 (30.8) 30 (30.6) 7.5 4.1 
His (H) 3 (1.4) 1 (1.0) 2.5 0.4 
Ile (I) 5 (2.4) 4 (4.1) 5.4 0.8 
Lys (K) 5 (2.4) 2 (2.0) 5.9 0.3 
Leu (L) 6 (2.8) 3 (3.1) 8.9 0.4 
Met (M) 1 (0.5) 1 (1.0) 2.0 0.5 
Asn (N) 24 (11.4) 13 (13.3) 4.2 3.2 
Pro (P) 0 0 (0) 4.6 0 
Gln (Q) 4 (1.9) 2 (2) 3.7 0.5 
Arg (R) 4 (1.9) 4 (4.1) 4.9 0.8 
Ser (S) 10 (4.7) 3 (3.1) 6.3 0.5 
Thr (T) 4 (1.9) 1 (1.0) 5.4 0.2 
Val (V) 2 (1.0) 1 (1.0) 6.9 0.2 
Trp (W) 13 (6.2) 7 (7.1) 1.4 5.1 
Tyr (Y) 10 (4.7) 3 (3.1) 3.4 0.9 

a Amino-acid counts and frequencies (in parentheses) in all left-handed helices. 
b Amino-acid counts and frequencies (in parentheses) in the 25% subset of all left-handed 
helices (see text). 
c Amino-acid frequencies in the joint PDB subsets used in this study(14928 protein chains). 
d Propensities of amino acids to be in a left-handed helix. 
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2.9 Concluding remarks 
In this work, the occurrence of left-handed helices was investigated, and 
hypothesis that left-handed helices tend to occur in functionally or structur-
ally important regions of proteins was tested.  

All left-handed helices of at least four residues were identified in a subset 
of the PDB. The helices found were analyzed carefully to ensure that they 
were genuine left-handed helices. This yielded 31 cases in the subset of 7284 
protein chains. The left-handed helices were generally short (4-6 residues) 
and a functional or structural role could be assigned for 27 of them. 

The survey was repeated three years later (July, 2006) for a subset of 
7644 structures deposited in the PDB since the initial subset had been cre-
ated. Another 19 left-handed helices were found and for 14 of them a possi-
ble role was found, although 10 of these were in proteins that showed se-
quence similarity to proteins found in the previous study. A possible func-
tion was identified for one of the original helices based on the sequence 
similarity of its parent protein to one of the new ones. Three of the helices 
occurred in structures solved by SG consortia.  

Tryptophan, glycine and asparagine occur in the left-handed helices with 
a much higher frequency than expected based on their frequency in the PDB 
subsets. However, the sample size was too small to draw any conclusions 
from this observation. 

It was shown that left-handed helices are very rare (one helix in every 
~350 structures) but interesting motifs. The results presented here support 
the notion that left-handed helices are often relevant for the function or sta-
bility of their parent protein. If a left-handed helix is identified in the struc-
ture of a protein of unknown function this may provide a starting point for 
closer scrutiny of the structure or further experiments. 
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3. In the dock (Paper III) 

3.1 Docking 
Molecular docking attempts to find low-energy binding modes of two mole-
cules: a receptor and a ligand. The receptor is usually a protein and the 
ligand is a low-molecular weight molecule, nucleic acid or another protein. 
The concept of docking was probably first brought up in 1953 by Crick who 
suggested that the packing of -helices could be represented as knobs fitting 
into holes (Crick, 1953). Nevertheless, it required major progress in the rep-
resentation of molecular surfaces, increases in computer power, and growth 
of the PDB for the field of molecular docking to come to fruition. The first 
docking program, DOCK, was developed in the early 1980s (Kuntz et al.,
1982). The program proceeded in three steps: identification of possible bind-
ing sites, matching of the receptor and ligand representation and optimisation 
of the ligand within the putative binding site by rotation. Both the receptor 
and the ligand were kept rigid. 

The structure of the receptor in a docking experiment can either be taken 
from the crystal structure of the actual complex, or it can be taken from an 
unrelated crystal structure (e.g., an apo structure or a complex with a differ-
ent ligand). The first type of docking is called bound docking or back-
docking. Bound docking is considered easier, since the receptor and some-
times even the ligand already assume the conformation that allows for their 
favourable interaction. However, a more challenging, and more useful, type 
of docking is so-called predictive docking, where a ligand is docked into the 
apo structure of a protein or another complex (Halperin et al., 2002). 

Docking protocols consist of two major steps: (1) conformational search 
and (2) scoring of solutions. The aim of conformational search algorithms is 
to effectively sample receptor and ligand rotations and translations so that 
true binding modes are also included among the possible solutions. The out-
put of such an algorithm is a set of binding poses. Scoring functions should 
be able to discriminate between true binding modes (poses) and the rest, and 
to rank the binding modes. Both steps should be fast too, to allow for sam-
pling of a large number of conformations and scoring of a large number of 
potential solutions. 
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In early docking programs, both the receptor and the ligand were treated 
as rigid bodies (Kuntz et al., 1982). Since then, semi-flexible docking algo-
rithms, where one of the molecules (typically the small-molecule ligand) is 
flexible, have been established. There are three ways to introduce ligand 
flexibility. Systematic algorithms attempt to explore all conformational de-
grees of freedom in the ligand (Bohm, 1992; Miller et al., 1994; Ewing et
al., 2001). Metropolis, or stochastic, algorithms, on the other hand, apply 
random changes to the conformation of a ligand. Boltzman-style probability 
functions are used to decide whether changes are accepted or not (Jones et 
al., 1997; Morris et al., 1998). The third type of algorithm uses molecular 
dynamics simulations to search ligand conformational space (Abagyan et al.,
1994; Taylor & Burnett, 2000). Semi-flexible docking algorithms are less 
successful when receptor-ligand interaction requires conformational change 
in the protein (Erickson et al., 2004). It has been observed that proteins are 
often more flexible in regions around their binding sites (Luque & Friere, 
2000). For this reason, flexible docking algorithms have been developed. 
These algorithms incorporate at least limited flexibility to the receptor with-
out making the process too computationally intensive (Hart & Read, 1992; 
Leach, 1994; Cavasotto et al., 2005).  

Being able to generate the correct binding mode of a ligand to a receptor 
is a necessary, but not a sufficient condition for a docking exercise to be 
successful. This binding mode has to be recognized among all the other 
poses generated by the search algorithms. The ranking of solutions is done 
using scoring functions that try to predict binding energies by an approxima-
tion of several uncorrelated terms. For example, the scoring function of the 
AutoDock program consists of a Lennard-Jones 12-6 dispersion term, a di-
rectional 12-10 hydrogen bonding term, a Coulombic electrostatic term, an 
entropic term and an intermolecular pairwise desolvation term (Morris et al.,
1998). A number of scoring functions has been developed (e.g., Eldridge et 
al., 1997; Hansson et al., 1998; Morris et al., 1998), but they all use a num-
ber of simplifications since rigorous scoring functions would be prohibi-
tively expensive to compute. However, these simplifications and assump-
tions reduce the accuracy of these functions and scoring functions therefore 
remain the major bottleneck of all docking procedures (Kitchen et al., 2004). 

