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Abstract

Probabilistic suffix tree (PST) is a stochastic model that
uses a suffix tree as an index structure to store conditional
probabilities associated with subsequences. PST has
been successfully used to model and predict protein fam-
ilies following global approach. Their approach takes
into account the entire sequence, and thus is not suitable
for partially conserved families. We develop two vari-
ants of PST for local prediction: multiple-domain predic-
tion and best-domain prediction. The multiple-domain
method predicts the probability that a protein belongs to
a family based on one or more significant conserved re-
gions, while the best-domain method does it based on
the most conserved region in the query sequence. The
time complexity of both of our approaches is the same
as that of the global prediction, that is, O(Lm) where L
is the depth bound of the tree and m is the size of the
query sequence. We tested our algorithms on the Pfam
database of protein families and compared the results
with the global prediction method . The experimental
results show that our approaches have higher accuracy of
prediction than that of global approach. We also show
that, our local prediction approach is an effective way to
extract motifs/domains. Our approaches employ a lin-
ear time method for building PST by adapting the linear
time construction of Probabilistic Automata reported by
A.Apostolico et al.

1 Introduction

Classification of proteins and extraction of motifs have
become an active research area in recent years. A vari-
ety of approaches such as Pfam (Bateman et al. 1999),
PROSITE (Hofmann et al. 1999), SAM (Hughey &
Krogh 1998), Gibbs sampling (Thijs et al. 2001, Mar-
chal et al. 2003), MEME (Bailey & Elkan 1995), and
Stochastic Dictionary Model (Gupta & Liu 2003) have
been developed. These databases are very useful in the
analysis of newly discovered protein sequences. By clas-
sifying a protein into a family, we can infer its functions
based on the known information about the family.
Recently, Probabilistic Suffix trees (PST) approach
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has been introduced to classify protein families and
detect conserved motifs from unaligned sequences
(Bejerano & Yona 2000, Ron et al. 1996). This ap-
proach is based on a certain feature, “short memory”,
which is common to most biological sequences. Be-
fore PST there were efforts to model sequences with this
feature using Markov chains of order L (the memory
length of the model) and HMMs. However, both meth-
ods have critical limitations for practical use. The size
of order L. Markov chains grows exponentially with re-
spect to their order, and thus only very low order Markov
chains can be applied in practice. The HMMs based
method suffers from known learnability hardness results
(Gillman & Sipser 1994). Although the PST approach is
based on the same observation, it can model rich sources
with high efficiency using a reasonable amount of mem-
ory. The probabilistic suffix tree has been demonstrated
to be a powerful, efficient, and simple-to-use approach
to classify protein sequences (Bejerano & Yona 2000).
G.Benjerano and G.Yona have applied this approach to
classify protein families in Pfam database and showed
that the PST model has higher accuracy of prediction
than pairwise methods such as Gapped-BLAST, and is
as accurate as a HMM trained with a multiple alignment,
but much more efficient (Bejerano & Yona 2000). As a
global prediction approach, their method takes into ac-
count the entire sequence, and thus may not be suitable
for families conserved only partially.

In this paper, we develop two variants of PST for per-
forming local prediction. The experimental results show
that our approaches have higher accuracy of prediction
than that of the global approach.

2 Probabilistic suffix trees

Probabilistic suffix tree, a stochastic model using a suf-
fix tree as the index structure, is employed to serve as
a compact representation to organize conditional proba-
bilities distribution for a cluster of sequences. This ap-
proach is based on so-called “short memory” feature of
natural sequences. That is, the empirical probability dis-
tribution of the next symbol given the preceding segment
can be accurately approximated by observing no more
than the last L symbols in that segment. For example,
P(Si+1‘50 s Si) = P(Si+1‘8i,L s Si), i+ > L. Each
node of a PST is associated with a probability vector
that stores the probability distribution for the next sym-
bol given the label of the node as the preceding segment.
That is, the probability vector associated with the node
6 stores each P(s;|label(#)) which represents the prob-
abilities of observing symbol s; € ¥ given that label(6)



is the preceding subsequence.

