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Abstract 

The assessment of predictions of protein structures from 
amino acid sequences is related to the question of analys- 
ing the differences between &nilar natural protein struc- 
tures to study protein evolution and conformational 
change. However> assessments present certain special 
features: the alignment is fIxed, unlike evolving pro- 
teins which are subject to insertions and deletions, end 
the character of the differences between predicted and 
target structures is different in kind from the differences 
between related known proteins. 

This report describes the assessment methods used 
for CUP-2, the recent organized “blind test” of pro- 
tein structure prediction. This is set in the context of 
general methods for extraction of similar substructures. 
It is emphasized that the problem of finding one com- 
mon s’lmiar substructure is much simpler than that of 
guaranteeing the identXcation of all common substruc- 
tures with similarity better than a specified threshold. 
Software based on the results presented here will make 
it possible to extract from two protein structures all 
substructures that have r-m.s. deviations upon optimal 
superposition no greater than a prespecified value. Ap- 
plied to a predicted structure and the experimentally- 
determined coordinates of the target, this will identify 
any and all three-dimensionally correct features of the 
prediction. 

1 Introduction 

The outstanding problem of computational molecular 
biology is the discovery of an algorithm for predicting 
the structure and function of the proteins that corre 
spond to the genes emerging from large-scale sequenc- 
ing projects. We know that such an algorithm exists. 
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because experimentally proteins fold spontaneously to 
unique native three-dimensional structures, both in the 
living cell and also in isolation in vitro. We also know, 
from studies of protein evolution, that protein struc- 
tures must be ‘%obust,” in the sense that if any muta- 
tion would destroy a protein structure, proteins could 
not evolve by mutation, and could not have achieved 
their current well-adapted states. Therefore small chang- 
es in sequence should in most cases leave the structure 
intact. This implies that the algorithm for determin- 
ing structure from sequence should be reasonably well- 
behaved. 

What is the current state of the art of protein struc- 
ture prediction, and how is it determined? Blind tests 
are essential: Judging predictions requires experimental 
structures; but knowing the structure in advance would 
leave any apparent success suspect. Organized blind 
tests were initiated by John Moult; the most recent, 
“Critical Assessment of Structure Prediction-2 (CASP- 
2),” took place in 1996. Here is the challenge: the 
amino acid sequences of several proteins, the experimen- 
tal structure determinations of which are in progress, 
are made public, and predictors are invited to submit 
their models before a deadline. After the entries are 
closed the crystallographic results are revealed . . . to 
the delight of a few and the chagrin of most! 

In CASP-2 submissions were invited in three cat+ 
go&s: (1) Homology modelling, (2) Fold recognition, 
and (3) ab iniitio prediction: 
Homology modelling 

Homology modelling is based on the observation that 
small changes in sequence often produce relatively small 
changes in protein structure, so that if a target protein 
of unknown structure is related to a protein with similar 
sequence and known structure, the related protein can 
serve as a basis for predicting the target (See Figure 1.) 
This can be considered the “differential form” of the 
protein folding problem: Though the “integral form” 
- the direct prediction of structure from sequence - is 
very diflicult, the ‘differential form” - the prediction of 
change in structure from change in sequence - is more 
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tractable. The closer the relationship, the better the 
prediction. The growth of databases will increase the 
likelihood of successful homology modelling, by making 
it more likely that a target protein will be closely related 
to a knovm structure. 

Fold recognition 
The goal of fold recognition is to identify the general 

folding pattern of a protein as similar to one or more 
known structures in a library of protein folds. The as- 
sumption is that the sequence of the target protein is so 
different from the sequences of all the library structures, 
that homology modelliug methods are not feasible. The 
methods involve trying di&rent alignments, seeking a 
good sequencestructure compatibility. There ace sev- 
eral approaches to measuring this compatibility. 

db initio prediction 
This category includes submissions of all types in 

which no ezplicit reference is made to kuown protein 
structures. (To be sure the accumulated knowlege of 
two generations of study of the corpus of solved struc- 
tures is applied, but no explicit detailed information 
from any particular known structure.) My work deals 
with the assessment of predictions in the ab iniiio cat- 
egory. Iu my role as assessor for CASP-2, I dealt with 
four types of predictions, that produced: (1) full or par- 
tial sets of three-dimensional coordinates, (2) assign- 
ments of secondary structure - helices and strands, (3) 
sets of contacts between residues, and (4) sets of con- 
tacts between helices and strands [l]. 

