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ABSTRACT

Summary: We present a large scale implementation of the RANK-
PROP protein homology ranking algorithm in the form of an openly
accessible web server. We use the NRDB40 PSI-BLAST all-vs-all
protein similarity network of 1.1 million proteins to construct the graph
for the RANKPROP algorithm, whereas previously, results were only
reported for a database of 108,000 proteins. We also describe two
algorithmic improvements to the original algorithm, including propa-
gation from multiple homologs of the query and better normalization
of ranking scores, that lead to higher accuracy and to scores with a
probabilistic intepretation.

Availability: The RANKPROPweb server and source code is available
athttp://rankprop. gs. washi ngt on. edu.

Contact: iain@nec-labs.com

1 INTRODUCTION

RANKPROP[Weston et al., 2004] is a network-based inference algo
rithm for identifying subtle protein sequence similaigtieorrespon-
ding to remote homology relationships or to structural Enties.
The algorithm operates onpmotein similarity network, a graph in
which each node is a protein and each weighted edge congecti
two proteins indicates their similarity. Such a network cenbuilt
using existing tools such as PSI-BLAST [Altschul et al., TP9

The key idea of the RNKPROP algorithm is to extract global
information from a protein similarity network by propagaiout-
ward from a user-specified query protein. Effectively, tlgoathm
sums over all possible paths from the query to each targétipro
Thus, after propagation, the resulting activation scaseséch node
include global information about that protein’s relatibigsto the
query. Ranking proteins by these scores is analogous torparfg
a database search using a tool such as PSI-BLAST, excephthat
ranking induced by RNkPRoOPreflects the global topology of the
protein similarity network.

In [Weston et al., 2004], PSI-BLAST is used to measure secpien
similarity, and the unnormalized weight for the edge frond@bto
nodej is W;; = exp(—S;(i)/o), whereS; (i) is the PSI-BLAST
E-value assigned to proteingiven queryj, and the parameter
is a positive constant. Edges are only included in the nétvar
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E-values smaller than a fixed threshold. We obtain a stoichast
connectivity matrixA/ for the protein similarity network by row-
normalizing edge weight3V;; to obtain transition probabilities:
Mij = Wi/ 32 Wis.

Given such a network and a query sequegcéhe RANKPROP
algorithm is simple to describe. First, all nodes are aszignitial
activation scores that reflect each target protein’s similarity 4o
Like the edge weights, these scores are computed from PABBL
E-values using the same equation. At each iteration of tharigéhm,
the activation score at a given node is replaced by the weigh-
ted sum of the scores from all of its incoming edges. The wdat
rule includes a diffusion constant that controls the rate of diffu-
sion through the network. Formally, we define the initiaivatton
scores as?? = exp(—S,(i)/o). Viewing P* as the column vec-
tor of activation levels at iteratiom, the algorithm is given by
Pt = aMP! + P if P, # gandP/™" = 1 otherwise, where

€ (0,1). One can show that this iterative procedure converges
to a fixed point, which in practice happens in a small number of

iterations. The output of the AkPROP algorithm is a ranking of
the nodes in the network according to their final activatiatugs.
Proteins that receive a high activation score are linkethéoquery
via many strongly weighted paths and vice versa. A multidoma
query protein will produce strong matches to any targetginahat
contains one or more of the query domains. A single domainyque
A may connect through a multidomain protedB to infer a false
relationship withB. However, previous work [Weston et al., 2004]
has found that as long as the query sequence is connectechjo ma
other proteins, then the true homologs will be mutually fiicing
and receive a higher rank.

In this work, we extend the original fRikPROPalgorithm in two
ways: (1) improving accuracy by propagating simultanepfrsim
proteins that are very closely related to the query, andr(@ro-
ving the interpretability of the scores produced byNRPROP by
empirically mapping them to probabilities. The mapped samn
be interpreted as the probability that the target proteia lmem-
ber of the same SCOP superfamily as the query. We also aneounc
the availability of a free web server that allows individegleries
against a protein similarity network derived from the NRDB4
comprising 1.1 million targets.

(© Oxford University Press 2008.
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Table 1. Ranking Accuracy

Family Family S-Fam S-Fam

method ROG ROGyy ROC; ROG
PSI-BLAST 0.833 0.851 0.609 0.628
RankProp SWISSPROT 0.816 0.906 0.592 0.725
RankProp NRDB40 0.872  0.923 0.696 0.779
RankProp+homologs NRDB40 0.884  0.928 0.710 0%775

2 METHODS

The RankPROPserver uses the PSI-BLAST all-vs-all similarity matrix for
NRDB40 provided by the PairsDB website [Heger et al., 2008rDB40

is a subset of the non-redundant sequence database, fatethdt no pairs
exhibit > 40% sequence identity. The NRDB40 collection contains 1.1M
sequences.