One difference of PST from the ordinary suffix tree is
that a PST is constructed with reversed sequences. This
is to facilitate the process of locating the longest suffix.
For more details on the concept of PST, we refer readers
to the example of PST given by G.Bejerano and G.Yona
(Bejerano & Yona 2000).

A.Apostolico and G.Bejerano introduced a linear
time construction of Probabilistic Automata which con-
tains all information stored in the corresponding PST
(Apostolico & Bejerano 2000). We adopted their algo-
rithm to construct our PST. This method constructs a PST
in O(n|X]) time (Apostolico & Bejerano 2000).

With a PST we can estimate the probability of each
letter by scanning the tree in search of the longest suf-
fix. The probability of the entire sequence is estimated
by multiplying the probabilities of each letter from left
to right. For example, the probability of a sequence
abracadabra with a certain PST can be computed as fol-
lows:

P(abracadabra)
= P(a)P(bla)P(r|ab)P(alabr)
P(c|abra) - - - P(a|abracadabr)

= Yroot(@)Va(b)Vroot (1)vr (@) Vora(c) - - - yr(a)

where ~, (6) is the probability of observing the symbol
6 given s’ is the preceding segment, and the underlined
subsequences represent the longest suffices that appear
in the tree (Bejerano & Yona 2000).

To predict if a sequence belongs to a family, we need
to compare the probability that the sequence is generated
by the PST, with the probability that the sequence is gen-
erated by a random uniform distribution.

To compare the two probabilities, the similarity
scores are defined as follows:

Forasequence S =“sy - -- 8,7,

Ppsr(s;)
Prandom (i)
Ppgr(S)
Prondom(S)
[licicn Pps7(silst - si-1)
H1§i§n Prandom(si)

= H sim(s;|s1 - 8i—1)

1<i<n

sim(s;) =

sim(S)

The higher the sim(S) score is, the more confi-
dent we are in classifying the sequence into the family.
The time complexity of the global prediction is O(Lm)
where L is the depth bound of the PST and m is the
length of the query sequence, because retrieving each
conditional probability requires traversing a path from
the root down a tree of maximal depth L, and we need
to retrieve m probabilities to compute the overall proba-
bility.

3 Local Prediction versus Global Prediction

The prediction process shown in section 2 follows a
global prediction approach. G. Bejerano and G.Yona
have used this method to model and predict protein fam-
ilies (Bejerano & Yona 2000). One limitation of their
method is that as a method of global prediction, it does

not perform well for those sequences which are similar to
other family members along only a relatively small part
of sequences. The local similarities of these sequences
may be masked by the long unrelated regions, and thus
the probabilities of such sequences can be nearly as
low as that of totally unrelated sequences. For these
sequences, methods based on local prediction are ex-
pected to perform better. G.Bejerano and G.Yona also
tried a variant to accommodate local prediction. How-
ever, this variant was actually a heuristic that introduces
more parameters that must be optimized for each family
(Bejerano & Yona 2000).

We developed two variants of PST for performing
local prediction: multiple-domain prediction and best-
domain prediction. the multiple-domain method pre-
dicts the probability that a protein belongs to a fam-
ily based on one or more significant conserved regions,
while the best-domain method does it based on the most
conserved region in the query sequence. The multiple-
domain method is an efficient and effective approach for
classifying not only the families with one specific do-
main or motif, but also the families with several sep-
arated motifs or domains. The best-domain method is
better for detecting the boundary of the most conserved
domain, and therefore can be used to extract motifs from
sequences.