Here I will discuss only the predictions of three- 
dimensional coordinates. It might be thought that suc- 
cess and failure would be obvious, but this is not so, be- 
cause the current state of the art achieves at best only 
partial success. (Utter failure is obvious.) As the com- 
pleteness and quality of predictions improves, it will be 
possible to apply methods that have been developed to 
analyse the structural di&rences between related pro- 
teins. However, given the current state of the art, the 
challenge is to find the few specks of gold in the murky 
water - or, less figuratively, to detect small correct fea- 
tures in a background of error. 

2 Detection of structural similarity 

A general and fundamental problem relevant to assess- 
ing predictions of three-dimensional structure with par- 
tial success is the following: Given two or more protein 
structures, find the common similar substructures. We 
shall discuss the problems associated with the formula- 
tion of this problem. 

It may be useful to contrast three related problems 
that arise in computational chemistry (see [2]): 
(1) Similarity of two sets of atoms with known corre- 
spondences: pi w qi,i = 1,. . .N. The analog, for 

sequences, is the Hamming distance: mismatches only. 
(2) Similarity of two sets of atoms with unknown cor- 
respondences, but for which the molecular structure - 
specifically the linear order of the residues - restricts 
the range of the correspondence. In the case of proteins 
we are restricted to correspondences which retain the 
order along the chaim 

with the constraint that: kr > ks =$ i(kr) > i&z) and j(a) > 
j&J. This can be thought of as corresponding to the 
Levenshtein distance, or to sequence alignment with 
gaps. 
(3) Similarities between two sets of atoms with unknown 
correspondence, with no restrictions on the correspon- 
dence: 

This problem arises in the following important case: 
Suppose two (or more) molecules have sin&z biolog- 
ical effects, such as a common pharmacological activity. 
It is often the case that the structures share a common 
constellation of a relatively small subset of their atoms 
that are responsible for the biological activity, called a 
phernwophore. The problem is to identify them: to 
do so it is useful to be able to find maximal subsets 
of atoms from the two molecules that have a similar 
structure. 

The most general approach to these problems is based 
on a purely geometric closed solution of case (l), the 
case of fixed correspondence pi t) qi. Even if two 
structures are exactly congruent, the atoms may not be 
at the same positions in space because the coordinate 
systems in which they are expressed are independent. 
The most general motion of a rigid body can be ex- 
pressed as a rotation plus a translation. Therefore a 
measure of similarity of two ordered sets of points is the 
root-mean-square deviation AZ after optimal superpo- 
sition: 

N 

A; = $$c 11 Rpi + t - qi II} 
n=l 

where R is a proper rotation matrix (det R = 1) and t 
is a translation vector. (Later we shall consider alter- 
native measures of structural similarity). 

The problem of analysing the similarities in related 
proteins presents case (2). Solutions of this problem 
have several applications to the study of natural pro- 
teins, including: analysis of the pathways of evolution 
in protein families, analysis of the mechanism of confor- 
mational change, and the classification of protein fold- 
ing patterns. Several approaches have been developed: 
(A) By determinin g the angles of internal rotation deiln- 
ing the conformation of each residue, the main chain 
conformation of a protein may be written as a one- 
dimensioncal sequence of residue conformations. The 
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algorithms for determining minimal distances and op- 
timal alignments of strings may be applied directly to 
these sequences of conformations [3-4]. 
(B) Each residue may be characterized by the distances 
between a point within the residue to corresponding 
points in other residues nearby in the sequence. This 
is another way to reduce the conformation to a one- 
dimensional sequence of objects. In this case the ob- 
jects are sets of distances. Nevertheless, it is possible to 
define a metric on the objects and to apply the dynamic 
programming algorithms [5-71. 1985; Taylor & Orengo, 
1989). 
(C) A common class of methods is, in some senses, the 
three-dimensional analog of parts of sequence-comparison 
algorithms that search for matching k-tuples (see, for 
instance, 13-91). It is possible to identify all well-fitting 
subsets of k: consecutive residues from the two proteins 
(typically k: = 6 - S), and combine them to determine 
maximal well-fitting substructures. 
(D) A fourth class of methods is based on hash-coding 
structural features, using techniques from computer vi- 
sion IlO-11-J. 

The case of assessment of structure prediction is 
however less general than the general problem of find- 
ing m&al common substructures of proteins, because 
the alignment is fixed, so that we have case (1) rather 
than case (2). 

