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ABSTRACT We have developed a new algo-
rithm based on the mathematical theory of linear
programming (LP) and implemented it in our pro-
gram RAPTOR. Our new approach provides an el-
egant formulation of the protein-threading prob-
lem, overcomes the intractability problem of protein
threading, in practice, and allows us to use existing
powerful linear programming software to obtain
optimal protein threading solutions. CASP5 and
CAFASP3 gave us the first chance to test RAPTOR in
an unbiased way. RAPTOR was ranked as the top
individual (automatic) server for fold recognition
by the CAFASP3 organizers. In this short article, we
describe RAPTOR’s LP formulation, assess RAP-
TOR’s performance in CAFASP3/CASPS5, explain why
it has superceded other existing automatic indi-
vidual methods, and point out its strengths, limita-
tions, extensions, and prospects for improvement.
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INTRODUCTION

Protein three-dimensional (3D) structures may be deter-
mined experimentally or predicted computationally. Ex-
perimental methods such as X-ray crystallography or
nuclear magnetic resonance spectroscopy (NMR) are accu-
rate but costly and slow. Although computational solutions
are inexpensive, they are not yet completely accepted by
protein scientists because of their low success rates. De-
spite such problems, software packages for protein 3D
structure prediction have already been used to some
extent in the pharmaceutical industry for distant homol-
ogy search and preliminary protein structure modeling.
This practice is spreading as new and better methodolo-
gies are developed for protein structure prediction and
more solved protein structures are stored in the databases.
We believe that eventually the computational approach
will become the dominant method for protein structure
determination.

Currently, protein threading is one of the most practical
computational approaches for protein structure predic-
tion. Essentially, given a protein sequence whose structure
we want to determine, the threading method tries to
match the given amino acid sequence against each solved
protein structure in the protein databases to decide how to
fold the given protein sequence. However, it is known that
protein threading is NP-hard,! which implies that finding
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the optimally matched template is unlikely to be comput-
able in polynomial time. Many programs try to avoid such
computation by not considering pairwise contacts of amino
acids because without them the problem becomes trac-
table. However, pairwise contacts between some key amino
acids are important for FR targets, where the sequence
homology levels are usually very low.

RAPTOR, RApid Protein Threading predictOR, was
designed to solve such problems. In RAPTOR, we con-
sider all constraints, including pairwise contacts of
amino acids. We have formulated the protein-threading
problem as an integer programming (IP) problem. How-
ever, integer programming is still known to be NP-
hard.?2 Thus, we have relaxed our IP formulation to a
linear programming (LP) formulation by allowing solu-
tions to be nonintegral. LP systems can be solved
optimally and efficiently by existing powerful software
packages. We have further designed our LP formulation
so that the solutions are integral 99% of the times, in
practice. Integral solutions for the LP system are pre-
cisely the solutions for the original IP system.

We first describe our formulation for the biological
audience in Materials and Methods. We will then assess
RAPTOR’s performance in CAFASP3/CASP5, explain why
it supercedes other existing automatic individual methods
in Results, and point out its strengths, limitations, exten-
sions, and prospects for improvements in Discussion.

MATERIALS AND METHODS

Here we describe our new method for protein threading
for nonmathematicians. We refer the readers to Refs 3 and
4 for a full mathematical study.

Linear Programming

A linear programming (LP) problem is a special case of
the so-called mathematical programming problem. A math-
ematical program tries to identify an extreme (i.e., mini-
mum or maximum) point of a function flx,, . . . , x,,), which
furthermore satisfies a set of constraints, e.g., g(x, ...,
x,,) = b. When both the objective function f and the problem
constraints are linear, we have a linear program. When
X4, .. .,%, are required to be integers, we have an integer
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program (IP). A good reference on integer programming is
Ref. 5.

Linear programming is a powerful optimization tool. It
has many applications in technology, economics, and busi-
ness planning. An important factor for the applicability of
the linear programming methodology in various applica-
tion contexts is the computational tractability of the
resulting analytical models. Theoretically, the first polyno-
mial-time algorithm was not discovered until 1979 by the
Russian mathematician Khachiyan. In reality, the Sim-
plex algorithm developed by G. Dantzig in 1947 runs very
efficiently in expected time and has been widely used.
There are many powerful linear programming software
packages available to solve practical problems. It is of
interest that the integer programming problem, where the
solutions are required to be integral, is known to be
NP-hard,?> which means a polynomial-time algorithm is
unlikely.