4 Algorithms of Local Prediction

4.1 Best-domain prediction

If a partial sequence (a domain) is conserved over the se-
quences of a family, the probability of seeing a symbol
at a certain site depends only on the subsequences within
the domain, rather than the subsequences outside the do-
main. Suppose in the sequence “abracadabra”, there is a
domain starting from the fourth position (marked with
underline). In this case, the probability of “c” in the
fifth position is more likely to be P(c|a) rather than
P(c|abra). Therefore, for local prediction, we do not
compute the similarity score for a whole sequence. In-
stead, we consider every subsequence staring from dif-
ferent positions. For a sequence sz « - - Sy, tO per-
form a local prediction, we need to consider all the sub-
sequences s; - - - s; starting from s; (1 < ¢ < m) and end-
ing at s;(¢ < j < m). We calculate the similarity score
for each subsequence S =s; - - - 55,1 <i < j <m:

sim(s; - - - $j-155)
Ppsr(s; -+ sj—155)
Prondom(Si -+ - $j-15;)
Ppst(s:)Ppst(Sit1lsi) - - - Ppsr(sj|si - -sj-1)
Prandom(8i) Prandom(Si+1) * * - Prandom(S;)

Therefore,

stm(s; - - 8;-15;)
Ppsr(sjlsi - -sj-1)
Prandom(sj)

= sim(s;---sj—1) X

We compute each score sim(s; - --s;) 1 <i < j<m
using the above relation, and choose the highest score
as the score for the local similarity. For example, if the
highest score is yielded at the position 30 from the sub-
sequence sig - - - S, then the most conserved region is



$10 - - - 830, and sim(s1p - - - 830) is the score of the local
similarity for the sequence.

Since we need to compute scores for subsequences
starting from n different sites, it may seem that the time
complexity would be larger than the global prediction
which only requires one scan of the sequence. However,
we devise a way to control the complexity. To keep the
time complexity under control, we scan several subse-
quences simultaneously. When we scan to a certain po-
sition ¢ in the sequence, we retrieve all the probabilities
P(s;|sj---sm) forall subsequence s; - - - s, 1 < j <
in only one traversal from the root to tﬁe leaf labeled with
the preceding segment.

A traversal from the root to some leaf in PST retrieves
all probabilities P(s;|s;---s;—1)i—L+1 < j <. For
the subsequence starting from j (i — L+ 1 < j < i), the
probability of s; is P(s;|sj - -+ s;—1);forj <i—L+1,
the probability of s; is P(s;|si—r+1 - si—1); forj > 1,
the probability of s; is not needed. Therefore, one traver-
sal from the root to a leaf retrieves all the probabilities
that are needed for computing the probabilities for a cer-
tain position for all subsequences. Figure 1 shows an
example how this works. To compute the scores for all
subsequences of a sequence of length m, we only need
m traversals in PST, which is the same number we need
for the global prediction. Each traversal visits at most L
nodes and edges. Therefore, the time complexity of the
Best-domain local prediction algorithm is O(Lm) where
L is the depth bound of the PST and m is the length of the
query sequence, which is the same as that of the global
prediction.

To prevent the score of random probability being
much larger than 1, we introduce a parameter d (d > 1).
The similarity score is then calculated as follows:

Ppsr(si)
Prandom(si) x d

The pseudocode for the Best-domain lo-
cal prediction algorithm is given below: Let
retrieve — probabilities(i) denote the procedure
that traverses a PST and retrieves the probabilities of
position ¢ for all subsequences and let array probs
store the probabilities returned by the procedure.
probs[j] = P(s;|sj---si—1),i—L+1<j<i Letm
denote the length of the query sequence.

sim(s;) =

Algorithm Best-domain:
e best_previous < a large negative number
e optimal < a large negative number
e forifrom1tom
— probs[L] < retrieve — probabilities(i)
— width « min[L, i 4 1]
— for j from 0 to width
% sim(sj—j - 8;)

probs[j]

sim(si_j - 8i_1) X Pronaom (%4

* optimal «—
max|optimal, sim(s;—j - - - 8;)]
—-ifi>L
* best_previous «—
best_previous x probs[L — 1]

(05, 5,.15,.2,.1)

(.05, .25, 4, .25, .05)
(1,.1,.35,.35,.1)
(6,1,1,1,2)

sl: chra ccder P(cbrac)=P(cbra)P(clora)

! 2. braccder P(brac)=P(bra)P(clora)
St chracedor 83 raceder Plra)=P(ra)Pcl)
s4 accder Plac)=P(a)P(cla)
5 ceder P(O=R()
Figure 1: Illustration of computation of a local pre-

diction. Given the PST and sequence S, compute the
local scores for subsequences sl - s5. The proba-
bility of observing ¢ in s[5] in each subsequence is
P(clbra), P(clbra), P(c|ra), P(c|a), and P(c), respec-
tively. The probabilities can be retrieved by one traversal
from the root to the leaf bra.