Docking programs can reproduce known binding poses with average ac-
curacies of about 1.5-2.0 Å (Westhead, 1997, Kellenberger et al., 2004) and 
current scoring functions are able to estimate free energies of binding within 
7-10 kJ/mol of experimentally measured values (Bissantz et al., 2000). Un-
fortunately, there is no single combination of search algorithm and scoring 
function that that is guaranteed to always produce the best docking results, 
because the performance of docking protocols is to a large extent dependent 
on the specific properties of the protein and the ligand used in every particu-
lar docking experiment (Halperin et al., 2002; Sousa et al., 2006). 
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3.2 Virtual screening 
One of the major applications of docking is in virtual screening. Virtual 
screening is essentially high-throughput docking of a large library of small 
molecules or fragments. Virtual screening is used mostly by pharmaceutical 
companies to identify and optimize candidate drugs or lead compounds. 
Despite some small successes of this method (Varney et al., 1992; von 
Itzstein et al., 1993), several caveats still remain. Regardless of the scoring 
function used, scores scale poorly with the molecular mass and the number 
of rotatable bonds (Diller & Li, 2003). Large or rigid ligands score better 
than small ligands or ligands with many rotatable bonds that have to pay an 
entropic penalty for the fixation of these bonds. Hydrophobic binding sites 
are easier targets than hydrophilic binding sites since scoring electrostatic 
interactions remains a challenge (Kitchen et al., 2004). There is also a group 
of ligands called "frequent hitters" that are often selected by virtual screen-
ing protocols. These molecules are mostly hydrophobic and inhibit receptors 
in a non-specific manner (McGovern et al., 2002). However, virtual screen-
ing is an important tool because it allows to test large libraries of chemical 
compounds and any receptor with known 3-D structure at a relatively low-
cost (Shoichet, 2004). 

With the advent of structural genomics projects (see Chapter 2) new ap-
plications of virtual screening and molecular docking in general have 
emerged. Structural genomics projects promise to produce 3-D structures for 
a large number of proteins with unknown functions. Docking has been pro-
posed as a technique that can be used to provide clues about the function of 
these proteins by identifying potential ligands (Campbell et al., 2003). 

Crystallographers working with proteins of unknown function have a 
need for an automated docking protocol that can predict which ligand(s) can 
be bound by a protein. The aim of the project described here and in Paper III 
was to investigate the feasibility of such a protocol given the software and 
expertise available today. The workflow of a possible automated docking 
protocol is shown in Figure 3.1. Three protein structures and four ligands 
were used to test whether the experimentally determined binding poses can 
be reproduced using both holo and apo structures. In addition, the ability of 
docking program to discriminate between known ligands and other com-
pounds was investigated.  

3.3 Docking experiments 
All docking experiments were carried out with the freely available docking 
program AutoDock 3.0.5 (Morris et al., 1998). AutoDock is a docking pro-
gram that combines flexible ligand search (using a Lamarckian genetic algo-
rithm) and a scoring function that estimates free energy of binding. Auto-
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Dock was used because it is a popular docking program, free of charge and 
had been used in the laboratory previously.  

Charges and hydrogen atoms for both ligands and proteins were added 
and the number of rotatable bonds for ligands was assigned with the ADT 
(AutoDock Tools) package. To keep the docking process as general as pos-
sible (to make it suitable for as many proteins as possible), no protein- or 
ligand-specific adjustments were carried out. Default parameters were used 
during the preparation of both the proteins and the ligands. 

Ligand-binding sites on the proteins were detected with a modified ver-
sion of the SURFNET program (Laskowski, 1995). SURFNET was used to 
detect the four largest clefts on the surface of each protein, because the larg-
est surface clefts are often the binding sites (Thornton, 2001). The centres 
and dimensions of the clefts were determined with the two in-house pro-
grams (R.A. Laskowski, unpublished results).

3.3.1 Docking to triosephosphate isomerase (TIM) 
TIM is a ubiquitous enzyme that is part of the glycolytic and gluconeoge-
netic pathways. It transforms D-glyceraldehyde 3-phosphate into glycerone 
phosphate. Docking experiments were carried out with apo structure of TIM 
(1YPI, Lolis et al., 1990) and a complex of TIM with phosphoglycohydrox-
amate (PGH, Figure 3.2), a reaction intermediate analogue (3YPI; Komives 
et al., 1991).  

PGH was first docked into the known (third largest) binding pocket of the 
holo structure of the enzyme (bound docking). Correct binding poses had the 
lowest free energies of binding. The ligand was also docked into the largest 
and the second largest pocket of the enzyme. Encouragingly, the free ener-
gies of binding obtained in these experiments were higher than for the cor-
rect binding site (-3.5 kcal/mol versus -5.7 kcal/mol). Finally, the ligand was 
docked into the enzyme without specification of the binding site (i.e., the 
entire surface of the protein was used). Again, correct binding poses had 
lower free energies of binding than incorrect poses (-5.0 kcal/mol versus -3.5 
kcal/mol). 

After confirming that the complex observed in the crystal structure can be 
reproduced by docking to the holo structure, the ligand was also docked into 
an apo structure of TIM. The "flexible loop" of TIM changes its conforma-
tion when the protein binds the substrate analogue, which complicates the 
docking (Figure 3.3). 
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Figure 3.1. Flow-chart of a docking protocol that could be used in a high-throughput 
fashion to identify possible ligands for proteins of unknown function. Note that 
several steps can be parallelised to take advantage of multi-CPU clusters. An addi-
tional level of parallelisation could be introduced by running the entire protocol for 
multiple models of the receptor, be they experimentally observed (X-ray, NMR) or 
generated, for instance, by molecular dynamics or normal mode techniques. 
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(a)                                                             (b) 

(c)                                                            (d) 

(c)

Figure 3.2. The compounds used in this study: (a) phosphoglycohydroxamate acid 
(PGH), (b) pyridoxal-5'-phosphate (PLP), (c) 2,3-dicarboxy-4-(2-chloro-phenyl)-1-
ethyl-5-isopropoxycarbonyl-6-methyl-pyridinium (BIN), (d) ethacrynic acid (EAA). 
The figures are reproduced from PubChem (http://pubchem.ncbi.nlm.nih.gov/) with 
permission. 
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Figure 3.3. Superposition of the apo (light) and holo (dark) TIM structures. Note the 
conformational change of the flexible loop. 

Due to time constraints, the ligand was docked only into the correct binding 
pocket. Despite the change of the binding site, correct binding poses still had 
the lowest free energies of binding, although these were higher than for the 
best poses docked into the holo structure (-4.3 kcal/mol versus -5.7 
kcal/mol). These results show that AutoDock is able to assign the lowest free 
energies of binding to correct poses in both the holo and the apo structure. 

3.3.2 Docking with glycogen phosphorylase 
Glycogen phosphorylase is an important enzyme in carbohydrate metabo-
lism. In this work the structure of a complex of glycogen phosphorylase was 
used (3AMV; Oikonomakos et al., 1999). It contains three ligands: a sub-
strate analogue inhibitor (2,3-dicarboxy-4-(2-chloro-phenyl)-1-ethyl-5-
isopropoxycarbonyl-6-methyl-pyridinium or BIN), pyridoxal-5'-phosphate 
(PLP) and glucose. Docking experiments were carried out with BIN, PLP as 
well as two unrelated compounds (Figure 3.2). The results are summarized 
in Table 3.1. 