Protein Threading

Protein threading attempts to match a given query
sequence to each structure template and see which one
matches the best, predicting the sequence’s structure
based on the best match. A key to the threading approach
is its computational efficiency. It has been proved that
protein threading is NP-hard when variable gaps and
pairwise interactions are considered simultaneously.* Vari-
ous types of approximation algorithms have been used to
optimize the energy function. These methods include
double-dynamic programming,® interaction-frozen approxi-
mation,” and the Gibbs sampling algorithm.® When the
energy function does not include the pairwise interaction
preferences explicitly, a simple dynamic programming
algorithm can be used to optimize the energy function by
aligning the template sequence (profile) to the target
sequence (profile). This approach is adopted by FUGUE,®
3DPSSM, ' and GenTHREADER.!! The prediction speed
is fast and the fold recognition capability is also good for
HM targets. However, this is not adequate for FR targets.
Exact algorithms have been designed to optimize the
energy function, which includes the pairwise interaction
preferences. Xu et al. have proposed a divide-and-conquer
method,'? by PROSPECT-I, which runs fast on simple
protein template (interaction) topologies but could take a
long time for protein templates with dense residue-—
residue interactions and long target sequences.

Alignment Model

Given a template protein sequence ¢,¢, - - - t,, of length
m, and a query sequence s;S,---S, of length n, an
alignment between the template and the query sequence is
a set of pairs (£, §,), (£, 85), - - -, (¢, §;), where L =m + n,
il - - - £, is an expansion of ¢,t, - - - ¢,, by inserting some
gaps, §;8, - - - §, is an expansion of s;s, - - - s,, by inserting
some gaps, and for any pair (¢, §,), at most one of £, and §; is
a gap.

In formulating the protein-threading problem, the follow-
ing basic restrictions to the above general alignment model
are assumed: 1) Each template sequence is parsed as a
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linear series of cores with the connecting loops between the
adjacent cores. Each core is the most conserved subseg-
ment of an «-helix or B-sheet secondary structure. Al-
though the secondary structure is often conserved, inser-
tion or deletion may occur within the two ends of a
secondary structure. Let ¢; = core(head,, tail;) denote all
cores of one template, where i = 1, 2,..., M, M is the
number of the cores, and 1 =< head; = tail; < head, = tail,
<...< head,; = taily; = m. The region between tail, and
head;_ is aloop. The length of ¢, is len; = tail, — head; + 1.
When aligning a query protein sequence with a template,
alignment gaps are confirmed to only loops. 2) We consider
only contacts (interactions) between core residues. It is
generally believed that interactions involving loop resi-
dues can be ignored because their contribution to fold
recognition is relatively insignificant. We say that a con-
tact exists between two residues if the spatial distance
between their C; atoms is within 7A and they are at least
four positions apart in the template sequence. We say that
an interaction exists between two cores if there exists at
least one residue-residue interaction between the two
cores. 3) Global alignment and global-local alignment
methods are used to align one template to one sequence.
For the detailed description, see Fischer et al.'®

IP Formulation

Our threading energy function consists of an environ-
ment fitness score E_,, mutation score E,,, secondary
structure compatibility score E_, gap penalty E., and
pairwise interaction score E,,. The overall energy function
E has the following form:

E=W,E,+WE +W,E,+W,E, + W,E_,

where W,, W, W, W, W_ are weight factors to be
determined by training described in Ref. 4.

We use an undirected graph CMG = (v, €) to denote the
(simplified) contact map graph of a protein template
structure. Here, v = {cy, ¢, . . ., €3} Where c; represents
the i*”* core in the protein template, and

€= {(ci,cj)| there is an interaction between
c; and c;, or li —jl =1).

See Figure 1 for an example. The simplified contact map is
used here for the purpose of reducing the number of
variables in our IP formulation so that RAPTOR runs
efficiently. The unsimplified connectivities, shown as
dashed arcs in Figure 1, are eventually taken into account
by RAPTOR when determining the valid alignments.