* optimal «—
max|optimal, best_prevous]

—-ifi>L-1
x best_previous «—
max|[sim(s;—p+1 - S;i), best_previous]

e return optimal

The algorithm returns the maximum score among all
the subsequences. The time complexity of this algorithm
is O(Lm) where L is the depth bound of the PST and m
is the length of the query sequence.

4.2 Multiple-domain local prediction algorithm

A sequence may have multiple conserved domains.
In this case, when we do prediction on the sequence,
we want to consider all the conserved domains. We
will sum up the similarity scores of separated re-
gions and find the optimal sum. This is very similar
to the “repeated” matches alignment algorithm de-
scribed in Durbin’s (Durbin et al. 1998), and can
be implemented using Dynamic Programming. We
move along a sequence from left to right, computing
the highest score for each position. For a sequence
S = 515983 - - - Sj—LSj—L+1 " *Si " *Sj * * * Sm, let
mazx_be fore(j) denote the best score for all the subse-
quences s; - --s; (i < j— L), and start_be fore(j) store
the value of ¢ which yields the best score; maz_here(j)
denote the best score we get for position j, and
max_so_far(j) denote the best score we get among
positions 1 to j.

max _be fore(j) = max;<;_r[sim(s; - - s;)];

mazx_here(j)
= maxi<;<;j—1[stm(s; - - - sj_18;)mazx_so_far(i — 1)]



max sim(s; - - - sj-1) X %
xmax_so_far(i—1),j—L<i<j—1
= max
x Plsilsj—r-si-1)
PTandowl(sj)Xd
xmazx_so_far(start_before(j) — 1)

mazx_before(j — 1)

max_so_far(j — 1)
maz_so_far(j) = max < mazx_here(j) —T
0

where sim(s; - - - s;),1 < i < j < m can be calcu-
lated using the same procedure that the Best-domain al-
gorithm uses. To avoid getting local segments with too
small score we set a threshold 7". Thus, only the mo-
tifs whose scores are higher than 7" are considered by the
algorithm.

After we finish a scan of the entire sequence from 1 to
m, max_so_far(m) is the optimal score of the local pre-
diction for the whole sequence (consists of one or more
domains) If we record the parameters in the algorithm,
we can trace back to discover the boundaries of the do-
mains found by the algorithm.

5 Results and Discussion

5.1 Protein classification

The best-domain and multiple-domain algorithms were
implemented in C++. In our implementation, we used
logarithm of all probabilities to avoid overflow or under-
flow. We tested both algorithms on the protein families
found in the Pfam database release 10.0. For our tests we
selected 80 families among the large number of families
in the database. Each family was divided into a train-
ing set and a test set in ratio 2:1. After constructing a
PST from the training set of a family, we used the PST
to predict the membership of each sequence in the test
set and in the SWISSPROT database. We applied the
“equivalence number” criterion to determine the thresh-
old of the total score for deciding the membership of a
protein (Pearson 1995). This criterion sets the threshold
to a value such that the number of false positives (the
number of non-member proteins with scores above the
threshold) equals the number of false negatives (the num-
ber of member proteins with scores below the threshold).
The accurate prediction is referred to as the case that the
score of a member protein is higher than the threshold
and thus is predicted correctly.

To make comparison between the local prediction ap-
proaches and the global prediction approach, we also
tested the global prediction method on the same data sets
using the same criterion. When doing global prediction,
we normalized the score of each sequence by its length
so that the bias caused by the length difference was elim-
inated.