 First, BIN was docked to the structure. When docked into the correct 
binding pocket, the poses most similar to the experimental ones had the low-
est free energies, even though they were flipped by ~180  compared to the 
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experimental pose. Moreover, some incorrect poses attained energies that 
were only marginally worse than those of correct poses (0.2 kcal/mol). The 
ligand was also docked into the largest cleft on the protein surface. This ac-
tually produced lower free energies of binding than docking into the correct 
pocket. However, the ligand pose with the lowest free energy in the largest 
cleft does not have any direct hydrogen bonds to the protein, whereas the 
experimental pose and the best docked pose in the correct binding pocket 
have a number of such hydrogen bonds. 

PLP was also docked to the structure. PLP does not bind in any of the 
pockets on the surface of the protein, but in the core of the protein instead. 
Unfortunately, the pose with the best score was far away from the experi-
mentally observed binding site. 

 Two ligands that are not known to bind to glycogen phosphorylase were 
docked to the structure as well: PGH from the 3YPI structure and ethacrynic 
acid (EAA) from a glutathione transferase structure (1GSE; Cameron et al.,
1995). This experiment was carried out to investigate if the docking proce-
dure can discriminate between known ligands and unrelated compounds. 
PGH was docked with higher energies than both BIN and PLP. EAA, on the 
other hand, was docked with energies that were lower than those obtained 
with PLP, and not much higher than the lowest energies obtained for BIN. 
These results show that AutoDock was not able to predict the correct binding 
site or to discriminate between true ligands and other compounds in the case 
of glycogen phosphorylase. 

Table 3.1. Summary of docking results for glycogen phosphorylase. 
Compound Known ligand? Binding site Minimum 

free energy 
(kcal/mol)

Maximum free 
energy 
(kcal/mol)

BIN yes correct -9.0 -7.2 
BIN yes incorrect -10.4 -4.5 
PLP yes correct -7.0 -6.4 
PLP yes incorrect -7.1 -5.5 
PGH no n/a -6.2 -4.9 
EAA no n/a -8.6 -4.2 

3.4 Limitations and bottlenecks of the procedure 
Several limitations of the docking procedure were identified during the pre-
sent experiments (Table 3.2), despite the fact that some of the test cases were 
easier than the realistic cases for which the method is intended. For example, 
the ligand conformations were taken directly from the complex structures 
and most experiments involved back-docking. 
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 Although the experiments with TIM were successful, the tests with gly-
cogen phosphorylase were less promising. The best ligand poses found by 
AutoDock were flipped by 180  compared to the crystal structure. Moreover, 
the scoring function failed to discriminate between correct and incorrect 
binding clefts as well as between known ligands of the protein and two arbi-
trary small molecules that are not known to bind. Perhaps another docking 
program with a different search algorithm and scoring function would have 
performed better. Unfortunately, it is very difficult to compare the perform-
ance of the available docking programs without introducing bias (Cole et al.,
2005), since the docking procedures are very different (i.e., the way ligands 
and proteins are prepared for docking, and the way in which the results are 
reported) and the performance is also influenced by the particular character-
istics of both protein and ligand (Schultz-Gash & Stahl, 2003). It would also 
be possible to use multiple programs and to search for a consensus solution. 
However, this approach would require major computational resources. 

The method for the identification of ligand-binding sites used in this study 
is not sufficient, because there are also ligands that do not bind in any of the 
four largest clefts on the surface of the protein. There are many other pro-
grams for the prediction of ligand binding sites (Peters et al., 1996; Chakra-
barti et al., 2005; Liang et al., 2006; etc.) and it would be possible to run a 
number of these in parallel and to cluster their results.  

Several potential problems in fully automated structure-based ligand iden-
tification were not encountered, but can be anticipated. The receptor struc-
tures used for docking may contain errors. A validation step should therefore 
be included into a docking protocol and any docking pose located in a poorly 
determined region should be interpreted with extreme caution. Some pro-
teins are oligomeric and bind their ligands in the interfaces between their 
subunits. If unknown, the oligomeric state of a protein can be predicted with 
available tools (PQS; Henrick & Thornton, 1998; PISA; Krissinel & Hen-
rick, 2005) and all possible states will need to be tested in the docking ex-
periments. Many proteins bind more than one ligand and often in a specific 
order. Can current docking programs deal with cooperativity and unknown 
stoichiometry of binding? There are also proteins that do not bind any small-
molecule ligands, but interact with other proteins instead. Are the scoring 
functions sensitive enough to suggest that a protein is not very likely to bind 
any of the ligands in the provided database? 
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Table 3.2. Overview of bottlenecks and possible solutions on the way to fully auto-
mated structure-based ligand identification 

Bottleneck Solution ? 

Errors in protein structures Validation 
Ligand flexibility Conformational search algorithms 
Protein flexibility Conformational search algorithms or use of 

multiple protein models 
Protein disordered regions Protein disorder prediction -multiple pro-

grams
Oligomeric state of protein Oligomeric state prediction - multiple pro-

grams
Binding site location Multiple prediction methods or use entire 

protein
Recognizing correct ligand Better scoring functions 
Recognizing correct ligand pose Better scoring functions 
Selecting most appropriate docking pro-
gram/protocol 

CASP-like evaluation or use of multiple 
programs

Stoichiometry of binding ?
Cooperativity ? 
CPU time requirements Parallelisation 

3.5 Concluding remarks and future directions 
In this work, the feasibility of automated methods for structure-based predic-
tion of which ligands are likely to bind to a protein was investigated. The 
experiments with TIM were successful, while experiments with glycogen 
phosphorylase failed to identify the correct ligand-binding site and to dis-
criminate between a known ligand and two arbitrarily chosen unrelated 
molecules molecules. Due to the small number of test cases, no firm conclu-
sions can be drawn from these results. However, the pilot study revealed 
several bottlenecks that must be overcome before such approaches will be 
feasible. In the future, many more protein structures, more sophisticated 
ligand-binding-site prediction tools and perhaps more docking programs 
should be tested. A task of major importance would be to build a database of 
protein ligands that occur naturally in organisms. The ligands could be clus-
tered into groups based on their chemical similarity. This could help to rank 
the results. If members of one group of ligands (e.g., sugars) appear in the 
list of hits more often than representatives of other groups, they would ap-
pear to be more likely to be true ligands. 
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4. Precision: scratching the surface (Paper IV) 

4.1 Accessible surface area calculations 
The solvent-accessible surface area (ASA) of a protein is the area of contact 
between protein, solvent and other solutes. The ASA is usually calculated by 
rolling a sphere (solvent molecule) over the van der Waals surface of the 
protein. The area covered by the centre of the sphere is called the ASA of the 
protein (Lee & Richards, 1971; Figure 4.1). The molecular surface is the 
area traced by the inward-facing surface of the probe (Richards, 1977). The 
molecular surface can be divided into the contact surface and the reentrant 
surface. The contact surface is the area where the inward-facing part of the 
probe is in contact with only one atom, whereas the reentrant surface is the 
part of the molecular surface where it is in contact with more than one atom 
(Richmond & Richards, 1978; Figure 4.1). 

Figure 4.1. Illustration of concepts involved in the calculation of various types of 
surface area. Figure kindly provided by Lenka Šatrová. 
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The ASA concept was first introduced during studies of the protein-
folding problem by Lee and Richards (1971) to quantify the burial of hydro-
phobic amino acids during the folding process. Since then, ASA calculations 
have found widespread application. For instance, ASA calculations are used 
in the PQS server to predict the quarternary structure of proteins (Henrick & 
Thornton, 1998). To discriminate between specific contacts (due to oligomer 
formation) and non-specific contacts (due to crystal packing effects), PQS 
uses the difference between the sum of the ASAs of chains in an assembly 
and the total ASA of the assembly. ASA calculations have also been used to 
characterize sites of interaction between proteins and nucleic acids (Nadassy 
et al., 1999), to define conformational entropies of surface residues (Cole & 
Warwicker, 2002), to improve the ranking of docking solutions (Duan et al.,
2005) and to calculate absolute free energies of binding of ligands to pro-
teins (Bartels et al., 2005). 

