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Abstract
Analyzinga set of protein sequencesinvolvesa fundamental
relationship betweenthe coherency of the set and the
specificity of the motif that describes it. Motifs maybe
obscuredby training sets that containincoherentsequences,
in part due to protein subclasses,contamination,or errors.
Wedevelop an algorithm for motif identification that
systematically explores possible patterns of coherency
within a set of protein sequences.Ouralgorithmconstructs
alternative partitions of the training set data, whereone
subsetof eachpartition is presumed
to containcoherentdata
andis used for forminga motif. Themotif is representedby
multiple overlapping amino acid groups based on
evolutionary, biechemieal, or physical properties. We
demonstrate our methodon a training set of reverse
transcriptases that contains subclasses, sequenceerrors,
misalignments,and contaminatingsequences.Despite these
complications,our programidentifies a novel motif for the
subclass of retrovirai and retrovirus-related reverse
transeriptases. Thismotifhas a muchhigher specificity than
previouslyreported motifs and suggests the importanceof
conserved hydrophilic and hydrophobicresidues in the
structureof reversetranscriptases.

Introduction
Finding patterns, or motifs, in protein sequences involves
two essential steps: assemblinga training set of sequences
with commonstructure or function and then analyzing the
training set for regions of conserved aminoacid residues.
Hence,the resulting motif dependscritically on the training
set used. In fact, there is a fundamental relationship
betweenthe coherencyof a training set and the specificity
of a motif. Whena training set contains incoherent
sequences, a motif must becomeless specific in order to
describe the entire set. A training set should ideally
contain a representative sample from a coherent class of
proteins, but obtaining a coherent set is complicated by
several characteristics of protein sequencedata:
1. Protein classes maycontain subclasses. Each subclass
may have a specific motif, whereas the entire class may
have no motif or only a very general one.
This work was supported in part by grants LM05716and
LM07033from the National Library of Medicine
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2. The training set maybe contaminated. Structural or
functional evidence for including a sequence in a training
set is often imprecise, so somesequencesin the training set
maynot belong with the others. A contaminating sequence
maymaska specific motif present in the other sequences.
3. Sequence data maycontain errors. Errors may arise
by misaligning a sequence, or by substituting, inserting, or
deleting an amino acid residue. Such errors may obscure
an underlying specific motif.
Because of these complications in the data, researchers
have developed compensatory methods for analyzing
training sets. One way to handle incoherent data is to
resort to probabilistic motifs [Henikoff &Henikoff 1991]
or profiles [Gribskov, Luthy, &Eisenberg 1990]. Profiles
have been used to generate training sets and identify motifs
simultaneously [Tatusov, Altschul, & Koonin 1994].
However,probabilistic representations give poor insight
into the structure or function of a protein. Moreover,
probabilistic methodsdo not recognize or reject incoherent
data, but rather incorporate them into their motif. Thus,
subclasses, contamination, and errors still lower the
accuracy and precision of probabilistic representations.
The alternative to probabilistic representations, discrete
motifs, use categorical amino acid groups to describe
sequences. Each aminoacid group is a disjunctive set of
amino acids permitted at a given position. However,the
choice of amino acid groups is problematic. Whenamino
acid groups are arbitrary, as allowed by the consensus
sequence method[Bairoch 1991], the space of possibilities
is enormous: For 20 aminoacids there are over a million
possible groups. Choosing amongthese possibilities with
statistical validity requires extremelylarge training sets.
But in practice, training sets usually contain fewer than 100
sequences, so motifs generated this way are highly
underdetermined. On the other hand, some methods
restrict the allowed collection of amino acid groups too
much. For example, the motif identification method of
Smith RFand Smith TF [1990] allows only one alphabet of
groups, which do not overlap: [DE],[KRH],[NO],[ST],
[VLI], [FYW],
[AGI,[P],[M],and[C].Butthishighly
limited collection of aminoacid groups maymiss important
patterns, such as the set of small hydrophobicaminoacids:
[VLIM]. Another discrete method [Saqi & Sternberg
1994], which finds protein subclasses through cluster
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Figure1 Searchtree for partitioning sequencedata. Eachnodein the tree contains twosets. The
first set, denotedby (), is the inclusionset. Thesecondset, denotedby { }, is the exclusionset.
Eachsequenceis processedsequentiallyandplacedin either the inclusionset or exclusionset.
analysis of subsequencesin the training set, is also limited
by its use of non-overlapping amino acid groups. In
addition, that methodcannot take advantage of information
contained in a multiple sequence alignment. Existing
discrete methods are generally weak because they employ
aminoacid groups that are not well foundedon the range of
knownbiochemical properties. One exception is work by
’Taylor [1986], whodoes use multiple overlapping amino
acid groups based on known properties. However, his
groups are based on a single Venn diagram of amino acid
relationships. Furthermore, the aminoacid groups at each
position mustcover the entire training set, so an incoherent
sequence can easily makehis motifs relatively nonspecific.
In this paper, we showhowprincipled aminoacid groups
can be used to handle the issues of subclasses,
contamination, and erroneous data. Wecontend that
regions are conserved precisely because they maintain
somebiochemical or physical constraints required for the
structure or function of a protein. Thus, we require that
amino acid groups be based on some evolutionary,
biochemical, or physical property, such as volume, charge,
or hydrophobicity.
Using these groups, our method
systematically explores possible patterns of coherency
within a training set. It constructs incrementallyalternative
partitions of the training set data into two subsets. One
’subset is presumedto contain coherent data and is used to
construct a motif, whereasthe other subset is presumedto
contain incoherent data and disregarded. The partitions are
compared with one another to find those that include as
many sequences in the training set as possible while
generating a motif that is relatively specific. Our work
builds upon previous work on partitioning methods in
automated problem solving [Wu1990].
We have implemented our method as a computer
program called SEQCLASS.
In thispaper, we describe
our
methodandpresent
theresults
of an example
takenfrom
theclass
ofproteins
called
reverse
transcriptases.
Thisisa
heterogenous
classof proteins
thatcontain
atleastthree
known
subclasses:
retroviral
reverse
transeriptases,
class
I
retrotransposons,
and classII retrotransposons.
Our
programis able to distinguish the fwst two subclasses from
.the third from the training set data without supervision.
Theresulting motif is highly sensitive and specific for this
set of retroviral and retrovirus-related reverse transcriptases
and gives insight into their structure.