At present the problem of 6nding maximal common 
substructures is not well formulated because substruc- 
tures of different sizes will fit to different accuracies. 
Figure 2 shows the results of calculating the r.m.s. de- 
viation of best N-atom substructures of two kuown pro- 
teins as a function of N. It is not clear either how to 
choose a single point on this curve to characterize the 
pair of structures, or how to derive a single parameter 
for the entire curve. In general, there can even be mul- 
tiple equal optims more then one N-atom substructure 
with the same r.m.s. deviation. 

3 Assessment methods for ab iniiio predictions at 
CASP-2 

The numerous methods for comparing protein struc- 
tures when the overall folding pattern is largely correct 
are appropriate for assessing entries in the homology 
modelling aud fold recognition categories. In the ab ini- 
tie category, only for target 42 (NK-lysin) were there 
predictions of such a quality. Other ab initio submis- 
sions were not successful in a global sense, and were 
more di6icult to assess. In some cases the submissions 
were fragmentary. In others they were not compact - 
containing regions of secondary structure with flexible 

linkers; in effect a prediction of secondary structure ex- 
pressed in the format of a three-dimensional coordi- 
nate set. As assessor, I sought a procedure that would 
identify well-fitting fragments, limiting consideration to 
methods that are perspicuous rather than subtle [l]. 

I calculated local r.m.s. deviations in a running win- 
dow for several values of the window length, and plotted 
these together on a single graph. Figure 3 shows such a 
graph for target 42, prediction AB979-1 by D. Jones. In 
interpreting this graph, it is useful to keep in mind the 
experimental secondary structure of the target: helices 
extend from residues 3-17, 23-36, 40-51, 57-62, and 
66-73. These are shown as horizontal lines at the top of 
the graph; the disulfide bridges are indicated also. 

There are four curves in the chart: the lowest, in a 
solid hue, is the r.m.s. deviation in a running window of 
width 6; above it axe results for windows of widths 15,25 
and 40. Consider first the top graph, shown in a dotted 
line, which corresponds to a window of 40 residues. The 
lowest point, at the left end of the curve, shows that the 
r.m.s. deviation of residues l-40 is 3.5 A. The highest 
point, near the right end, shows that the r.m.s. devi- 
ation of the C-terminal 40 residues is above 6 A. The 
overall structure of the N-terminal part of the molecule 
is better predicted than the C-terminal part. 

The curve below the top, corresponding to a window 
of 25 residues, shows that for several 25-residue regions 
around residue 20, the r.m.s. deviations are below 2.0 
A. These correspond to the helix hairpin 3-17 / 23-36 
which is correctly predicted in this submission (see Fig- 
ure 4). The r.m.s. deviation of the Ccr atoms of residues 
5-16 and 23-35 is 2.0 A. The minimum in this curve 
at residue 42 probably reflects the disulflde bridge be- 
tween residues 35 and 45. The curves remain high for 
the C-terminus of the molecule. The third curve down 
from the top, for a window of 15 residues, is roughly 
parallel to the preceding one. 

The lowest curve, with a window of 6 residues, is 
sensitive to very local structure. It is in effect a measure 
of correct prediction of secondary structure and turn 
geometry. We can see that the local structure of the 
C-terminus from residues 7-30 is quite good, and that 
the region from residue 43-50 is also good. However it 
is clear that the region around residue 40 is quite bad, 
and reflects the fact that the turn between helices 23-36 
and 40-51 is poorly predicted. The C-terminus of the 
molecule is not predicted correctly even at a local level. 

To summarize the information contained in these 
curves: 

l The curve with window 6 reveals the quality of the 
prediction of the local structure - regions of helix 
and strand, and turns. 

l The curve with window 15 reveals the quality of 
the prediction of long elements of secondary struc- 
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ture - usually he&es - or of short elements of 
supersecondary structure: &hairpii or pairs of 
successive helices. 

l The curve mith window 25 reveals the quality of 
the prediction of elements of supersecondary struc- 
ture. 

l The curve with window 40 reveals the quality of 
the prediction of global aspects of the fold, albeit 
below the domain level. 

It is obvious that the method is not limited to this choice 
of numbers, which are arbitrary but not unreasonable. 
A “three-dimensional* graph of r.m.s. deviation as a 
function of initial residue and window length would give 
a complete picture of the situation (Figure 5.) 

To see how these graphs appear for a prediction with 
isolated local success, consider prediction AB405 of E. 
wli L.-fucose isomerase, target 22 (Fig. 6). It is clear 
that the success of the prediction is limited to a region 
around residue 250, and although other regions of the 
chain may have reasonable local structure (see lowest 
curve in Fig. 6, and Fig, 7), the overall structure of 
any 40-residue region remains above 9 A except for the 
region around residue 250 (where there is a region of 
about 100 residues for which the r.m.s. deviation in the 
40-residue window remains well below 10 A), and minor 
dips at residues 34,160,379 and 428. 

