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Introduction

The first step in solving the phase problem by molecular replacement is to identify
a suitabfe structure to use as a search object. ll ab initio structure prediction
techniques were able to provide an accurate three dimensional model of a protein
from the amino acid sequence, then this would be a straightfonrard task.
Fortunately for the protein crystallographer, ab initio methods are still some way
from providing this ultimate solution! However, there are a number of powerful
techniques available to detect similarity between a protein sequence and a protein
of known three dimensional structure. Some methods improve the sensitivity and
selectivity of conventional sequence alignment methods by incorporating
secondary or tertiary structural information from the protein of known structure.
However, it can be difficult to decide when any given method is indicating genuine
structural similarity, or merely a spurious match. Accordingly, in this article, I first
briefly review the range of available methods and show their relative success in
identifying the globin fold. I then describe an analysis that identifies the limits of
detection for a standard painrise sequence comparison method. For more detailed
information on current sequence/structure comparison algorithms see volume 183
(1990) ol Methods in Enzymology.

Overview of Methods

The available comparison techniques may be loosely divided into five categories
of increasing complexity and sensitivity. ln practice there is a lot of overlap between
the methods in categories 2-5.

1. Painryise sequence comparison.
2. Painrise sequence comparison with secondary/tertiary structure

information.
3. Multiple alignment comparison with/without secondary structure

information.
4. Flexible patterns and templates.
5. Environment specific weighting and optimal threading.
(6. Three dimensional structure prediction!)

Painrise sequence comparison may be applied to any two protein sequences.
A pair score matrix is chosen that assigns a weight to the alignment of all possible
pairs of amino acids, (e.9. AA might score 10 whilst AK scores -5), aligning any
residue with a gap is assigned a negative value. A dynamic programming algorithm



(e.9. see Needleman & Wunsch 1970)is normally used to find the best alignment of
the two sequences including a consideration of insertions and deletions. Although
robust, the standard painrise alignment methods take no account of secondary or
tertiary structuralconstraints, e.g. insertions and deletions generally do not occur
in the core of the protein. lf we know the structure of one of the proteins, the
position of the gaps can be encoded in the comparison to avoid core secondary
structures. This approach yields alignments that are more consistent with structural
features than straightforward sequence-only methods (Barton & Sternberg 1987a).

Otten, the protein with which we are searching can be unambiguously aligned to
other members of its family. The resulting multiple alignment may then be used as
a more sensitive probe of other family members. The sensitivity is improved, since
positions important to the protein fold (e.9. buried hydrophobic residues) are given a
higher weight, and variable regions are given a lower weight when aligning to a
further sequence. As with painrise comparison, this method may be combined with
secondary structural information. An extension of the multiple alignment method is
to abstract only the most highly conserved regions into a flexible pattern (Barton,
1990, Barton & Sternberg 1990) ortemplate (Bashford et a1.,1987;Taylor, 1986)
that encodes the conserved secondary structures and other important features. As I
will show in the next section, flexible patterns can yield great sensitivity and
selectivity.

Environment specific weights are derived by studying the preferred
environment, (i.e. exposed/buried, polar/non-polar contacts, secondary structure
preference etc.) of each amino acid type, these weights are then applied to each
residue in the protein of known three-dimensional structure to define a structural
profile. Conventional dynamic programming is used to determine which proteins of
unknown structure give the best alignment with the profile. Published accounts
suggest, rather disappointingly, that environment weight methods give similar
performance to conventional sequence comparison techniques (Bowie et a\.1991;
Overington et al. 1992). Pairwise potentials take the idea of encoding the local
environment a stage further. A residue-residue pair potential is derived from
proteins of known structure, the sequence of unknown structure is then fitted to the
core of the known structure and the lowest energy threading determined. This is a
difficult optimization process that can not be solved by conventionaldynamic
programming techniques. However, preliminary results suggest this method has
promise for detecting proteins that have similar folds, yet rather dissimilar
sequences (e.9. two "Rossmann" beta/alpha/beta folds).

Evaluation of comparison methods

One approach to evaluating comparison methods is to select a well characterised
protein family, then scan the entire sequence databank for members of that family.
The globins provide a good test case with over 300 protein sequences known, and
with representatives of diverse families with known crystal structures. Figure 1
illustrates the comparative success of different techniques for detecting the globin
fold. In the databank scanned, there were 345 complete globin sequences, the
query sequence or pattern was compared to all sequences (>6000) in the databank
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Figure 1
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and the resulting scores ranked. The results are presented as three values -
number of globins before first non-gtobin, number of globins in top S00 scoring
sequences, and number of globins not found in the top 500. These values give a
measure of the selectivity and sensitivity of the different methods. Moving irom the
pottom of Figure 1, the methods get progressively better as more information is
included in the scan. Starting with the simple, but fast FASTP algorithm (Lipman &
Pearson, 1985), through Needleman & wunsch (1g70) (NW) , N[A/ with secondary
structural information, structurally derived multiple atignment and multiple alignment
with.secondary structure information, to ftexible pattein, the methods improve. A
flexible pattern derived from a single sequence and secondary structure does
slightly worse than that derived from 7 structures, whilst adding a further sequence
to the pattern recovers the sensitivity. Finally, deriving a pattein from an
automatically determin_ed alignment is slightly less specific than the structurally
based alignment (see Barton & Sternberg, 1990 and Barton, 1ggo, forfurther
details and discussion).