The Algorithm
Training Set Data. Our method requires as input an
aligned set of sequences, taken from a class of proteins
with related structure or function. This training set maybe
aligned by somebiological measure, such as a binding site
or reactive center; by a probabilistic method, such as
GENALIGN;
or by a preliminary method for identifying
discrete motifs, such as the methodof [Smith HO,Annan,
& Chandmsegaran 1990].
Amino Acid Group Database. Our method also requires
a database of aminoacid groups. Each group represents a
set of amino acids that are closely related by some
functional or evolutionarycriterion. For instance, [ V L I H ]
represents the small hydrophobic amino acids. Amino
acids may belong to more than one amino acid group, and
amino acid groups may overlap or subsume one another.
Thus, the aminoacids can be groupedby multiple criteria,
such as charge, size, and hydrophobicity. Also, our
database includes a set of twenty singleton amino acid
groups, such as [ V ], each containing only one of the
twenty amino acids. Singleton groups enable the program
to detect exact conservationof an aminoacid at a position.
Search Space. Our method explores the space of
possible waysto partition the training set data into twosets.
The inclusion set contains sequences used to form a
possible motif, while the exclusion set contains sequences
presumedto be incoherent and therefore not used to form
the motif. The method processes each sequence in the
training set sequentially and constructs several partitions
incrementally. Given a new sequence, the algorithm can
modify each incremental partition in two possible ways:
placing the sequencein the inclusion set or placing it in the
exclusion set. This frameworkfor generating partitions
incrementally can be considered as a search tree, as shown
in Figure 1, with each node in the tree representing an
incremental partition.
Level n in the tree contains
incremental partitions of the first n sequences considered.
Each node at that level has an inclusion and exclusion set
that partition the fLrst n sequencesin a dLfferentway.
Motif Generation. Each node represents a possible
motif, which is a consensus of the sequences in its
inclusion set. To form the motif, each position is
considered independently. The set of residues occurring at
each position is comparedagainst the database of allowed
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Motif:

111111111122222222223
1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9 0 Chi-squareElements
Identity:
Y MD DI L A
1.6069E+5
Groupc:
X
8.2714E+0 PAGST
Groupe:
XX
3.2010E+2 QNED
Groupg:
XX
X
3.9114E+2 VLI
Grouph:
X
5.0293E+2 VLIM
Groupj:
X
2.5502E+3 FYW
Hydrophil: X X X
X X
X
XXX
1.5425E+1 PAGSTQNEDHKR
Significance(Motif):
49.462