For simplicity, when we say that core c; is aligned to
position s;, we always mean that core ¢, = (head,, tail,) is
aligned to segment (s;, s;,+len; — 1).

Consider the alignment bipartite graph of one threading
pair. Each core of the template corresponds to one vertex,
labeled as ¢, i = 1, 2,..., M, each residue in the query
sequence corresponds to one vertex, labeled as s;, j = 1,
2,...,n.Ifc;is aligned to s;, we draw an alignment edge in
this graph. Informally, for any two different edgese; = (c;,,
s;) and e, = (c;, s;), if they cross, we say e; and e, are in
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Fig. 1 Template contact graph and an alignment between one
template and one sequence. A small circle represents a residue. A solid
arc in the original contact graph means that its two end residues have an
interaction. A dashed arc means that if two sequence residues are aligned
to two template residues having interaction to each other, then the
interaction score of these two sequence residues must be counted in the
energy function. The interaction score between two segments of the
sequence is the sum of the interaction scores of two sequence residues
that are aligned by two interacted template residues.

RI1L2K]
o1 D] D3 4]

Fig. 2 Example of D[]l and R[j, j, /. R[1, 2, K] is the set of potential
alignment positions of core 2 given core 1 is aligned to sequence position
k. Core 1 has five residues that have to be aligned to the sequence based
on our assumption in the “Alignment Model” subsection. Thus, the first two
candidate alignment positions of core 2 are invalid if core | is aligned to
position k to avoid overlap.

conflict. An alignment edge is valid if it is not in conflict
with other alignment edges. An alignment between tem-
plate and the target sequence is valid if all alignment
edges are valid.

Let D[i] denote all valid query sequence positions that c;
could be aligned to. Let R[i, j, /] denote all valid alignment
positions of c; given ¢, is aligned to s;,. Figure 2 gives
examples of D[i] and RIi,j,l].

Now we formulate the problem of minimizing the energy
function E under the contact map constraints as an IP
problem. Let x; ; be a boolean variable such that x; , = 1 if
and only if core ¢, is aligned to position s,. Similarly, for any
(c;p ¢;,) € e(CMG), let y4,;,¢,1, indicate the pairwise
interactions between x; ;, and x;,;, if the two edges (c;, s;),
(c;, 8;,) do not conflict. y; ;) 4,1, = 1if and only ifx; ; =1

and x;,;,, = 1. We say y;,,),(;,,,) is generated by x, , and
X

in, 1y
Now the objective function of the protein-threading
problem can be formulated as an IP as follows:

min W,E,, + W.E, + W,E, + WE, + W,E,,
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M len; — 1
E, = E E xiy X 2 Mutation(head; +r, 1 +71) |,
i=11€eD[] r=0
M len; — 1
E, = E Xy X 2 Fitness(head; +r,j+r)|,
i=11€eD[i] r=0
M len; — 1
E,=> > |xux > SS(head;+r,j+r)|,
i=11€eD[] r=0

E,= > > > YenwPl, 1 k),

1=i=j=M,cic)) € e(CMG) L € D[i] k € R[i,j,]

leni — 1 lenj— 1

PljlLk)y= 2> >

u=0 v=20

X 8(head; + u,head; + v)Pair(l + u, k + v)

-3 S S

i=11€D[i] kER[,i+1,]

YD), +1,k) G, l, k),

where 3(u, v) = 1 if there is an interaction between
residues at position © and v in the template, otherwise 0.
G(, [, k) is the gap potential between c; and c;, ; when they
are aligned to target sequence position [ and &, respec-
tively. Given i, [, k, G(i, I, k) is the sequence alignment
score between the segment between core i and core i + 1
and the segment from sequence position [/ to k. The
constraint set is as follows:

> oxy=1,i=12,...