4.2 Accuracy versus precision

"accurate" - correct, exact and without any mistakes 

"precise" - exact and accurate 

                               Cambridge Advanced Learner's Dictionary 

Accuracy and precision are terms that have distinct and non-overlapping 
meanings in the scientific literature, although their dictionary definitions do 
not always clearly show the difference between them. 

Accuracy describes the "truthfulness" or "correctness" of a measurement 
or observation. Precision, on the other hand, describes how reproducible and 
reliable the measurement is. 

To approximate  by the value 3 is not a very precise, but a fairly accurate 
estimate. On the other hand, to represent  as 3.9999 is a very precise, but 
inaccurate estimate. Ideally, measurements should be both precise and accu-
rate.

4.3 Accuracy and precision of ASA calculations 
The accuracy of solvent-accessible surface area calculations cannot be de-
termined, because the solvent-accessible surface area is a purely computa-
tional concept. Moreover, "true" atomic coordinates are unknown. However, 
the precision (reproducibility) of these calculations can be estimated.  
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The precision of ASA calculations is influenced by a number of factors. 
First, protein structures are determined with limited accuracy and they con-
tain random and, possibly, non-random errors. Random errors are introduced 
into protein structure models during the process of building atoms into the 
electron density map and refining it against the experimental data. This is 
due to the limited resolution, errors in the measurements, thermal motion of 
the atoms, and static and dynamic disorder. Non-random factors such as 
crystallization-buffer contents, crystal-packing contacts and details of the 
refinement protocol may also affect the final model. Depending on the reso-
lution, the coordinate error of typical structures ranges from ~0.05-0.5 Å 
(Cruickshank, 1999). The coordinate error can become even larger if the 
structure contains model-building errors, e.g., incorrect main-chain or side-
chain conformations (Kleywegt, 2000). Secondly, proteins are dynamic, 
while models of protein structures are static (although alternative conforma-
tions and multiple models can be used to describe structural heterogeneity 
and conformational variability). Therefore any property derived from a static 
model (e.g., ASA, atomic distances) describes only one of the states the pro-
tein can be in. 

The precision of ASA values reported in the literature varies between 0.1 
and 100 Å2 and usually no error bars are given. Examples of published ASA 
values with seemingly optimistic precision are easy to find, for instance: 

- "the largest change in hot spot solvent-accessible surface area we find is 
4.2 Å2..."  
- "the dimer interface (678 Å2) consists of..."
- "giving a surface area for the Ld cleft of 1,296 Å2 and the Db cleft of 1,196 
Å2..."

In this work, it was investigated what precision can realistically be used to 
report the results of ASA calculations. The effects of random errors, non-
random factors and protein dynamics on the precision of calculated ASA 
values were assessed. Since ASA values cannot be calculated analytically 
from the coordinates and since it is difficult to obtain coordinate-error esti-
mates for individual atoms any way, the precision of ASA values cannot be 
calculated by error propagation. Therefore, the effects of random errors were 
studied using randomly perturbed crystal structures and multiple models of 
crystal structures refined against the same dataset. The combined effects of 
random and non-random factors were studied using multiple, independently 
determined structures of one protein. Finally, the effects of protein dynamics 
were studied using a molecular dynamics simulation. 



55

4.4 The effect of random errors 
To study the effects of random errors on calculated ASA values, randomly 
perturbed models of crystal structures were used. Twenty crystal structures 
of moderate resolution (1.8-2.2 Å) were selected from the PDB; five each 
with a length of ~100, ~200, ~300 and ~500 amino acids. MOLEMAN2 
(Kleywegt, 1997) was used to generate 50 perturbed models of each of the 
20 structures by shifting the coordinates of all atoms with shifts taken ran-
domly from a uniform distribution with an amplitude of 0.01, 0.02, 0.1, 0.2 
and 0.5 Å, respectively. Ten models were generated for each perturbation 
amplitude yielding a total of 50 perturbed models for each of the 20 struc-
tures. The AREAIMOL program of the CCP4 package (Collaborative Com-
putational Project Number 4, 1994) was used with default settings through-
out the study to calculate the ASA values. Standard deviations of the ASA 
values were calculated for each set of 10 models generated with identical 
perturbation amplitude. The average difference between the ASA values of 
the perturbed and the unperturbed models was also calculated (Table 4.1). 
Both values increase with increasing perturbation amplitude and with in-
creasing protein size. They are less than 10 Å2 for small proteins and small 
shifts and greater than 100 Å2 for large proteins and large shifts, with the 
effect of the perturbation amplitude being more pronounced. The two values 
are of the same order of magnitude, except for the proteins of ~500 residues 
and a perturbation amplitude of 0.5 Å, where the average ASA difference 
was almost three times as high as the average standard deviation. However, 
random shifts of 0.5 Å are probably not appropriate for modelling random 
errors, since models generated this way are very likely to have severely dis-
torted geometry and stereo-chemistry. 

Table 4.1. Summary of ASA calculations for the sets of randomly perturbed models. 
< ASA> - average standard deviation, < ASA> - average ASA difference between the 
original (deposited) and perturbed models. 

Shift (Å) 0.01 0.05 0.1 0.2 0.5 

Residues
< ASA>
(Å2)

< ASA>
(Å2)

< ASA>
 (Å2)

< ASA>
(Å2)

< ASA>
 (Å2)

< ASA>
(Å2)

< ASA>
 (Å2)

< ASA>
(Å2)

< ASA>
 (Å2)

< ASA>
(Å2)

~100 7 4 13 11 19 12 24 13 41 62 
~200 9 4 20 6 30 23 39 23 64 76 
~300 9 7 21 17 30 17 39 37 72 71 
~500 13 4 25 10 28 22 45 52 81 210 

Average 10 5 20 11 27 19 37 31 65 105 

To further assess the effects of random errors, all crystal structures in the 
PDB (Berman et al., 2000) that contain multiple models refined against the 
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same dataset ("X-ray ensembles") were identified (September, 2006). Most 
of these entries contain only two models, but there are four that contain more 
than four models and for these the average and standard deviation of their 
ASA values was calculated (Table 4.2). Four observations are not enough to 
draw any firm conclusions, but the standard deviations were of the same 
order of magnitude as those of the perturbed models. The two HEWL struc-
tures (2D6B and 1HC0) have a large discrepancy (92 Å2) in their average 
ASA values. The discrepancy is to a large extent caused by atoms that were 
not modeled in 1HC0. 

Table 4.2. Results of ASA calculations for crystal structures that contain more than 
four models refined against the same dataset. 
PDB
code Models Residues Resolution

(Å)
<ASA> 

(Å)
ASA

(Å2) Reference 

2D6B 10 129 1.25 6472 13 Ondracek & Mesters, 2006 
1HC0 10 129 1.82 6380 16 Ondracek et al., 2005 
2ULL 16 198 1.5 7833 52 Rader & Agard, 1997 
1HTQ 10 477 2.4 22572 162 Gill et al., 2002 

4.5 The effect of non-random factors 
To investigate the combined effect of non-random and random factors, 69 
structures of HEWL with an identical number of atoms were identified in the 
PDB. The structures had been determined at 1.1-2.3 Å resolution and repre-
sented five different space groups (although the majority of them had crys-
tallized in the space group P43212). The ASA values were calculated for all 
69 structures and their correlation with resolution, average B-factor, Wilson 
B-factor and with the all-atom RMSD to the reference structure (1AKI; Ar-
tymiuk et al., 1982) were investigated. The RMSD values were calculated 
with LSQMAN (Kleywegt, 1996), whereas the other statistics were extracted 
from EDS (Kleywegt et al., 2004). 