Figure2 Example
of motif generation.Thefour sequencesin the inclusion set are aligned at the top. Themotif is generatedby comparing
the residuesat eachposition to the allowedaminoacid groups.Themostspecific groupor groupsthat applyat eachconsensusposition are
denotedby an X, unless a singleton groupapplies, in whichcase the correspondingletter is shown.Thechi-squaredvalue for a group
comparesthe numberof X’s observedto the numberexpected,assuminga randomset of sequences.This value indicates the statistical
significancefor that particular aminoacid group.Theoverallsignificanceof the motifis also computed
as discussedin the text.
aminoacid grou~. If the residues all fall within an amino
acid group, that group is said to apply to that position in
the motif, and the position is said to be a consensus
position. For example, if all residues in a given position
are either valine or leucine, then the amino acid group
[ V k I ] applies. Since aminoacid groups mayoverlap and
subsumeone another, more than one amino acid group may
apply, for example, the groups [ V L I ], [ V L I M], and
[CVLIMFYW].
In that case, we identify the most specific
anfino acid group, that which is subsumedby all others
(i.e., [ V L I ]). Note that there may be more than one
specific group. If [ C V L ] were present in our database,
both it and [ V L I ] wouldbe most specific. Weshowan
exampleof motif generation in Figure 2.
Generalization and Pruning. W’nenthe programackts a
sequenceto an inclusion set of an incremental partition, it
checks whether the sexluence already matchesthe motif for
that partition. If so, the programneither needsto revise the
motif nor needs to generate the alternative partition that
places the sequencein the exclusion set.
On the other hand, when a sequence is added to an
inclusion set and the motif is revised, the programattenkots
to transfer sequencesfrom the exclusion set to the inclusion
set, in a process called generalization. CJeneralization is
possible because the revised motif will necessarily be more
general than before. The revised motif may then match
somesequencesin the exclusion set that it previously could
not. Thus, after the program revises a new motif for a
given node, it checks each sequence in the exclusion set to
see if it matches the new motif. If so, it transfers the
sequencefrom the exclusion set to the inclusion set.
Because of this generalization step, the same partition
may be generated by more than one node. The program
therefore checks partitions at each level for duplicates and
removes, or prunes, them from the search tree. Pruning
also occurs when a revised motif no longer contains any
consensus positions. This situation signifies that the
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sequences in the corresponding inclusion set are mutually
incoherent and that no motif can be obtained by modifying
that partition any further.
Search Strategy. The space of possible partitions grows
as an exponential function of the size of the training set.
Exponentially large search spaces cannot be explored
completely for arbitrarily large training sets. Thus, only
part of the theoretical search space can be investigated.
Thereare several different strategies to explore large search
spaces. Wecurrently use a strategy called beam search.
This strategy sets an upper limit, called the beamwidth w,
on the numberof partitions at each level of the search tree.
The best w partitions at each level are used for generating
the next level of partitions.
SequenceOrdering. Search strategies can be affected by
the order in whichdata is presented to them. If the initial
data are skewed, the search algorithm may be biased
towards finding a locally optimal solution rather than a
globally optimal one. To help avoid this problem, we order
the sequences based on their homology to the other
sequences in the training set. The homologybetween two
sequences can be measured by summingthe accepted point
mutation (PAM)values [Jones, Taylor, &Thornton 1992]
over each pair of aligned amino acids. The search
algorithm begins with the "central" sequence, the one with
the greatest average homologyto the other sequencesin the
training set At each successive step, the algorithm then
processes the "next closest" sequence, the one with the
greatest average homology to the sequences already
processed.
Evaluation Function. A given partition of the sequence
data maybe better than others, perhaps because it includes
moresequencesfrom the training set or because its motif is
more specific. To determine which partitions are best, we
score each node numerically. The evaluation function we
currently use measures the goodness of a partition by
computing the probability that its motif would have
occurred in all sequencesin the inclusion set. Let s be the

numberof sequences in the inclusion set and let motif M
contain elements a i, where al is the most specific amino
acid group that applies at position i. If more than one
specific amino acid group applies, then the one with the
lowest probability is used. Wecomputethe probability of
each aminoacid group as the sum of the frequencies of its
constituent amino acids. The probability of the motif is
then the product of probabilities for the aminoacid groupat
each position:

where AAis an amino acid in the most specific group ai
and its frequency p(AA)is taken from some data source
(Wecurrently use the frequencies of aminoacids over the
entire SWISSPROT30 protein database).
Hence the
probability of the motif occurring in s sequences is
p(M)(~-0. Since the probabilities
are small and can
overrun the floating point capabilities of somecomputers,
we use the logarithm of the probabilities instead. Wecall
tiffs quantity the significance of the motif:
sig(M) = -(s- 1)log p(M)
Higher significance values indicate better motifs. Our
function therefore rewards motifs that identify several
consensus positions, contain specific aminoacid groups, or
include many sequences. Of course, other evaluation
functions could also be used with our method, perhaps ones
based on heuristic methodsor information theory.
Implementation.
We have implemented the above
algorithm in the Common
Lisp programminglanguage as a
program called SEQCLASS.To improve efficiency,
we
represent the set of aminoacid groups as a bit vector. For
each of the twenty amino acids, our program precomputes
all groups that the amino acid belongs to and stores the
resulting bit vector. Werepresent a motif as a list of
consensus positions and corresponding amino acid group
bit vectors. To revise a motif with a new sequence, our
programthen takes the intersection of the group bit vectors
for each amino acid residue in the sequence and for the
corresponding consensus position in the motif. Wealso
represent inclusion and exclusion sets as bit vectors, so that
duplicate partitions can be detected rapidly.
Experiment:

Reverse

Transcriptases

In order to test our program and demonstrate its
capabilities, we use an example taken from a previously
published method for motif identification
[Smith HO,
Annau, & Chandrasegaran 1990]. This example contains a
training set of 33 reverse transcriptases, reproduced in
Table 1. Reverse transcriptases are enzymes that create
DNApolymers from RNAtemplates and are hence also
known as RNA-directed DNApolymerases. Subclasses of
reverse transcriptases have been identified in molecular
biology. One subclass derives from retroviruses. Another
subclass, called class I retrotransposons, are found in
eukaryotic cells, including yeast, Drosophila, plants, and

mammals. These enzymes are also known as retrovirusrelated reverse transcriptases.
Both retroviral and
retrovirus-rclated reverse transcriptases have terminal
repeat sequences at both ends. A third subclass, called
class II retrotransposons, lacks these terminal sequences.
Noreverse transcriptase product from this subclass has yet
been demonstrateddirectly, although reverse transcriptase
activity has been presumed from sequence homologywith
the other subclasses. In fact, homologyamongall three
subclasses has been noted in the literature. However,no
motifs for the class or subclasses are listed in the PROSITE
database, and we were unable to f’md any motifs for any
subclasses in the literature.
The motif identification
programin the original paper discoveredthe pattern Y. I3 D,
and the literature mentions
that YMI3I) andY[ VI_ I M] DDare
commonpatterns.
Wecheckedthe identity and accuracy of the training set
by comparing each sequence with the BLASTsequence
alignment program [Altschul et al. 1990] against the
SWISSPROT
(version 30) and Protein Identification
Resource (PIR, version 42) databases. One sequence,
labeled ERVH
in the original paper, could not be found in
either database but was identified
as HUMER41
by
translation of nucleic acid sequences in the GENBANK
database. Four sequences could not be found as written,
but had close matches. Sequence POBOhad an isoleucine
in position 20, while its closest match, POL_BLVJ,
had a
tyrosine in that position. Likewise, sequences IFAC,INGT,
and TYEY1 each had close matches with database entries
B26330, $28721, and YCB9_YEAST,
respectively, with the
exception of three to four residues each. These mismatches
may represent strain variants or, more likely, sequence
errors. In particular, the four residue errors in IFACcould
be explainedby a deletion of a serine residue in position 4.
Twosequences, HLINand MLIN,were found to be poorly
aligned. Their corresponding sequences, LINI_HUMAN
and POL2_MOUSE,
each have a pair of adjacent aspartate
residues which are aligned most appropriately
at
positions 16 and 17. Thus, we believe HUNwas aligned
incorrectly at 7 residues too far to the left and mlin at 34
residues too far to the fight. The correct alignments are
shown in Table 1. The sequences in our example come
from different subclasses of reverse transeriptases.
Thirteen of the sequences are reverse transcriptases from
retroviruses, eleven are class I retrotransposons, and six are
class II retrotransposous.
Of the remaining three
sequences, two sequences are misaligned so muchas to be
uninformative, and one sequence, HEPB,is miselassified,
since it is a DNA-direetedDNApolymerase rather than an
RNA-directed one.
Despite these errors, the sequences were given as input
to SEQCLASS
exactly as presented in the original paper.
This enabled us to test the robustness of our algorithm to
subclasses, contamination, and misalignment and sequence
errors. The algorithm used a PAMvalue of 150 to measure
the homology between sequences for ordering them. The
resulting ordering is shownin Table 1. Weset the beam
width to 1000, and used the amino acid group database
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Table 2 Database of aminoacid groups. Theseaminoacid groups were taken from evolutionary and
functional studies by (1) [Jimenez-Montano& Zamora-Cortina1981], (2) [Miyata, Miyazawa,&
Yasunaga1979],and (3) [SmithRF&SmithTF1990]. In addition, the databasecontaLassingleton amino
acid groupsfor eachof the twentyaminoacids.
shown in Table 2. Wecompiled the program using Lucid
Common
Lisp version 4. I. 1 on a SUNSpa_reServer 1000
running the Solaris 4.3 operating system. The example
required 253 seconds of CPUtime.

