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Abstract
Molecularsequencemegaclassitication is a techniquefor
automatedprotein sequenceanalysis andannotation. Implementationof the methodhas been limited by the need to
store and randomlyaccess a ~_ t~base of all the sequence
pair similarities. Morethan 80,000protein sequencesare
nowpresentin the public _databases,andthe pair similarity
data table for the full protein sequencedatabaserequires
over 1 gigabyteof storage. In this paper wepresenta comImtationallyefficient representationof groupsbasedon a
graph theory approach where sequence clusters are
described by a minimalspanningtree of highest scoring
similarity pairs. Thisrepresentationallowsa classification
of N proteins to be stored in order(N)memory.Theuse
this minimalspanningtree representationsimplifies analysis of groups,the descriptionof groupcharacteristics and
the manualcorrectionof artifacts resulting fromfalse hits.
Thenewtree representationalso introducesnewpossibilities for artifact generationin sequence
classiftcation. Metheds for detecting and removing these artifacts are
discussed.
Introduction
Megaclassification
of protein sequencesis a useful tool for
molecularsequenceanalysis (Hunter, Harris, and States,
1992;Harris, Hunterand States, 1992).Megaclassification
involves automaticallydividing a large sequencedatabase
into a collection of groupsof related subsequences.These
classes describe the database well with few ambiguously
assignedsequencesegmentsandclear distinctions between
sequenceclusters. Eachgroupof protein subsequencesmay
be associatedwitha particularfunctionin the cell, andthus
the classification can be usedto predict the possiblefunction of a novelprotein.
Theimplementation
of massiveclassification is computationally demanding.Althoughalgorithmic speed is
important,the mainpractical limitation is space complexity. Wedevelopeda massiveclassification algorithm,called
HHS(Hunter, Harris, States, 1992), that can be used
classify very large sequencedatabases. I-IHS assembles
sequence groups by using a sequen~-comperison tool
called BLAST
(Altschul et al 1990), whichgenerates pairwisesimilarity informationfor all pairs of sequencesin the
database. Asthe groupsare assembled,the pair similarity
database must be available for randomaccess. This pair
database requires over 500 megabytesof storage for the
current sequencecollections and growswith the squareof

the numberof sequences.Tomakemassiveclassification a
feasl"ble calculation, the pair informationmustreside in
RAM;
the five order of magnitudetime penalty required to
access magneticdisks is prohibitively slow. Thesespace
requirementsare the mainimpediment
to workin this area,
so wesoughtto developalternative algorithmsfor massive
classification with reducedmemory
requirements.
A secondissue that arises in the practical use of the
HHSalgorithmis its susceptibility to overaggregationdue
to false positive similarity judgments.Ouralgorithmdoes
an approximatetransitive closure on the similarity judgments, anda single false positive is enoughto mergetwo
unrelatedgroupsof sequences.Wetake a variety of steps in
the clustering algorithmto avoid this problem,including
the use of sequence
filters that eliminaterepetitive andlowentropy sequences, such as XNU(States and Claverie,
1993) and seg (Woottonand Federhen,1992). Theuse
these filters dramaticallyreducesthe number
of high scoring false positive alignmentsgeneratedin the courseof a
sequencedatabaseself-comparison.However,these filters
do not completelyeliminatefalse positives. Theproblemis
compounded
by the fact that false positives often occur in
sets. If a high scoring alignmentis seen betweentwomembers of biologically unre!~__tedsequenceclasses, sequence
correlations within the classes often implythat manyhigh
scoring alignments will be observed between closely
related membersof the two classes. That meansthat
increasing the stricmess of the similarity measure(e.g.,
increasingthe number
of similar sequencesrequired for two
groupsto be merged)does not solve the problem.Although
testing of the methodon synthetic data showsthat this
problemoccursin fewerthan 1%of groups(Hunter, Harris
& States, 1992), current d_~tabasesproducemanythousand
groups, andoveraggregationdoes occur.
Becausethe numberof overaggregatedgroups can be
expectedto be relatively low (a few dozenout of thousands), it is plausibleto identify incorrectlymerged
groups
manually.However,this has provento be a difficult task
because of the size and complexity of the individual
classes. Theoveraggregated
groupsare goingto be the largest ones, and these can include several thousandsequences
andmillionsof similarity pairs. Wesoughta methodof representingthese largegroupsthat wouldclarify the sequence
relationships within themand that wouldallow manual
reviewersto morereadily identify andeliminatefalse positive hits andfalsely mergedsequenceclasses.