The average ASA of the 69 HEWL structures was 6571 Å2 with a stan-
dard deviation of 81 Å2. The difference between the minimum and the 
maximum ASA value was 444 Å2. None of the statistics (resolution, etc.)
were found to be correlated with the ASA values as all the correlation coef-
ficients were close to zero (see Figure 1 in Paper IV). In addition, the space 
group of the crystals did not systematically affect the ASA values. These 
results suggest that ASA values can be estimated reasonably well even for 
structures with high temperature factors or low resolution. 
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4.6 The effect of protein dynamics 
To assess the impact of dynamic fluctuations on ASA values, an MD simula-
tion of a HEWL structure (1AKI; Patriksson et al., 2007) was used and ASA 
values were calculated for 2000 snapshots along the 20 ns simulation trajec-
tory (Figure 4.2). The average ASA value for the 2000 structures was 7036 
Å2 with a standard deviation of 114 Å2. The difference between the mini-
mum and the maximum observed ASA value was 814 Å2. The simulation 
used here is too short to describe binding of a ligand or even conformational 
changes required for a catalytic reaction to take place. Therefore, the ob-
served fluctuations probably do not reflect the full range exhibited by this 
protein in vivo and in vitro. The ASA values calculated during the MD simu-
lation were higher than that of the crystal structure (6491 Å2). This can per-
haps be explained by a higher solvent content in a simulation environment 
than in the crystal. In addition, there are more hydrogen bonds between the 
solvent and the protein in the simulation, which "inflates" the simulated 
structures. The transition from the crystal to the simulation environment took 
place during the first 5 ns of the simulation when the ASA value increased 
rapidly before reaching a plateau (Figure 4.2). 
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Figure 4.2. ASA values calculated along a 20 ns MD trajectory of a HEWL struc-
ture.  
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4.7 The effect of using different programs 
Many programs can be used to calculate ASA values of proteins. In this 
work, AREAIMOL was used consistently to calculate all ASA values, but 
six other programs have also been tested to see whether the choice of pro-
gram influences the results. The small (99 residues) protein plastocyanin 
(1BXU; Inoue et al., 1999) was used for this purpose and default parameters 
were used for all the programs. The results of the calculations are listed in 
Table 4.3. The difference between the lowest and the highest ASA value was 
562 Å2, which shows that the results obtained by different programs are not 
directly comparable. This suggests that when ASA values are reported, the 
program used should be specified. 

Table 4.3. ASA values for plastocyanin (1BXU) calculated with different programs. 

Program  ASA (Å2) Reference 

AREAIMOL 4673.0 CCP4, 1994 
DSSP 4758 Kabsch & Sander, 1983 
NACCESS 4664.4 Hubbard & Thornton, 1993 
POPS 4826.0 Cavallo et al., 2003 
RPBS 4950.0 Richmond, 1984 
STRUCTOOLS 5224.8 Sanner et al., 1996 
VADAR 4662.5 Willard et al., 2003 

4.8 Concluding remarks 
The impact of a number of factors on the precision of calculated ASA values 
has been assessed. The effects of random errors were studied using perturbed 
models of crystal structures and multiple crystal structure models refined 
against the same dataset. The results show that random errors limit the preci-
sion of ASA values to ~10-100 Å2. The precision is lower for larger proteins 
and higher coordinate errors. The combined effect of random and non-
random factors was of the order of 100 Å2 for one tested protein (HEWL). 
No correlation was observed between calculated ASA values and resolution, 
average B-factor, Wilson B-factor, or RMSD to the reference structure. The 
fluctuations of the ASA values during a 20 ns MD simulation were of the 
same order of magnitude. However, the fluctuations are expected to be even 
larger for simulations on timescales long enough to capture a protein in ac-
tion, e.g., during binding of a substrate.  

The "completeness" of a structure can significantly affect the result of 
ASA calculations. A side chain on the surface of a protein can have an ASA 
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of up to 100 Å2 and if one or more side chains cannot be modeled into the 
density, this introduces a systematic error into the ASA calculations. 

When reporting ASA values, the method and any non-default parameters 
used should be reported since they greatly influence the numerical result. 
ASA values calculated with seven different programs for a small protein 
varied by more than 500 Å2 (>10% of the that protein's ASA). 

Although it is not possible to provide general guidelines for reporting 
ASA values, a precision better than 10 Å2 does not appear to be warranted in 
most cases. Buried surface areas in protein-protein interfaces can be reported 
with a higher precision than the total ASA of the complex, since the errors 
for the non-interface atoms cancel out (provided the ASA values for the in-
dividual proteins were calculated using the coordinates from the complex).  

It is worth keeping in mind that not only ASA calculations, but indeed 
any calculation based on a structure (including inter-atomic distances used to 
calculate hydrogen bonds and to assign secondary structure elements) is 
affected by the factors discussed here. 



60

5. A register of shifts (Paper V) 

5.1 Structure validation 
Determination of 3-D structures of proteins and nucleic acids has contributed 
significantly to our understanding of basic biological processes (e.g., tran-
scription, recombination) at the molecular level. Structures have provided 
detailed explanations of reaction mechanisms of proteins or their interactions 
with other proteins. 

Yet, it should always be kept in mind that the structures deposited in the 
PDB are models of the actual 3-D structures. These models attempt to pro-
vide the best possible interpretation of the experimental data. However, a 
certain degree of subjectivity is involved in the process of model building: a 
protein has to be fitted into the electron density map and there is often more 
than one way to do this, especially if the electron density map is poor or the 
resolution low. All experimental measurements (e.g., of diffraction spot in-
tensities) contain random (and possibly systematic) errors and their precision 
is therefore limited. Making errors during the model-building process is 
therefore practically unavoidable (Kleywegt, 2000). 

The errors encountered in protein crystal structures can be divided into 
several categories depending on their seriousness (Jones & Kjeldgaard, 
1997; Kleywegt, 2000): 

completely wrong folds (or domains) 
incorrect connectivity of secondary structure elements 
register errors 
local errors - incorrect side-chain or main-chain conformations 

If the errors are significant, the usefulness of the model for answering bio-
logical questions is seriously compromised. Structure validation tools can be 
employed to detect errors in structures and therefore give an idea what ques-
tions can realistically be answered by the model. Even recent structures can 
contain serious errors: five low-resolution structures of two ABC transporter 
proteins were recently retracted when their folds had been shown to be 
wrong (Chang et al., 2006). Low-resolution data, errors in a data-reduction 
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program, errors during model-building, and inappropriate refinement proto-
cols had conspired to produce semi-convincing, but incorrect models. 