Results
The ten highest-scoring motifs found by SEQCLASS
are
shown in Table 3. Each motif was constructed from a
partition of the 33 sequences in the training set, and this
partition is also shownfor each motif. All of these highscoring motifs excluded the sequences that were
misaligned, namely, HLINand MLIN.They also excluded
the class II retrotransposons QXB1,IFAC, C2IS, INGT,
FE2D, and MAUP.These retrotransposons all contain the
pattern YADD
at positions 14 through 17; apparently the
program
determined that generalizing the [VLIM] group at
position 15 to include alanine would have reduced the
significance
of the motif too much. The class I
retrotransposon TYEY1 was also generally excluded by our
motifs, although motifs 8 and 9 did include it by
generalizing the aminoacid group at position 14 from [Y ]
to [FYW]. Other sequences that were excluded from at
least one of the ten highest-scoring motifs were the class I
retrotransposons HERV,412D, and TYS2;the contaminating
sequence HEPB;and the retroviral reverse transcriptase
VILV.The ten motifs included all other retroviral reverse
transcriptases.
Note that the excluded sequences were
generally ordered by the algorithm to be processed near the
end. Thus, these sequences have a PAM-basedhomology
that is generally distant from the other sequences.
However, the homologycriterion predicted the excluded
sequences only approximately. For instance, although the
misaligned sequence HUNwas excluded from all of the ten
highest-scoring motifs, the retroviral sequence CAMV,
which was judged to have less homology, was included in
all of those motifs. In addition, the third sequence
processed, the human sequence HERV,was excluded in
three of the ten highest-scoring motifs.
Wenoted that our partitions generally included retroviral
reverse transcriptases and class I retrotransposons, but
excluded class 11 retrotransposons. Thus, we hypothesized
that our motifs might identify these two subclasses of
reverse transcriptases.
To test this hypothesis, we
assembled a "gold standard" list of retroviral
and

retrovirus-related reverse transcriptases. Weused the
IntelliGenetics
program FINDSEQto obtain all 137
sequences in SWISSPROT
30 that contained the annotation
"RNA-directed
DNA polymerase".
We removed 29
sequences for which only fragments were known and 11
sequences that were class H retrotransposons, namely,
LINI_HUMAN RT16_MYXXA RTJK DROFU
LINI_NYCCO RT65_MYXXA RTJZ_DROME
RDPO_SCEOB RT67_ECOLI
RTP2_TRYBG
RRPO_OENBE RT86_EC~LI
One sequence, POLB MAIZE, lacked any region of
homologyto the othersequences and was also deleted from
the list. Another knownclass I retrotransposon, copia
protein in Drosophila melanogaster (COPI_DROME),
was
also added to the list. The remaining 95 sequences are
shown in Table 4. We noted that some sequences were
duplicates over the region of 30 residues contained in our
list. These sequences generally represented variations
betweendifferent strains of the sameorganism. In order to
avoid overweighting these duplicate sequences, we formed
a second list of "distinct" retroviral and retrovirusassociated reverse transcriptases. In order to be considered
distinct, a sequencehad to differ from all other sequences
in the list by at least one of the 30 residues in the region of
interest. Thirty sequences were found to be duplicates, as
shownin Table 4, leaving 65 distinct sequences.
For each of the ten highest-scoring motifs, we used the
InteUiGenetics program QUEST
[Abarbanel et al. 1984] to
search for matching sequences in the SWISSPROT
30
database. For both the unmodified gold standard list and
the distinct sequences, we tabulated true positives TP
(sequences that both matchedthe motif and appeared in the
gold standard list), false positives FP(those that matched
the motif but did not appear in the gold standard list), and
false negatives FN(those that appearedin the gold standard
list but did not matchthe motif). Also, for the measureson
the distinct sequences, we counted only distinct false
positive hits. Weused these quantities to compute the
sensitivity (TPI(TP+FN))and positive predictive value
(TPI(TP+FP))for each motif. False positive sequences
were generally found to be viral DNApolymerases, most
commonlyDPOL_HPBVI,
DPOLWHV
1, and their variants.
Table 5 shows that the motifs generated by SEQCLASS
had reasonably high sensitivity and specificity. Motif 1
had a sensitivity of 91%and apositive predictive value of
Wu 407

Signif
1 149.34
2 149.34
3 148.61
4 147.46
5 146.58
6 146.26
7 146.26
8 146.14
9 146.14
10 146.13

Motif
#Seqs Sequences Excluded
11111111112222 Incl
8901234567890123
o..YhDDgoo.li 22
HEPB, 412D, HLIN, TYEY1 , QXBI, IFAC, C2IS, INGT, MLIN, FE2D, MAUP
i...o.YhDDgoo.1
HLIN, VLVP, TYEY1, TYS2, QXB1, IFAC, C2IS, INGT, MLIN, FE2D, MAUP
22
YhDDgoo.1
HLIN, TYEY1, QXB1 , IFAC, C2IS, INGT, MLIN, FE2D, MAUP
24
HEPB, 412D, HLIN, VLVP,TYEY1, TYS2, QXBI, IFAC, C2IS, INGT, MLIN, FE2D, MAUP
i..oo.YhDDgoo.li 20
HERV,HUN, TYEYI, QXBI, IFAC, C2IS, INGT, MLIN, FE2D, MAUP
YhDDgog.1
23
HERV, HEPB, 412D, HLIN. TYEYI, QXBI, IFAC, C2IS, INGT, MLIN, FE2D, MAUP
o..YhDDgog.li 21
HERV,HLIN, VLVP, TYEYI, TYS2, QXB1, IFAC, C2IS, INGT, MLIN, FF~D, MAUP
i...o.YhDDgog.1
21
HLIN, VLVP, TYS2, QXBI, IFAC, C2IS. INGT, MLIN, FE2D, MAUP
i...o.jhDDhoo.1
23
o..jhDDhoo.li 23
HEPB, 412D, HUN, QXB1, IFAC, C2IS, INGT, MLIN, FE2D, MAUP
YhDDgoo.li 23
412D, HUN, TYEY1, QXB1, IFAC, C2IS, INGT, MLIN, b’E2D, MAUP