We generalize the RvkPROPalgorithm to accept a s€p of query pro-
teins, rather than a single query protein. To use this exfi@mation we
perform propagation as usual, but we constrain the adiivagtores for all
the query points such that they are ranked highly. In pdaicuve choose
the setQ to be all the proteins that have a match with the initial query
with a PSI-BLAST E-value less than 0.001. We then constrairedgorithm
to haveP; = 1 — Sq(j), Vj € Q. This modification is useful because,
instead of propagating from a single query source node igréeh, we can
propagate from several source nodes that all belong to tihe $amily or
superfamily that we are searching for.

The original RANKPROP algorithm outputs scalar values that are not
directly interpretable. In the new version of the algorithme map each
RANKPROP score to an estimate of the probability that the correspandi
query and target proteins belong to the same structuralrfeupidy. We
employ the SCOP database [Murzin et al., 1995] to computstadriam of
empirical frequencies of the activation levétsfor each proteiri. More spe-
cifically, we choose bin centets, and compute the following quantitiesy,,
the number of timeg>; falls into binv,, ands,,, the number of times that

the latter occurs andis in the same superfamily as the query. We are intere-

sted in the valusy /n, which can be interpreted as the probability for each
activation value bin of the target being in the same supelyaas the query.
We choose the bin centers= (0,0.01,0.02...,0.2,0.3,...,1), and we
enforce monotonicity in the final output by settipg/n; = pi—1/n;—1 i
Di/ni < pi—1/mi—1.

3 RESULTS
Table 1 compares our large scaleNkPROP results with PSI-

as average ROCand ROG, scores across all 3083 test proteins.
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Fig. 1. Combined ROC curve across multiple queries. For each method,
search results from 3083 queries were sorted into a sirgleThe figure
plots, for varying thresholds in the ranked list, the frawtiof all known

homologs (SCOP superfamily members) that fall above thestiold, as a
function of the number of non-superfamily members abovehheshold.

Using a larger network yields improvements across all farfqy-
mance metrics, and propagating from multiple queries ivgsdhe
performance still further. A Wilcoxon signed rank test,reated for
multiple tests, shows that all differences in Table 1 areifigant at
0.01, except for the three pairs of methods marked with asterisks

We also evaluate the performance oANKPROP using a com-
bined ROC curve across all the queries in our test set, faligw
the protocol of Altschul et al. [1997]. Figure 1 shows the tdm
ned ROC curves for BnkPROP NRDB40 (ranked by activation
value), RaNkPROP+rhomologs NRDB40 (ranked by probability)
and PSI-BLAST (ranked by E-value). Compared to average per-
query ROC scores, the combined ROC curve requires thatsaoze
well calibrated from one query to the next. The figure showas tthe
mapping of RRNKPROPscores to probabilities significantly impro-
ves the calibration, yielding better performance than BISAST
for all but the first few false positives (across 3083 queries

The RaNKPROP web server first looks for an exact match of
the query sequence against the sequences in NRDB40. If such
a match is found, the server will retrieve the precomputed PS
BLAST results from the database and then apply treiiRPROP
algorithm. In this case the server takes around 90 secoristess
a query. If the sequence is not found in the database, thesetkier
will run PSI-BLAST first, which on average takes an additioba
minutes.
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BLAST (using NRDB40 and the same blastpgp parameters as

PairsDB:-j 10 -e 1 -h 0.001 -b 10000 -v 10000 )
and the previously published version ofaARKPROP (using the
SWISSPROT database, 108k proteinspNRPROP NRDBA40 is a
straightforward scaling up of the previousR<pPROPalgorithm to
NRDB40. In addition, RNkKPROP+homologs NRDB40 employs
the extensions described in Methods. Accuracy is measotkd f
wing the methodology given in [Weston et al., 2004]: SCORier
1.59 is split into train and test portions, and hyper paranseare
chosen by using the training set. Then, each test proteiedated as
a query, and the quality of a method’s protein ranking is messby
using the area under the receiver operating charactecistie, up
to the first (ROG) or 50th (ROG) false positive. We report results
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