Structure validation entails comparing a model (and any predictions that 
can be based on it) against experimental observation and prior knowledge. In 
particular, comparing with observations or knowledge that were not used in 
the constructions of a model provide an excellent means of validating it. 
Quality indicators have been extensively reviewed by Kleywegt (2000) and 
include: the R value and free R value (Kleywegt & Brunger, 1996), real-
space fit values (Jones et al., 1991), the quality of the Ramachandran plot 
(Laskowski et al., 1993), the 3D-profile score, a global measure of the com-
patibility of the sequence and the fold (Eisenberg et al., 1997), unusual 
backbone or side-chain conformations (Hooft et al., 1996), peptide flips 
(Jones et al., 1991), unusual bond lengths and bond angles (Engh & Huber, 
1991).

A number of programs have been developed to validate protein crystal 
structures, including: PROCHECK (Laskowski et al., 1993), OOPS (Kley-
wegt & Jones, 1994b), PROVE (Pontius et al., 1996) WHATCHECK (Hooft 
et al., 1996), MOLEMAN (Kleywegt, 1997), Verify3D (Eisenberg et al.,
1997) and ANOLEA (Melo & Feytmans, 1998).  

Most validation statistics assess either the global quality of a model, or 
the quality of individual residues. However, register errors have not received 
much attention so far. The aim of this project was to develop a tool that can 
identify register shifts by comparing pairs of structures, to carry out a survey 
of register shifts in the PDB, and to investigate if register errors can be diag-
nosed if no comparison structure is available. 

5.2 Register shifts and register errors 
A register shift is said to occur when a segment of structure is shifted by one 
or more residues in either direction relative to the same segment in another 
structure. Register shifts can be genuine or an artefact due to model-building 
errors. Genuine register shifts have been observed in protein structures dur-
ing the transition between active and inactive states (Pasqualato et al., 2002; 
Schwart & Blobel, 2003), upon phosphorylation (Kern et al., 1999), and 
upon binding of another protein (Arac et al., 2005). Genuine register shifts 
can be also caused, more trivially, by intentional deletion or insertion of a 
residue (Keefe et al., 2004). 

When the sequence of a model is out of register compared to its electron 
density, the shift is called register error (Brändén & Jones, 1990). Register 
errors may be introduced in a loop with poor density, e.g. if one residue too 
many or too few is built (Figure 5.1). If a compensating error is made in a 
subsequent loop, the model can get back into the proper register. 
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Figure 5.1. Illustration of a register error. A register error is introduced in a loop 
with poor density and persists until a second (compensating) error is made in the 
subsequent loop. In the middle part (in this example, a -strand), the sequence of the 
model (residues labelled with primes) is shifted by one compared to the density of 
the true structures. Any biological interpretations or predictions made for the resi-
dues are affected by the register error and bound to be incorrect. Figure kindly pro-
vided by Lenka Šatrová. 

Register errors sometimes arise during the initial stages of model building, 
but most of them are fixed during the iterative model rebuilding and refine-
ment process (Jones & Kjeldgaard, 1997). Nevertheless, a number of exam-
ples of register errors in published crystal structures have been described: in 
the structure of gene 5 DNA-binding protein (2GN5; Brayer & McPherson, 
1983; errors described in Skinner et al., 1994), in two structures of a single-
stranded DNA-binding protein (1QVC, 1EQQ; Matsumoto et al., 2000; de-
scribed in Venclovas et al., 2004), in the structure chloromuconate cycloi-
somerase (1CHR; Hoier et al., 1994; described in Kleywegt et al., 1996) and 
in early models of the ribosomal proteins L2, L15, L16 and L24 (1KPJ; 
Harms et al., 2001; described in Bujnicki et al., 2002). These errors were 
discovered by comparison with other models of the same protein, although 
these comparisons were sometimes triggered by the observation of very poor 
stereochemical quality of the models with the register errors (e.g., in the case 
of 2GN5 and 1CHR) 

Register errors usually affect only a small part of the model, but they can 
nevertheless be deleterious to the biological interpretation, especially if they 
occur in a ligand-binding or active site.  
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5.3 Detecting register shifts 
A software routine to detect register shifts was developed and implemented 
in the structure comparison program LSQMAN (Kleywegt, 1996). The rou-
tine can detect shifts if two or more models of the same protein are available. 
It uses a structure-based sequence alignment produced by LSQMAN and 
checks for every residue in the first sequence if a better sequence alignment 
can be obtained by sliding the second sequence along it (in either direction). 
The maximum size of the sliding window and the minimum number of 
shifted residues are user-defined parameters of the algorithm. If a shift is 
found, the size and the location of shifted fragment in the sequence are out-
put. Figure 5.2 shows an example of output. 

 Possible register shift ! 
 Nr of residues involved   :            7 
 Misaligned in sequence 1  :            6 
 Not aligned in sequence 1 :            1 
 Misaligned in sequence 2  :            6 
 Not aligned in sequence 2 :            1 
 Shift (incl. gaps !)      :            1 
 Average real shift seq 1  :          0.9 
 Average real shift seq 2  :         -0.9 
 Affected in seq 1 : E [A 352] - R [A 358] 
 Affected in seq 2 : E [A 352] - R [A 358] 
 Seq 1 : (drvltELVSKMR-dmqmdk)
 Seq 2 : (drvlt-ELVSKMRdmqmdk)

Figure 5.2. Example output from the register shift detection algorithm in LSQMAN. 
The example is from the comparison of two ligand-binding domain of the retinoid X 
receptor. 

The LSQMAN routine was used (with the maximum size of the sliding 
window set to ten and the minimum number of shifted residues set to three) 
in a survey of register shifts in the PDB. An overview of the survey is given 
in Figure 5.3. First, a list of 2777 structure pairs was used (kindly provided 
by Drs. Kim Henrick and Sameer Velenkar, EBI, Hinxton, UK). The list was 
created by taking all structure pairs in the PDB (October, 2002) of one pro-
tein where one structure was determined with a resolution better than 2.0 Å 
and the other structure had a resolution of 2.0 Å or worse. This yielded 31 
potential register shifts. To extend the dataset, a second list was later used 
(also provided by Drs. Henrick and Velenkar). This second list contained all 
structure pairs in the PDB (December 2002) with identical Uniprot (Wu et
al., 2006) identifier and determined by X-ray crystallography. LSQMAN 
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was used to generate 172,081 structure-based sequence alignments and de-
tected 3588 structure pairs with potential register shifts. From these, only the 
pairs for which both structures had electron density maps in the EDS    
(Kleywegt et al., 2004) were retained, because electron density maps are 
necessary to decide whether a register shift is genuine or not. In addition, 
only the structure pairs from the second list where one structure had a resolu-
tion of 2.5 Å or better and the other had a resolution of 2.5 Å or worse were 
considered so as to retain pairs where a register error is more likely to occur. 
Only 256 structure pairs satisfied the condition that electron density maps 
had to be available from EDS. After applying the resolution filter, 144 struc-
ture pairs with potential register shifts remained. However, many structures 
appeared in more than one pair (e.g., there were 29 pairs of T4 lysozyme 
structures, but all of them contained either 209L or 210L). In such cases only 
the highest resolution structures were retained. After removing the redundant 
pairs, only 19 pairs with potential register shifts remained. 

5.4 Classification of potential register shifts 
The 19 structure pairs (Table 5.1) were studied in detail: the superimposed 
models together with their electron density maps were inspected carefully 
and the appropriate literature relevant for these structures was studied. Based 
on this analysis, the potential register shifts were classified into three catego-
ries:

genuine register shifts
likely register errors   
conformational variations that mimic register shifts in the structure-based 
sequence alignment (i.e., false positives; Figure 5.4) 

For a register shift to be accepted as genuine, the structure fragment in 
question should have good credible electron density in both models.  