Table3 Highestscoringmotifs for reverse transcriptases. Lowercase
motif symbolsare explainedin Table2.
92%for distinct sequences. These values were slightly
different for the unmodified gold standard list, due to
weighting by multiple strains of the same organism.
Motif 7 retrieved only half of the gold standard sequences.
This gave it a low sensitivity but a high positive predictive
value. This motif may perhaps identify a even more
specific subclass of sequences. Initial analysis showsthat
it selects all retroviral sequences from HLTV-II,but none
from HLTV-I.
For comparison, we tested motifs from the literature
(results also shownin Table 5). The paper by Smith
and associates [1990] that originaUy presented the example
found the motif Y. DD.However,this motif is not specific.
It retrieves over 1700 sequences in SWISSPROT
30, of
which only a small fraction are reverse transcdptases, let
alone subclasses of reverse transcriptases.
Other
researchers have noticed that position 15 is generally a
small hydrophobic amino acid, but the motif Y[VLIM]DD
still retrieves over 600 sequences. The motif YMDD,which
occurs in most reverse transcriptases, increases the positive
predictive value to 54%but lowers the sensitivity to 69%.
The insight provided by our motifs is that the region of
consensus extends beyond the previously recognized four
residues at positions 14 through 17. Our motifs all have a
consensusat position 18, usually [ V L I ]. Furthermore,our
motifs identify consensus positions of hydrophilicity and
hydrophobicity. Within the motifs, position 11 or 12 is
generally hydrophobic and positions 19 and 20 are always
hydrophobic. Position 22 and sometimes position 23 are
hydrophilic. These residues contribute greatly to the
specificity of the motifs. To demonstratetheir importance,
we formedpartial motifs, where the consensus positions for
hydrophilicity
and hydrophobicity were removed. As
shown in Table 5, these motifs had muchlower positive
predictive values, indicating how important hydrophilic
and hydrophobicresidues are in identifying retrovirus and
retroviral-related reverse transcriptases.

Discussion
The experiment carried out here demonstrates the powerof
conserved properties and partitioning methods in motif
identifcation. Our program SEQCLASS
discovered a novel
408
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motif for retroviral and retrovirus-related
reverse
transcdptases, a class of proteins for which no motif yet
exists in the PROSITE
database. Reverse transcriptases
have received much scrutiny in biology and medicine
because they play a critical role in the pathogenesis of
acquired immunodeficiency syndrome (AIDS). Our motif
exhibits regions of hydrophilicity and hydrophobicity
outside the previously recognized region for reverse
wanscdptasemotifs. These adjacent regions give the motif
improvedspecificity and maybe important in the structure
of reverse transcriptases.
These regions were found
because our method allows multiple overlapping amino
acid groups and can disregard incoherent data.
Weanticipate several possible applications for our
method. Given a training set, our method can identify a
spectrum of motifs with varying levels of sensitivity and
specificity.
Alternatively, if the training set were
assembled using a preliminary motif, our methodcould be
used to refine or extend the motif. Our methodmayalso be
used to detect inconsistent data. Moreover,such apparently
inconsistent data mayindicate the presence of protein
subclasses. Motifs for these subclasses might be identified
by running our program subsequently on the set of
excluded sequences.
In theoretical terms, our work adds newconcepts to the
field of motif identification. Oneconcept is the need for
robustness to errors, which are not uncommon
in molecular
biology. As a case in point, the example taken from the
literature and used in this paper contains various errors.
Probabilistie motifs and profiles maytolerate errors, but
they allow these errors to degrade the result. Our methodis
not only tolerates errors, but also identifies and rejects them
in order to obtain a morespecific motif.
Another concept is the use of principled amino acid
properties not merely to represent motifs but also to
analyze the training set data for coherency. Weeffectively
use knowledgeabout evolutionary, biological, and physical
properties to help determine whether positions are
conserved and whether sequences are incoherent. Our
programcurrently only has a preliminary set of aminoacid
groups. The performance of our program may improve
when other amino acid groups are added to the database
[Kidera et al. 1985, Taylor 1986].