Table 1 shows part of the results of all the three algo-
rithms for the 80 protein families. The average error rate
of each of the local prediction approaches is much lower
than that of the global prediction. The average error rate
of the global prediction is 17.6%, while the average error
rate of the best-domain and multiple-domain local pre-
diction is 10.9% and 10.2%, respectively. The average
error rate of the best-domain and the multiple-domain

method is reduced by 38.1% and 42.1%, respectively,
compared with the global prediction method. For most
protein families, in a sequence the conserved regions
only cover part of the sequence. For this reason, the lo-
cal prediction methods tend to have better overall perfor-
mance than the global prediction method. For some pro-
tein families, the local prediction methods perform sig-
nificantly better than the global prediction method. For
example, for the family A2M_N, the error rate of global
prediction is 32%, while the multiple-domain prediction
has only 2% error rate. G.Bejerano and G.Yona also tried
a local-prediction variant of PST. However, their variant
is a heuristic which needs to optimize several parameters
for each family. Compared to their method, our local pre-
diction methods are convenient-to-use, since they do not
require optimizing parameters for each family.

G.Bejerano and G.Yona compared the PST approach
with other protein classification approaches in their pre-
vious work (Bejerano & Yona 2000). Their results show
that in terms of accuracy of prediction, the PST (in global
mode) is much better than a typical BLAST search, and
almost as good as an HMM trained from a multiple align-
ment of sequences. In terms of running time, the PST ap-
proach is much faster than the HMM approach. The per-
formance of the PST approach is improved further with
our local prediction methods.

5.2 Identify domains/motifs

The local prediction approaches are able to find the most
conserved domains in sequences and detect the bound-
aries of the domains. Therefore, these approaches can
be used to identify functionally or structurally important
domains/motifs in unknown sequences. We tested the
ability of PST in doing this by applying the PST trained
from the training data set of the ABC_membrane fam-
ily to identify the transmembrane domains in five protein
sequences. The ABC_membrane family is a very broad
protein family and the proteins in the family have a con-
served transmembrane domain. The training data set of
the ABC_membrane family was from the Pfam database.
The test sequences we chose are the full length sequences
of the ABC transporter protein of Chlamydomonas (Im
& Grossman 2001), the Salmonella ABC-type transport
system protein, the Homo Sapiens ABC transporter sub-
family B member 4 isoform B, the Rattus Rorvegicus
ABC transporter 7 protein, and the Homo Sapiens ABC
transporter subfamily C member 1 isoform 2. All of the
proteins have the trans-membrane domain (Table 2). The
domain regions predicted by our approach, which are
shown in Table 2, match the real domain regions very
well. For the Homo Sapiens ABC transporter subfamily
C member 1 isoform 2 we also identified another ABC
transmembrane domain in region 912 - 1181. The region
932 - 1472 of this protein is a ABC-type multidrug trans-
port system and may span multiple domains. Our result
indicates that there is a ABC type transmembrane do-
main in this transporter region. One of the advantages of
our approach is that, it is convenient to use our method to
identify domains/motifs, because our method computes
the boundaries of the conserved domains directly.

5.3 Complexity and running time

Let the total length of the training set be n, the depth
bound of PST be L, the alphabet be X, and the length
of a generic query sequence be m. Building a PST

using G.Bejerano and G.Yona’s method takes O(Ln?)