If one of the models (but not the other) has a poor density for the frag-
ment, and that fragment also contains a number of residues with unusual 
main-chain conformation, the register shift is likely to be an artefact. This 
suspicion is even more likely in cases where the alternative, unshifted model 
actually provides a better fit to the density for the shifted fragment than the 
shifted model itself.  
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Figure 5.3. Overview of the register-shift survey. 
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Figure 5.4. Illustration of a structural difference that mimics a register shift. Two 
fragments with different conformations accidentally superimpose in such a way that 
they appear to be out of register in the structure-based sequence alignment. Figure 
kindly provided by Lenka Šatrová. 

We identified four cases of likely register errors in three structures, six 
cases of genuine register shifts in four structures, and 18 cases in 10 struc-
tures of structural differences that mimic register shifts. There were also two 
pairs of structures in which the fragment with the potential register shift had 
poor electron density in both structures and therefore classification was not 
possible in these cases. 

Two of the genuine register shifts identified in this study are caused by 
crystal-packing interactions. They both occur in -arrestin structures (1G4R; 
Han et al., 2001, 1JSY; Milano et al., 2000). Residues 183-192 in both struc-
tures are shifted by one residue compared to another structure of -arrestin 
(1G4M; Han et al., 2001). Interestingly, residues 186-189 form a -sheet 
with residues 74-78 of a symmetry-related molecule. Crystal-packing inter-
actions have been known to cause conformational changes in loops or even 
to change the relative orientation of entire domains (Eyal et al., 2005), but to 
the best of our knowledge, this is the first case where such interactions cause 
a register shift. 

Figure 5.5 shows a likely register error in the N-terminal part (residues 6-
15) of frustose-1,6-bisphosphate aldolase (1ZEN; Cooper et al., 1996). Only 
four previously unreported register errors were detected in this survey, which 
suggests that register errors are very rare. However, over 90% of the poten-
tial register shifts could not be studied in detail, because the required elec-
tron density maps were not available from EDS. Kleywegt & Jones (2002) 
have shown that the probability of map in EDS is inversely proportional to 
structure's free R value. 
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Table 5.1. Overview of potential register shifts identified in this work.
Protein Reference structure 

(resolution (Å)) 
Shifted structure 
(resolution (Å)) 

Shifted residues Classification*  

Fructose-1,6-
bisphosphate aldolase 

1B57 A (2.0) 1ZEN (2.5) 6-15 error  

Retinoid X receptor 1FM6 A (2.1) 1LBD (2.7) 352-358 
410-413 

error  

Exotoxin A 1IKP A (1.45) 1AER B (2.3) 482-488 error  
Beta arrestin 1 1G4M A (1.9) 1G4R A (2.2) 183-192 shift  
Beta arrestin 1 1G4M A (1.9) 1JSY A (2.9) 183-192 shift
Lysozyme 1JQU C (2.6) 210L (1.95) 57-60 

74-81 
96-98 

shift

Lysozyme 1G0M A (1.7) 209L (2.7) 73-81 shift
Catabolite gene activator 2CGP A (2.2) 1HW5 A (1.82) 200-206 conformational 

change
Catabolite gene activator 2CGP A (2.2) 1J59 A (2.5) 200-205 conformational 

change
Trypanothione reductase 1FEC A (1.7) 2TPR A (2.4) 480-482 conformational 

change
Transferrin 1A8E (1.6) 1DTG A (2.4) 141-145 conformational 

change
Glucosyltransferase 1JIX A (1.65) 1JEJ A (2.5) 183-187,  

209-214 
conformational 
change

Aspartyl-tRNA  
synthetase 

1C0A A (2.4) 1EQR C (2.7) 72-75 
91-98 
220-224 

conformational 
change

HIV-1 reverse transcrip-
tase

1C1C A (2.5) 1EP4 A (2.5) 230-236 
273-277 
355-358 
436-439 
514-517 

conformational 
change

HIV-1 reverse transcrip-
tase

1FK9 A (2.5) 1JLA A (2.5) 272-282 conformational 
change

Hepatocyte nuclear 
factor-1 

1G2Z A (1.15) 1F93 E (2.6) 23-30 conformational 
change

Homoserine  
dehydrogenase 

1EBF B (2.3) 1EBU C (2.6) 130-133 
253-258 

conformational 
change

Cre recombinase 1DRG A (2.55) 1F44 A (2.05) 22-28 both poor 
density 

P3, major coat protein 1HX6 A (1.65) 1HQN A (2.2) 184-187 both poor 
density 

*"error" means register error, "shift" means genuine shift and "conformational change" means any type of movement. 
See the text for details. 

It is therefore likely that the quality of models for which no data has been 
deposited is poorer on average than the structures for which such data has 
been deposited. If the frequency of occurrence of register errors (and the 
redundancy in the data) in 3588 structure pairs with potential errors would 
be the same as in the 144 structure pairs that were analysed in this study, 
there would be around 70 structures with register errors in this dataset. This 
dataset included only ~2500 structures, while there are more than 41000 
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structures in the PDB at the time of writing (February, 2007). Therefore, 
even more errors can be expected in the entire PDB. Kleywegt & Jones 
(2002) observed that the average resolution of crystal structures deposited in 
the PDB is more or less constant over time. This suggests that new structures 
are similarly likely to contain register errors. The number of register errors in 
the PDB may therefore well be two orders of magnitude greater than the 
number reported here. 

Figure 5.5. An example of a likely register error. Residues 6-15 of 1ZEN (light) in 
the loop are shifted by one residue compared to the equivalent residues in 1B57 
(dark). 

5.5 Detecting register errors
When a new structure is determined, comparison to a well-resolved alterna-
tive model is not possible. Therefore it would be desirable to be able to de-
tect potential register shifts in a model by other means. 

Register errors are expected to lead to outliers on a number of validation 
criteria for the residues involved. Ramachandran outliers, poor torsion an-
gles, backbone conformations, poor Z-score and peptide flip are expected in 
the regions where an error is first made and the regions where is the error 
compensated for. Poor rotamers, Z-score and unusual packing of side chains 
are expected in between these two regions. 
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One approach to detect register errors is to collect validation statistics and 
to use machine-learning techniques to look for patterns with predictive 
value. A number of statistics was collected for all residues involved in the 
register errors, identified in this study or previously known, for which elec-
tron density maps were available:  

 torsion angles,  torsion angles and Ramachandran outliers (calculated 
with MOLEMAN2; Kleywegt, 1997) 
CISPEP score, a measure for the presence of an unrecognised cis peptide 
(CISPEP; Weiss & Hilgenfeld, 1999) 
RSR Z-scores were retrieved from EDS. This Z-score is defined as: Z= (
- < >)/ , where  is the real-space R-value for a residue (Jones et al.,
1991) and the average < > and standard deviation ( ) are calculated over 
all residues of the same type in all EDS of similar resolution (Kleywegt et
al., 2004). Therefore, a high Z-score indicates a residue that has a poorer 
fit to the density than the average residue of that type at that resolution 
warnings for abnormal packing environment of residues (Vriend et al.,
1993), backbone oxygen evaluation (Jones et al., 1991), unusual rotamers 
and unusual backbone conformations were collected for the residues in-
volved in the register shifts (WHATCHECK; Hooft et al., 1996) 

A machine learning technique, rough sets (Pawlak, 1982; Øhrn, 1999), 
was used to build a model and to derive a set of rules to identify register 
errors in structures based on the statistics listed above. 