Name
COPI_DROME
POLl_HUMAN
POIA_DROME
POIA_MOUSE
POL3_DROME
POL4 DROME
POLR..DROME
POLX_TOBAC
POLY_DROME
POL_BAEVM
POL_BIV06
POL BLVAU
POL BLVJ
POL_CAEVC
POL_CAMVC
POL_CERV
POL_COYMV
POL_EIAV9
POL_FENV1
POL_FIVPE
POL FIVT2
POL_FMVD
POL_FOAMV
POL_GALV
POL_HTLIA
FOL_H’ILIC
POL_HTLV2
FOL_HVIA2
POL_HVIBI
POL_HV1EL
POL_HVIJR
POL HVIMA
POL HVIU4
POL_HV
1 Y2
POI.,_HV2BE
POL_HV2CA
POL_HV2D2
POL_HV2NZ
POL_HV2RO
POL_HV2SB
POL_HV2ST
POL_IPHA
POL_IPMA
POL_IPMAI
POL JSRV
POL_MLVFF
POL_MMTVB
POL_MPMV
POL_OMVVS
POL RSVP
POL_.RTBV
POL SFVl
POL_SFV3L
POL_SIVAI
POL_SIVAG
POL_SIVA!
POL SIVAT
POL SIVCZ
POL_SIVGB
POL_SIVMK
POL SIVSP
POL SMRVH
POL_SOCMV
POL_SRVI
POL_VILV

1074
182
350
713
351
459
566
995
326
327
326
148
148
316
388
371
1551
355
184
325
324
381
102
326
174
174
259
325
337
324
329
324
324
325
373
353
373
353
354
353
373
166
177
96
180
334
174
180
292
167
1326
311
313
361
364
382
349
334
374
340
177
345
180
311

S~uen~
Duplicate Sequences
DKGNINENIYV LLYVDDVVIATGDMTRMNN
PVREKFSDCY
I I HYI DDI LCAAETKDKL
ID
N I LRPLLNKHC
LVYLDDI I I FSTSLTEHLN
GIQIGKEEVKISLLADDMIVY
I SDPKNSTR
DI LRPLLNKHC
LVY LDDIIV FSTSLDEHLQ
IAFSGI EPSQAFLYMDDL
I V I GCSEKHMLK
GAKVGNAITNAAAFADDLVLFAETRMGLQV
KRFSENNFIILLLYVDDMLIVGKDKGLIAK
DVLREQIGKICYVYVDDVIIFSENESDHVR
DFRTQHPEVTLLQYVDDLLLAAPTKKACTQ
N I KKSHPDVMLYQYMDDLL
I GSNRDDHKQI POL._BIV27
QVSAAFSQSLLVSYMDDI
LYVSPTEEQRLQ
OVSAAFSQSLLVSYMDDI
LYASPTEEQRSQ
DWIQQHPEIQFGIYMDDIY
I GSDLEIKKHR
DEAFRVFRKFCCVYVDD
I LVFSNNEEDHLL POL_CAMVD,POI. CAMVE,POL_CAMVN,POL_CAMVS
NSHSNQYSKYCCVYVDDI
LVFSNTGRKEHY
DNVFKGTEKFIAVY
IDD I LV FSETAEQHSQ
PFRERYPEVQLYQYMDDLFVGSNGSKKQHK POL_EIAVC,POL_EIAVY
DFRTQHPEVTLLQY
VDDLLLAAPTKEAC
I R
PFI RQNPQLDIYQYMDDIY
IGSNLSKKEHK POL_.FIVSD
PFI KQNSELDIYQYMDDI
Y IGSNLNKKEHK
QTALNGADKFCMVYVDD
I I V FSNSELDHYN
VVDLLKEIPNVQVYVDDIYLSHDDPKEHVQ
PFRALNPQVVLLQYVDDL LVAAPTY
EDCKK
PI RQAFPQCT
I LQYMDDI LLASPSHEDLLL
P I RQAFPQCT
I LQYMDDI
LLASPSHADLQ
L
PMRKMFPTSTIVQYMDDILLASPTNEELQQ
PFRKQNPDIV IYQYMDDLYVGSDLEIGQHR
PFKKQNPDI
V IY.QYMDDLYVGSDLEIGQHRPOL_HVIB5,POL HVIBR, POL_HVIH2, POL_HV1MN
POL HVIN5, POL_HVIOY, POL_HVIPV
PFRKQNPEMVIYQYMDDLYVGSDLEIGQHR
PFRKQNPDIIIYQYMDDLYVGSDLEIGQHR
PFRTKNPEIVIYQYMDDLYVGSDLEIGQHR POL__HVIND,
POL._HVIRH, POL_HVIZ2
PFRSQHPDIVIYQYMDDLYVGSDLEIGQHR
PFRKQNPDLVIYQYMDDLYVGSDLEIGQHR
PFRKANPDVILIQYMDDILIASDRTGLEHD POLHV2DI,POL_I-IV2GI
PFRKANSDVIIIQYMDDILIASDRTDLEHD
PFRKANSDVIIIQYMDDILIASDRSDLEHD
PFRKANEDVIIIQYMDDILIASDRTDLEHD
PFRKANKDVIIIQYMDDILIASDRTDLEHD
PFRKANPDVIIVQYMDDILIASDRTDLEHD
PFRKANPDIILIQYMDDILIASDRTDLEHD
PIRKQFTSLIVIHYMDDILICHKELDVLQK
PVREQFPSLILLLYMDDILLCHKELTMLQK
PVREQFPSLILLLYMDDILLCHKDLTMLQK
PVRQRFPQLYLVHYMDDILLAHTDEHLLYQ
DFRIQHPDLILLQYVDDLLLAATSELDCQQ POL_MLVAV,
POL_MLVF5,POL_.MLVM,POL_MLVRD
TVRDKYQDSYIVHYMDDILLAHPSRSIVDE
KVRHAWKQMYIIHYMDDILIAGKDGQQVLQ
DWIAKHPMIQFGIYMDDIYIGSDLDIMKHR
PLRLKHPSLCMLHYMDDLLLAASSHDGLEA
MQESFGDLKFALLYIDDILIASNNEKEHIE POL RTBVP
VVDLLKEIPNVQAYVDDIYISHDDPQEHLE
VVDLLKEVPNVQVYVDDIYISHDDPREHLE
EIKKELKQLTIVQYMDDLWVGSQEEGPKHD
EIKKELKPLTIVQYMDDLWVGSQEDEYTHD
EIKRHTPGLEIVQYMDDLWLASDHDETRHN
EIKRNLPALTIVQYMDDLWVGSQENEHTHD
PFREKNPDITIYQYMDDLYVGSDLEIDQHR
VFRKNHPTVQLYQYMDDLFVGSDYTAEEHE
PFRKANPDVTLVQYMDDILIASDRTDLEHD POL_SIVMI
PFRKANPDVTLIQYMDDILIASDRTDLEHD POL SIVS4
PVRSQWPEAYILHYMDDILLACDSAEAAKA
DQSLKGLDHIYLAYIDDILIFTKGSKEQHV
KVRHAWKQMYIIHYMDDILIAGKDGQQVLQ
GWIEEHPMIQFGIYMDDIYIGSDLGLEEHR POL_VILVI, POL_VILV2,POL_VILVK