JEDIi]

, M; (1)

X+ %.1,=1,YVk € Dli +1]-R[i, i+ 1,1]; (2)
Yanim =% B € R[i, j, ,(c;, ¢;) € E(CMG); (3)
Yinim =%iw L € Rl[j, i, kl,(c;, c;) € E(CMG); (4)

Yapom =%y + 2, — 1, (¢;, ¢;)) € E(CMG);  (5)

%in Yange € 10, 1} (6)

Constraint 1 says that one core can only be aligned to
one sequence position. Constraint 2 forbids the conflict
between the alignments of two adjacent cores. As such, it
guarantees no conflict between the alignments of any two
cores, (i.e., the integral solution corresponds to a valid
alignment). Constraints 3, 4, and 5 enforce that if two
interacted cores i and j are aligned to two positions / and &,
respectively (i.e.,x;; = 1 and x;, = 1), then y; ;; ) should
be set to 1 (i.e., the interaction scores between two
sequence subsegments starting from / and %2 should be
counted in the energy function).

In fact, the above formulation is not the most efficient,
but it is the easiest to understand. In the more comprehen-
sive study in Refs. 3 and 4, we present three different
kinds of linear (integer) program formulations to formu-
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late the target sequence-template alignment problem and
show how they are derived from one another.

LP Relaxation and Branch-and-Bound

Although we have formulated the protein-threading
problem as a mathematically satisfying IP problem, the IP
problem is still NP-hard, hence not likely to be solvable in
polynomial time. We now take one more step to relax the
integral constraint (6) to the following (7).

‘xiJ’ y(i,l)(j,k) = 0’ .] € D[l]y L: 17 27 L] M

(7)

Constraints 1 and 7 now restrict x and y to be in the range
[0, 1]. The resulting LP problem can now be efficiently
solved. RAPTOR uses IBM Optimization and Solution
Library (OSL) package.

If the LP solution turns out to be integral, then it is
precisely the solution for our original IP system. It is
surprising that in our tests and CAFASP3 runs we had
integral solutions 99% of the time. However, if the LP
solutions for some x and y variables are fractional between
0 and 1, we select one nonintegral variable according to
certain criteria and generate two subproblems by setting
this variable to 0 and 1, respectively. These two subprob-
lems are solved recursively, repeating the above process
for each subproblem. In practice, only 1% of the instances
in our tests required such recursion and the solutions
become integral quickly in no more than a few branches.

Implementation Details

We calculated the averaged energy over a set of homolo-
gous sequences rather than a single target sequence, as
demonstrated in PROSPECT-II.'* Given a target sequence
of length n, we use PSI-BLAST to generate a n X 20
position-specific frequency matrix p, .o, for it. If a se-
quence position j is aligned to a template position i, then
the mutation score Mutation(i, j) and fitness score Fit-
ness(i, j) are defined as X, p, ,M(¢,, a) and X, p; .F(env;, a),
respectively. Meanwhile, M(¢;, a) represents the mutation
potential between two residues, and F(env, a) denotes the
fitness potential of residue a being in environment env.
The local environment is defined by combining three types
of secondary structures and three solvent status (buried,
intermediate, and accessible). If the two ends (at template
position i; and i,) of a template contact are aligned to
target sequence position j; and j,, respectively, then the
pairwise score P(iy, is, ji, jo) is calculated as 2, p;; , 24
Dj2.,P(a,b), where P(a,b) denotes the distance-independent
pairwise potential between two residues a and b. M is the
PAM250 matrix and F, P are knowledge-based energy
parameters. Please refer to PROSPECT-II'* for the estima-
tion of F, P.

Let Loop(j), Helix(j), and Sheet(j) denote the secondary
structure prediction confidences (scale 10) at sequence
position j. If sequence position j is aligned to template
position i, then the secondary structure score SS(, j) is
defined as Loop(j) — Helix(j) if the secondary structure at
template position i is helix, or Loop(j) — Sheet(j) if sheet.
The gap penalty function is assumed to be an affine

J.XUAND M. LI

TABLE I. RAPTOR’S Performance in

Each Target Category
CM/FR FR(H) FR(A) FR/NF NF
No. correct 6 4 2 1 0
No. targets 7 7 6 5 5

function with open penalty of 10.6 and elongation penalty
of 0.8 per gap.'®

We trained the weight factors for the energy items
through maximizing the number of correctly aligned posi-
tions generated by RAPTOR on 95 protein pairs chosen
from the test set by Holm et al.,’® each of which is in the
fold level similarity. An alignment for a residue is re-
garded as correct if it is within four residue shift away
from the structure—structure alignment generated by
SARF.'" The five weight factors are W,, = 1.0, W, = 0.274,
W, =0.796, W, = 17.203, and W_, = 5.684.