Guidelines for interpreting pairwise sequence alignments

. Multiple alignment and flexible pattern comparisons provide good discrimination
for the encoded protein fold. However, these techniques are not as frequently used
as traditional methods. lt is therefore important to have clear guidelines for
interpreting conventional pairurrise sequence alignments. For e-xample, if I am given
an alignment of two protein sequences that shows 32% identity, should I believl that
the two proteins share similar folds? This question applies equally whether the
proteins are of known or unknown structure. The following study was performed to
establish general guidelines for the structural interpretation of seqrence alignments.

Figure 2 illustrates the flow of the analysis. 477 chains from the Brookhaven
PDB were grouped into two sets. Set 1 contained Bg unrelated protein chains
selected from proteins known to have different folds. Set 2 comorised 57 distinct
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families with each family made up of at least two proteins. The secondary structure

of all proteins was defined by the Kabsch & sander (1983) program DSSP. The 89

unrel;ted protein sequences *ere then compared pairwise using a variant of the

Smith-Waterman (f g'8f ) local similarity dynamic programming algorithm, scoring
conservative subsiitutions with Dayhoif's matrix. This algorithm can locate alllocally
optimal alignments between two piotein sequences and resulted in 160,000
aiignmentJof length > 1s . For each alignment, the statistics shown in Figure 3 for

tw6 unrelated proieins were calculated . A similar process was also performed

within each of the 57 families in Set 2.

The alignments obtained between the 89 unrelated proteins provide a set of

scores and accuracies against which any sequence comparison may be measured'
Figures 4a and 4b illustrate a plot of percentage accuracy against percentage

id6ntity for the unrelated and related proteins respectively. There.is no correlation

between the percentage identity and accuracy for proteins of unrelated structure.

Indeed, locai alignmeits of unielated proteins can show up to 457o i9gntity when

optirn"iry alignedl and many related pairs show less than this value! This would

rrggerfthat- it is impossibl-e to say whether or not our 32/" identity alignment
indicates structural similarity. Of iourse, the situation is not as bad as Figure 4
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Figure 6a (Unrelated Proteins)
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Figure 6b (Related Proteins)
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suggests, since both percentage identity (Sander & Schneider, 1991) and
percentage accuracy are strongly length dependent as is illustrated by Figures 5a
and 5b. figure 5a shows that 32% identity will be often seen by chance for
alignments of < 1O0 residues, yet is comparatively rare above 100 residues. A
typicalprotein sequence alignment of 150 residues that gives 32% identity over its
entire length will, actording to this plot, show that the two proteins share similar
secondary structures. The data shown in Figure 5a and similar plots for other
scoring strategies may be used to correct for the length dependency in the scoring
scheme. Having conected for the length effects, we can then compare the
discriminating power of the ditferent approaches. Table 1 shows the count of the
number of protein pairs that we know share similar folds, yet give a corrected score
lower than known unrelated pairs of proteins.

Table 1.

Length Correcled Scoring Scheme Number

Percentage ldentity 1280
Dayhotf Score 865
S.D. Score 846

Figure 7
Aligned Fragments of 2cts and 2paba
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a scoring scheme that takes into account conservativesubstitutions (Dayhotf score)peiotms somewhat better.than.the percentage identityscheme' The s'D. score is ofien calculated to .iti*"te the similarity betweenprotein sequences. This is done by first.optfiart';tLning ttre ffi.Lqr"nces, thenshuffling.the sequence orders, andre-aligning lrio oi more times. The mean andstandard deviation of the shuffled sequence alignment scores is then used tonormalise the alignment score of the lgtive ."q-r"n."s. s.D. scores also show alength dependency which is corrected for in rabre t.- However, it iilnteresting toplot the raw s'D. scores against accuracy.of alignment as shown in Figure 6a/b. hhas long been known that-s.D. scores nigner tn-an s-o are required to illustrate agenuine relatedness, or structural similanttv rganori a sternoerg, 1gg7b, Dayhoff,1978)' and Flgure 6 graphically illustratesihis phenomena. The mean s.D. scorefor unrelated proteins is close io 3.0 and not o.b as it would be if protein sequencealignments were random. some scores for the unrelated proteins are as high as 7.5as for the exampre in Figure 7. crearry,.arthough tnese sequences give an s.D.
;[tJ:.1]'55' 

the value ot 26h identitv in 54 rJsiouei is insignifi.",ii 
"."ording 
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Summary

. Protein sequence comparison methods can be sensitive and selective tools fordetecting proteins of known structure that share a similar fofd to a proteinundergoing crystallog,raphic analysis. The analGir ft...nted here, in particularFigures 5 and 6 should be usefuiwhen assessin! the suitability of a protein as asearch object for molecular replacement.
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