Table 4 Goldstandard list of reu’oviral and retrovirus-related reverse transcriptases. The SWlSSPROT
30 locus namesfor distinct sequences
are listed in the left column.Locusnamesfor duplicate sequencesover the region of 30 residues are listed in the right colunm.
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Motif
N
From thell~ra~:
Y.DD
Y[VLIM]DD
YMDD
From

s~:
o..Y[VLIM]DD[VLI]oo.ii
i...o.Y[VLIM]DD[VLI]oo.i
Y[VLIM]DD[VLI]oo.i
i..oo.Y[VLIM]DD[VLI]oo.ii
Y[VLIM]DD[VLI]o[VLI].i
o..Y[VLIM]DD[VLI]o[VLI].ii
i...o.Y[VLIM]DD[VLI]o[VLI].i
i...o.[FYW][VLIM]DD[VLIM]oo.i
o..[FYW][VLIM]DD[VLIM]oo.ii
Y[VLIM]DD[VLI]oo.ii

Parti~ (wRhouthydrophmci~orhydrophobid~):
Y[VLIM]DD[VLI]
Y[VLIM]DD[VLI].[VLI]
[FYW][VLIM]DD[VLIM]

AllSequences
Sens
PPV

Distinct Sequences
N
Sens PPV

1716
609
119

.98
.98
.69

.05
.15
.54

**
**
81

.69

99
102
118
85
115
96
49
104
101
116

.93
.83
.96
.82
.93
.89
.46
.83
.94
.95

.90
.78
.72
.93
.77
.92
.98
.77
.89
.78

64
61
73
53
70
58
35
62
66
71

.91
.82
.94
.80
.89
.86
.52
.81
.92
.92

.92
.87
.84
.98
.83
.97
.97
.85
.91
.85

203
136
337

.97
.94
.98

.45
.65
.27

158
95
291

.95
.91
.97

.39
.61
.21

.54

Table5 Sensitivity and positive predictive value of motifs. Legend:N: Number
of sequencesin SWISSPROT30 that match
the motif; Sens= Sensitivity; PPV= Positivepredictivevalue; ** = Toomanymatchesto identify distinct sequences.
The techniques of using principled amino acid groups
and identifying incoherent data work synergistically.
Coherent data indicates the constraints that mayhold in a
protein, and conversely, those constraints indicate which
data maybe incoherent. Moreover,our work illustrates the
interplay between finding patterns within sequences and
finding patterns of sequences. Protein sequence data that
are incoherent often appear randomand unstructured. It is
only when coherent patterns of sequences are assembled
and analyzed that specific patterns within the sequences
appear.
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