We use support vector machines (SVM)!® to recognize
the best templates for each target. For a given threading
pair, some features are extracted to train our SVM model
such as the traditional z score, the scores of various energy
items, total alignment length, total gap length, the num-
ber of template contacts with both ends being aligned, the
number of template contacts with only one end being
aligned, the template size and the sequence size. A pair is
treated as positive if and only if they are in the same fold
according to SCOP classification. Tested on the benchmark
by Lindahl et al.,'® 5% more targets can be recognized by
our SVM model than by the traditional z score. For a given
target, all templates are ranked by SVM output. The
reliability score for each template is the standardized SVM
output.

RESULTS
RAPTOR in CAFASP3 and LiveBench6: Evaluation

Large-scale experimental results using RAPTOR were
reported in Ref. 4. Here we focus on reporting RAPTOR’s
results in CAFASP32° and LiveBench6.2! CAFASP3 orga-
nizers ranked RAPTOR first among all nonmeta servers in
terms of both alignment accuracy and fold recognition
capability for FR targets. RAPTOR also ranks very top in
hard homology modeling target recognition. We will ex-
plain later why RAPTOR did poorly with HM targets. The
specificity result of RAPTOR in CAFASP3 was underesti-
mated because we were still tuning parameters late into
July 2002, and the scale of the reliability score generated
by RAPTOR changed radically during the tuning process.

Table I shows RAPTOR’s performance in each target
category. We can see that RAPTOR failed to predict any
NF targets, which is normal for a protein-threading ap-
proach. RAPTOR also performed poorly in the FR(A) and
FR/NF categories. A better energy function is needed for
these two categories.

In the latest LiveBench6 test, RAPTOR’s performance
was worse than that in CAFASP3 under the same evalua-
tion criteria. It ranked 6 on easy targets, 5 on hard targets,
and 7 on specificity. See Discussion for the reason.
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Fig. 3 The superimposition of experimental structure (gray color) and
prediction structure (black color) of CAFASP3 target TO136_1. It is taken
from CAFASP3 website and generated by RasMol and MaxSub.

Sample Predictions

For the first domain of target T0136, 17 of 54 servers
generated correct fold recognitions. RAPTOR produced the
best alignment among all. Figure 3 presents the super
imposition between the experimental structure (gray color)
and the RAPTOR predicted structure (black color) of
T0136_1. MaxSub?? could superimpose a segment of 118
residues (the sequence size is 144) of the predicted struc-
ture to the experimental structure within RMSD 1.9 A.

In LiveBench6, RAPTOR generated the best alignment
for target fp8544 (1kzqA) although its alignment accuracy
is low. Only 3 of about 30 servers predicted it correctly in
the first models. In addition, RAPTOR also generated best
results for targets fp8543 (1kvzA), fp9304 (1m44A), and
fp9010 (1j6rA).

Computing Efficiency

A set of ~62 targets was released by the CASP5 organiz-
ers. Our template database contains 3236 protein tem-
plates. We used Flexor at the University of Waterloo,
which is a Silicon Graphics Origin 3800 system, with 40
400 MHz MIPS R12000 CPUs and 20 GB of RAM. Except
for one target (T'0174), which used 45 CPU hours, the CPU
time for the other targets averaged 7 h, ranging from 1 to
20 h.

DISCUSSION
Glitches

RAPTOR did well on fold family (FR) targets and hard
HM targets in CAFASP3. However, it has done poorly with
family (HM) targets. This was due to three minor glitches:
1) We were still tuning parameters late into July 2002. 2)
We did not update our database until late June and have
not constantly updated it since then. 3) A minor error
occurred in updating our database. We used FSSP list
released at http://www.ebi.ac.uk/dali/fssp/TABLE1.html on
June 16, 2002, to generate our template database.
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One clear example is the HM target T0177 which
RAPTOR missed even though PDB-blast could predict it
correctly. The best two templates for it were 1konA and
1IfpA. 1konA was not incorporated into our template
database (although it was in the FSSP database) due to
some error, and lkon was released on June 19, 2002. In
addition, T0177 was treated as three targets in CAFASP3
evaluation so RAPTOR’s miss on this target was amplified
threefold.