Family Size | Error rate of global prediction | Error rate of best-domain | Error rate of multiple-prediction
14-3-3 214 0.014 0.000 0.000
7tm_4 267 0.326 0.094 0.142
Acetyltransf 2275 0.108 0.216 0.242
2.5 ligase 63 0.302 0.286 0.175
7tm_5 311 0.309 0.058 0.100
acid_phosphat B | 64 0.281 0.156 0.156
2-Hacid DH.C | 494 0.034 0.004 0.028
7tm_6 83 0.313 0.313 0.301
acid_phosphat 181 0.309 0.011 0.105
2-Hacid_DH 413 0.213 0.177 0.220
Alpp 239 0.251 0.063 0.167
A2M_N 106 0.321 0.038 0.019
actin 1716 0.013 0.008 0.013
2-oxoacid_dh 296 0.162 0.000 0.010
A2M 150 0.260 0.013 0.020
A_deaminase 111 0.270 0.198 0.261
2-ph_phosp 18 0.278 0.278 0.167
A_deamin 82 0.061 0.000 0.000
3.5_exonuclease | 207 0.324 0.314 0.314
AAA div 46 0.130 0.000 0.000
adh_short 3193 0.028 0.015 0.022
3-alpha 20 0.250 0.250 0.250
aakinase 621 0.296 0.081 0.077
ADH _zinc N 1927 0.092 0.026 0.040
3A 94 0.011 0.000 0.011
AAL _decarboxy | 37 0.243 0.027 0.108
3Beta_HSD 93 0.312 0.108 0.161
alpha-amylase | 1215 0.056 0.002 0.002
A_amylase_inhib | 9 0.000 0.222 0.000
aminotran_4 199 0.276 0.010 0.035
3HCDH_N 237 0.114 0.008 0.013
aa_permeases 930 0.204 0.104 0.098
ank 9689 0.002 0.016 0.087
3HCDH 292 0.041 0.010 0.038
arf 247 0.024 0.000 0.000
3H 27 0.259 0.222 0.185
Aa_trans 286 0.329 0.315 0.308
asp 512 0.184 0.023 0.016
AVERAGE - 0.176 0.109 0.102

Table 1: Comparison of the performance of the local prediction approaches with that of the global prediction approach.
The first column gives the names of the families abbreviated as in the Pfam database. The second column gives the
numbers of the proteins in the families that are included in the Pfam database. The third, forth, and fifth columns give
the error rate of prediction of the global prediction, the best-domain local prediction, and the multiple-domain local
prediction, respectively. In our implementation of the three algorithms, we use logarithm of all probabilities. The PSTs
were constructed using the parameters L = 20, P,,;, = 0.0001, and » = 1.05. The multiple-domain and best-domain
prediction algorithms used the parameter set 7' = 7.0 and d = 1.5.

The region of the The domain region
Protein transmembrane domain | predicted by PST
Salmonella ABC-type transport system 15-279 14 - 282
Chlamydomonas ABC transporter 440-734 457 - 744
Homo Sapiens ABC transporter subfamily B member 4 isoform B 84-180 56-178
Rattus Rorvegicus ABC transporter 7 protein 9-205 10-202
Homo Sapiens ABC transporter subfamily C member 1 isoform 2 325 - 596 324 - 595

Table 2: The results of detecting domains/motifs using the local prediction approaches of PST




time, while the construction algorithm used by us takes
O(]X|n). The time complexity of the local prediction
algorithms is O(Lm), the same as that of the global pre-
diction algorithm.

G.Bejerano and G.Yona reported that their method for
building PST runs for half an hour in average on a Pen-
tium 11 300 Mhz PC (Bejerano & Yona 2000). To make
a comparison, we compiled and ran the linear time PST-
building algorithm on the same machine. For a typical
size of protein family (total length = 100000), the linear
time algorithm runs for less than 10 seconds.

The global prediction method takes about 5 minutes
to predict all sequence in the SWISSPROT database on a
Solaris machine. The local prediction methods require
more time than the global method. The best-domain
method and the multiple-domain method takes about 30
minutes and 40 minutes, respectively, to predict all se-
quences in the database. Given that the database contains
a large number of sequences, and that HMMs take much
longer to finish that, the running time of the two local
prediction methods is reasonable.

6 Conclusions

The probabilistic suffix tree has been shown to be a pow-
erful and efficient approach for protein classification.
The PST captures a common feature of natural sequences
called “short memory”, and can model rich sources with
high efficiency. Building a PST does not require multiple
alignment of sequences, and can be done in linear time.
In previous work, the PST model following a global pre-
diction approach has been demonstrated to perform well.
We introduce two variants of PST for local prediction
that are suitable for predicting partially conserved pro-
tein families. These two variants are shown to predict
more accurately than the global prediction method. Our
approach is also able to detect the boundaries of con-
served domain/motifs in the entire sequences. The lo-
cal prediction based on PST can be potentially applied to
other problems as well. It is possible to modify these lo-
cal prediction algorithms to extract unknown regulatory
elements from DNA non-coding regions.
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