These graphs give a reasonably clear picture of the 
local accuracy of the predicted structures. But is it pos- 
sible to derive from these data a single parameter to 
present as a quantitative assessment of the predictions? 

Consider first the minimum value for each window 
size. The value of the minimum indicates the best local 
regions at each level of the structural hierarchy. It an- 
swers the question - are there any regions that fit well? 
- for each window size. Because the goal is a prediction 
of the global structure it is suggested that the mini- 
mum in the 40-residue window be taken as an index 
of quality. (Other uses of these numbers would reflect 
other qualities of the predicted structures. Looking at 
the &H&ion of numbers in the 16 or 25-residue col- 
umn would rank entries according to correct prediction 
of bocul structure; ultimately (for window lengths < 10) 
this overlaps with checking secondary structure predic- 
tion.) 

The minimum value for the 6-residue window is not 
very informative, because given the shortness of the seg- 
ment, any correct element of secondary structure will 
drive this number very low. For the 6-residue window it 
is better to report the mean value which in some sense 
represents an average prediction of secondary structure. 

4 Deficiencies of the methods used at CASP-2 

The methods for assessment of ab KGo prediction used 
at CASP-2 were designed under two special conditions: 
(1) Knowing, by careful inspection of the structures on 
computer displays, the general nature of relationship 
between submissions and correct structures, and (2) Un- 
der the constraint that the method must be simple and 
obvious to ensure that people recognized that they were 
being treated fairly. Both these features were pragmatic 
aspects of the situation. 

What is really wanted is the determination of all 
correct structural features, by a procedure that is not 
ad hoc and which can be proven to work in all circum- 
stances. The development of such a method is the sub- 
ject of the remainder of this report. 

5 Extraction of common substructures 

Consider the problem of extraction of common sub- 
structures in the case of known alignment. The prob- 
lems addressed are the relationship between different 
measures of structural similarity, and the development 
of algorithms that can ensure that all substructures 
with a specified degree of similarity or better can be ex- 
tracted efficiently. It must be emphasized that the task 
of 6nding one common similar substructure is much 
simpler than that of guaranteeing the identification of 
abI common substructures with similarity smaller than 
a specified threshold, for some measure of similarity. 

One question that arises in structure comparison is 
what measure of similarity to use. Many authors have 
used the root-mean-square deviation upon optimal su- 
perposition as an index of similarity, de&red above. Al- 
gorithms and software exist for the efficient calculation 
of the required least-squares superposition in the case 
of known alignment (see [2]). and considerable experi- 
ence in interpreting the values has been developed. An 
alternative measure of similarity is the maximum ele- 
ment of the difference distance matrix. Again let pi and 
qi be sets of n points in three-dimensional space, with 
correspondences pi t) qi,i = 1,. . . N. The difference 
matrices Dp aud D, are defined a~ &(i, j) = Ipi - pj ] 
and D,(i, j) = Iqi - qjl, and the difference distance ma- 
trix is A&&j) = ]Dp(i,j) - D,(i,j)]. The measure 
of similarity used in Nichols et cab. [12] and Lesk [13] ( 
is maxi,- AD&i, j). Algorithms based on distance ma- 
trices are somewhat more powerful for solving the com- 
binatorial problems that arise in addressing the latter 
problem [14]. 

This measure has provided the basis for algorithms 
and software for extracting common subsets of similar 
structure according to this parameter. Nichols et aI. and 
Lesk have developed softwsxe with the following facili- 
ties: 
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(1) Find the largest subsets of corresponding points 
from the two sets such that for all points in the sub- 
sets ]Dij (p) - Dij (q) I< a prespecified value 6. 
(2) Find all subsets of corresponding points from the 
two sets such that for all points in the subsets IQ,-(p) - 
D:j (q)] _< a prespecified value 6. 

Note that there are in general many small subsets 
with this property. Therefore it is useful to be able to 
specify 
(3) Find all subsets wntainning at least N wrxsponding 
points from the two sets such that for all points in the 
subsets 10~ (p) - D&j < a prespecified value 6. 

6 Relationships among different measures of simi- 
larity 

Consider optimal superposition in other norms thau 
& (which corresponds to the optimal r-m-s. deviation) 
including, in particular, optimal fitting in the L,, or 
Chebyshev, norm. The results of Chebyshev fitting cau 
be used to relate the r.m.s. deviation and the maximum 
element of the diflerence distance matrix [l&16]. 