The second problem was also manifested in the Live-
Bench6 test. RAPTOR missed the easy target fp10972
(1khyA) whose best templates were lk6ka and 1ksfX
released in PDB on September 27, 2002.

Fixing such glitches results in better performance not
only for HM targets but also for FR targets. But because
the HM targets are so easy to predict, RAPTOR’s error
manifested itself more glaringly here.

Why Has It Worked?

Despite the minor glitches, the algorithmic advantage of
RAPTOR still shone in the FR target recognition category.
This is partially because RAPTOR’s IP/LP formulation has
allowed us to compute optimal solutions for the energy
function, which no other program is able to do. Many
competing programs simply ignored pairwise contacts to
achieve computational efficiency. Some other programs,
like PROSPECT-I, use a divide-and-conquer method to
deal with this problem. Yet, to achieve higher speed,
PROSPECT-II, which attended CAFASP3, did not use
pairwise contact constraints when doing sequence-tem-
plate alignment. In addition, a good energy function and
the use of SVM are also two indispensable components for
the success of RAPTOR.

Strength and Limitations

Experimental results show that RAPTOR performs well
in alignment accuracy and fold recognition for FR targets.
The IP/LP formulation has allowed us to fully formulate
the messy protein-threading problem within an elegant
mathematical framework. It has turned out that this
elegant mathematical framework also has elegant solu-
tions most of the time. Although the problem is still
NP-hard, in theory, experience with RAPTOR has shown
that most practical instances of this problem can be solved
optimally and efficiently. Because we have used powerful
LP package, RAPTOR runs faster and uses less memory
than algorithms that treat the pairwise potentials strictly,
when the templates have complex interaction topology and
target sequences are long. The divide-and-conquer algo-
rithm used by PROSPECT-I could deal with the simple
interaction topology templates well, but it slows down
significantly (exponentially) with more complex interac-
tion topology.

The obvious limitation for the threading methods is that
they cannot deal with proteins with novel folds.

Extensions and Potential Improvements

RAPTOR’s LP formulation allows not only pairwise
contact information but also allows users to add extra
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distance constraints between amino acids. This is useful
when the users have prior knowledge of the protein from
experience or preliminary NMR experiments.

Another natural extension is to allow gaps in the core
regions. Gapped pairwise alignments have natural LP
formulation. Allowing core region gaps might help improve
alignment quality, which is a weak point for RAPTOR
currently.

Because of parameter errors, the optimal energy func-
tion value does not necessarily mean the best alignment
between target sequences and templates. Most often the
best alignment corresponds to one of the lowest IV energy
function values (IV is a small constant). A method to
improve alignment accuracy is to generate N alignments
corresponding to the N energy values and use some
structure-checking tool such as verify3D to select the best
alignment. It is extremely easy for LP software to generate
the best N solutions at little extra cost.

When a short sequence could only be aligned to one
domain of a multi-domain template, RAPTOR often missed
the correct prediction due to the distortion of the SVM
model selecting the correct templates. An example is the
LiveBench6 target fp9293 (1i8dA). One of the correct
templates is lilip. RAPTOR generated a very good align-
ment score between lilip and fp9293 but failed to rank lilip
within the top 10 due to the huge mismatch of their
lengths. We need to improve our SVM model for this case.

RAPTOR also has problems in predicting a long target
sequence. Sometimes RAPTOR could rank several correct
short templates within the first 10 models, but it could not
assemble these models to generate a better and longer
model for the whole sequence. An example is target T0136.
RAPTOR generated the best model for its first domain
among all servers but ranked this best model ninth due to
length mismatch. The first model submitted by RAPTOR
was also a correct prediction for the second domain of
T0136. The next step for RAPTOR is assembling these two
models together to give a better prediction.
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