The training set contained 405 objects (residues). Sixty-one of these were 
known to be part of a region with a register error and the remaining 344 ob-
jects were residues that were not part of a region with a register error. Ten-
fold cross-validation of training model resulted in a mean accuracy of 0.86 
(  = 0.06) and a mean AUC of 0.70 (  = 0.11). This proves that the model 
from the original data is able to separate objects with a register error from 
objects without a register error. However, the uneven class distribution of the 
dataset is causing a bias in the accuracy measures. The large majority of the 
objects in the training dataset (85%) are examples of residues not involved in 
a register error. Such a skewed dataset will result in a model that assigns 
unknown objects to the class that have the strongest decision rules in terms 
of support. Therefore, it is not surprising that a high accuracy is obtained 
from the original dataset.  

An external test set composed of 680 residues from two crystal structures 
(1B57 and 1ZEN, where residues 6-15 are out of register) was used to fur-
ther validate the model. There were only 10 examples of residues involved in 
a register error in this test set. The predictions of the outcomes of the objects 
in the test set resulted in an accuracy of 0.97 and an AUC of 0.50. This 
shows that the model does not perform better than a random model. More-
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over, none of 10 residues involved in the register error was correctly pre-
dicted.

Unfortunately, the number of known register errors is too small to build a 
robust model and robust rules that would be able to discriminate register 
errors from other types of errors that may occur in protein structures. The 
model might be improved if more register errors were known. Another im-
provement could be to build the model on fragments not residues (e.g.,
counting outliers within a window of three to five residues).  

5.6 Conclusions and perspectives 
In this work, a software routine to detect potential register shifts by compar-
ing pairs of structures has been developed and implemented in LSQMAN. 
This routine requires a structure-based sequence alignment as input and can 
therefore not be used for proteins whose structure has been determined only 
once. The routine was used to identify potential register shifts in a subset of 
the PDB. From 3588 potential register shifts identified in this study, 19 were 
selected for detailed analysis and classified into three categories: genuine 
register shifts, likely register errors and conformational differences that 
mimic register shifts in a structure-based sequence alignment. 

Six genuine register shifts were found (in four structures). These included 
a case in which crystal-packing interactions induced a register shift. 

Three structures with previously unknown register errors were identified. 
Although this is small number, the total number of register errors in the PDB 
might well be two orders of magnitude greater. 

An attempt to build a set of rules that describe register errors using the 
rough sets method was not successful.  

In the future, the LSQMAN routine could be used to identify potential 
register shifts in the structures deposited since 2002. If more examples of 
register errors can be found, they can be used to build a new set of rules with 
rough-sets methods. The new set of rules would hopefully be more robust. 
Other machine-learning methods (e.g., neural networks or support vector 
machines) might be more suitable to diagnose register errors in protein struc-
tures and could be tested. 
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Summary in Swedish 

Strukturell bioinformatik är ett område inom naturvetenskapen som handlar 
om analys, klassificering och förutsägelse av tredimensionella strukturer av 
biomolekyler (t.ex. proteiner och nukleinsyror). Detta kommer att få stor 
betydelse genom att antalet kända strukturer ökar hastigt tack vare exempel-
vis projekt inom strukturell genomik. Strukturell bioinformatik innefattar 
många olika applikationer som visualisering av proteinstrukturer, validering 
och klassificering. Tillämpningarna är många som förutsägelse av funktion 
utifrån struktur, identifiering av mål för strukturell genomik, förutsägelse av 
struktur av enskilda makromolekyler och komplex av makromolekyler, såväl 
som bindningssättet hos små molekyler inuti proteiner som är av farma-
ceutiskt och bioteknologiskt värde. Denna avhandling innefattar fem olika 
projekt, tre av projekten handlar om strukturbaserad förutsägelse av funktion 
och två av projekten handlar om validering av strukturer.  

När en ny proteinstruktur har blivit bestämd jämförs den ofta med en databas 
innehållande kända strukturer för att undersöka om den nya strukturen har en 
veckning som liknar veckningen hos en känd proteinstruktur. Om en känd 
struktur med liknande veckning finns tillgänglig, kan denna ge ledtrådar till 
den nya strukturens funktion och evolution. I det första projektet jämfördes 
och utvärderades 11 olika allmänt tillgängliga proteinservrars funktion och 
resultat. Klassificeringen i databasen CATH användes som referenssystem. 
Samlingen testproteiner innefattade representanter från de fyra stora struk-
turella klasserna, samt multidomänproteiner, NMR-modeller och nya veckn-
ingar. Ingen av de utvärderade servrarna uppnådde en perfekt matchning 
mellan struktur och funktion så slutsatsen är att en kombination av servrar 
behöver användas för att uppnå bästa resultat.  

I de fall där en jämförelse av proteinveckning inte ger några ledtrådar till ett 
proteins funktion kan strukturella motiv användas för att identifiera poten-
tiellt aktiva eller ligandbindande ställen. Det andra projektet innefattar en 
genomgång av vänsterhänta helixar i kända proteinstrukturer för att un-
dersöka hur vanliga dessa motiv är och för att undersöka om vänsterhänta 
helixar förekommer på ställen i proteinet som är funktionellt och strukturellt 
intressanta. Ett Perl-skript som detekterar vänsterhänta helixar i proteinstruk-
turer skrevs där alla vänstervridna spiraler från en delmängd av PDB an-
vändes. De vänsterhänta helixar som identifierades av skriptet analyserades 
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noggrant och relevant litteratur genomlästes för att filtrera ut falska positiva 
och för att utvärdera funktionen eller det strukturella värdet av vänsterhänta 
helixar. Resultatet av denna process visar att vänsterhänta helixar är sällsynta 
motiv (ca.1 på 350 proteinstrukturer), där de flesta förekommer i aktiva eller 
ligandbindande ytor. Dess identifiering kan därför leda till upptäckten av 
potentiellt viktiga aminosyror och ge en bas för fortsatta experiment.  

Särskilt inom strukturell genomik finns det fall där alla tillgängliga metoder 
misslyckas med att ge en vägledning till funktionen av ett protein. I det 
tredje projektet undersöktes möjligheten att använda dockning för att 
förutsäga vilka ligander som binder till ett visst protein. Dockningexperi-
menten gjordes med programmet AutoDock 3.0.5. Resultaten visar att det 
kan vara svårt att skapa ett automatiserat dockningsprotokoll som passar alla 
proteiner. Ett antal flaskhalsar i dockningsprocessen har identifierats.  

Det fjärde projektet är en undersökning av hur olika fenomen påverkar preci-
sionen av beräkningen av tillgänglig ytarea. Effekten av slumpmässigt sys-
tematiska fel såväl som dynamiska fluktuationer behandlades. Resultaten 
tyder på att i de flesta fall bör sådana värden rapporteras med en precision på 
50-100 Å2.

I det sista projektet gjordes en översikt av registerfel hos kända proteinstruk-
turer. En mjukvarurutin utvecklades som hittar registerfel genom att jämföra 
multipla modeller av ett proteins struktur. Mjukvaran användes för att hitta 
potentiella registerfel i ett stort dataset av proteinstrukturer. Potentiella regis-
terfel klassificerades in i tre kategorier: absoluta registerfel, troliga register-
fel och falska positiva. En maskininlärningsmetod baserad på så kallade 
rough sets användes i ett försök att hitta regler som kunde karakterisera reg-
isterfel i strukturer utan tillgänglig strukturmodell.  
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