The optimization problem for Chebyshev superposi- 
tion is: 

Find Aoo = m${max lRpi -I- t - qil} 

where again R and t specify a proper rotation and 
translation. In words, superposition according to the 
Chebyshev norm is finding a relative position and ori- 
entation in which the muz%num difference between cor- 
responding points is a minimum. 

It should be noted that for fitting in different norms 
L,, the higher the value of n the more sensitive the 
result will be to outliers. Indeed, in common practice 
using programs that calculate the root-mean-square de- 
viation (equivalent to fitting in the Lz norm), superpo- 
sitions are “tuned” by removing outliers from the list 
of aligned atoms, either by hand or automatically. Of 
all norms, the Chebyshev norm is the most sensitive to 
outliers, and in most cases it would not be the method 
of choice for superposing molecules. However, there is 
one situation in which Chebyshev superposition may 
provide useful information. In a discussion of the struc- 
tural consequences of mutations in T4 lysozyme [17], 
Chothia and Gerstein 181 pointed out that the claim 
that the structural changes were small, based on cal- 
culations of the root-mean-square deviation, was unjus- 
tified because of relatively large local deformations to 
which the r-m-s. deviation was inadequately sensitive. 
It was a case of the noise getting lost in the signal! In 
principle, optimal superposition in the Chebyshev sense 
could have avoided this. 

The properties of Chebyshev superposition imply two 
inequalities relating the root-mean-square deviation and 

the maximal element of the difference distance matrix: 
First, given a threshold E > 0, we can compute a num- 
ber 6 > 0 that depends on e and on the coordinates 
of one of the point sets, such that if the root-mesn- 
square deviation is 5 E, all elements of the difference 
distance matrix have absolute values 5 b. Conversely, 
we can compute a (different) number 6 that depends on 
e and on the elements of the distance matrices of the 
two point sets, such that if all elements of the differ- 
ence distance matrix have absolute values 5 6, then the 
root-mean-square deviation is 5 e [15,16]. 
This relation between the r.m.s. deviation and the max- 
imal element of the difference distance matrix means 
that we can use the efficient algorithms based on differ- 
ence distance matrices to extract all common substruc- 
tures with r.m.s. deviation < some prespecified value. 

7 Conclusions 

The results presented here clarify the relationships be5 
tween the different measures of structural similarity cur- 
rently in use, and can be applied to the development of 
algorithms and software for determining geometricslly 
similar subsets of two point sets. Such software will have 
application to the assessment of predictions of three- 
dimensional structures of proteins, as it is guaranteed 
to find all possible substructures (optionally: of at least 
a specified size) that fit to within a specified r.m.s. devi- 
ation. It will also be useful in analyzing conformational 
changes in known protein structures. 
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Divergence of Sequence and Structure 
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Figure 1. Relation between the divergence i. , 
of sequence and divergence of structure 

in homologous protems. The shaded area 

defines roughly the region for which 

homology modelling can produce results 

of useful quality (see [ 191). 
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Figure 2. The r.m.s. deviation of the 

best-fitting N-atom substructure of 

two proteins depends on N. As a 

result the problem of finding the 

maximal common substructure is not 

well posed. 
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Figure 3. R.m.s deviations of Ca atoms 

in running windows of lengths 6,15, 

25 and 40 for prediction AB979-1 of 

NK-lysin by D. Jones. Horizontal lines 

indicate helices in the observed 

structure; links indicate disulfide 

bridges. 
40 60 
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Ti3Q42 / ABBW-I TOO42 / AB979-1 

Figure 4. Superposition of Ca traces of experimental structure of NK-lysin 
(solid lines) and prediction AB979-1 by D. Jones (broken lines). 

T0042AB979-1 T0042AB979-1 

. 
Figure 5. Three-dimensional graph of r.m.s. deviation as a function of window 
length and position for prediction AB979-1 of D. Jones (cf. Fig. 3). 
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Figure 6. R.m.s deviations of Ca atoms 

in nming windows of lengths 6,15, 

25 and 40 for prediction AB405 by 

C. Bystroff and D. Baker of 23. coli 

L-Fucose Isomerase. 

TOO22/AB4tl5 (204-263) TOO22/AB405 (204-263) 

Figure 7. Superposition of Ccc traces of experimental sbmture of E. coli 
(solid lines) and prediction AB4-05 by C. Bystroff and D. Baker (broken lines). 
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