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A third related problemis that of howto build a total
order over the membersof each group. In contrast with
manyclassification tasks, the classes or groups formedby
our programdon’t have obvious definitions: each group is a
set of protein subsequeneesthat have been found to resemble each other. The similarity relationships within groups
are often complexand are not guaranteedto be entirely selfconsistent. Each sequence in a given class resembles some
other sequence in the class; that is how they ended up
together, but this maynot be sufficient to generate a complete order of all the sequencesegmentsin a class. In particular, the process of hit assemblyprior to clustering allows
the possibility of cyclic graph formationduring the clustering phaseof the HI-ISalgorithm (Hunter, Harris, and States,
1992). If an unambiguousordering could be generated, this
ordering could be used to align all sequences in a group
with each other, and we could fill in a consensusfrequency
matrix that showsthe frequency of each aminoacid at each
position along the set of sequences.If desired, this could be
used to represent the class as a single consensus sequence
by taking the most common
amino acid at each position.
To address these multiple issues, we have developed an
alternative classification algorithm which uses a minimal
spanning tree of similarity relationships to build sequence
classes. This approach dramatically reduces the random
access memoryrequirements needed to implementthe classification. In addition, the minimalspanningtree provides a
more compactview of sequence relationships within a family that is useful in identifying false hits and removingthem
from the classification. Finally, it provides a methodfor
unambiguously ordering the sequence segments within a
group. In this paper we will describe the minimalspanning
tree classification algorithmin greater detail, we will compare classifications generated by this approachwith classifications generatedstoring the full pair similarity set, we
will showhowthis representation can be used to facilitate
manualediting of classifcafions, and we will discuss classification artifacts whicharise as a result of using this representation.
Protein Sequence Megaclassification
AlthoJgh manyprotein families and functional domainsare
known,manymore have not yet been recognized, and there
are errors and disagreementsover someof the existing deftnitions of families and domains. In previous work, we
reported on I-IHS, our algorithm for automatic clustering of
large protein sequence databases. Our algorithm was
applied to the largest collection of protein sequencesthat
we could assemble, totaling about 17,000,000 aminoacids.
This classification resulted in the identification of more
than 10,000 groups of protein subsequences, including ramflies, domains,and someartifacts.
In this section, we describe the frameworkwe use for
classifying these _da!abuses,and introducesomeof the difficulties involved. Figure 1 showsa data flow representation
of the classification process.
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~8ure 1. Data flow in the HHS algorithm
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Binary similarity judgments are found using BLAST
(Altschul et al 1990) to search the molecular sequence database
against itself to generate a database of all similar sequence
segments. These are assembled into sequence similarity
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BLAST
is a computationally efficient sequence similarity search tool that producesa list of statistically significant ungappedsimilarity segmentsfor a pair of sequences,
called the query and the subject (Altschul et al 1990).
used BLASTto search the molecular sequence database
against itself to generate a list of all similar sequencesegments. Biologically occurring insertion and deletion mutations maybreak a single region of similarity into several
segments, each of which appears as a separate BLAST
hit.
The HHSalgorithm compensatesfor this hit fragmentation
by assemblingtogether hits that belong to the same region
of similarity. Overall, the database search phase of the cal2) time, but the database of
culation requires orderfNs~quence
similarities can be stored arid updated incrementally.
Clustering AssembledHits
After the assembly phase, the BLASThits have been
reduced to a somewhatsmaller number of assembled hits.
Wenowwant to group these assembled hits into equivaleuce classes, formingthe transitive closure of the pairwise
similarity judgments. Hits that should be groupedtogether
may have "ragged ends," and be of somewhat different
lengths.
Hits belong in the samegroup if they refer to the same
region of similarity. In order to be groupedtogether, two
hits should demonstratesignificant overlap, but they need
not coincide exactly. The non-overlapping portions of the
hits are referred to as overhang.
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larity into an existing group. In large groups, muchof this
similarity data is redundant; since all of the segmenlsin a
group are, by definition, related to each other, the waysin
whichthey are related are also similar. The numberof similarity judgements that must .be saved is ~oml Io the
square of the number of group members. Figure 3. shows
that for large groups, the pair similarity dumselcan be very
large.
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hits establish equality relations across proteins; the query ~qd subject portions of a hit are nonrandomlysimilar. Constructing groups, is a matter of building
the lransitive closure of the similarity judgmentsprovided
by BLAST.The ragged ends issue complicates the determination of whethertwo regions (within a protein) are in fact
the same, and, therefore, whetherhits that include those two
regions should be placed, in the same group. Building
equivalence classes is then a matter of determining when
two hits contain references to the same region. However,
there are several complications that makebuilding the Wansitive closure difficult. BLAST
searching is probabilistic
and therefore noisy. It can miss regions of similarity, and it
can fragmenta single region of similarity into multiple hits.
Also, BLASThandles approximate matches in the content
of the sequences, but it requires exact registration for
matching, and its matches have Coted extent. Weneed to
build groups that have approximatelymatchingextents, and
wherethe registration betweenregions of similarity is not
peffecL
HI-ISaddress these issues by storing all of the similarity judgments about a sequence segment throughout the
clustering calculation. Each new similarity judgement is
tested against all of the previouslysaved similarities to see
if any of themare consistent with clustering this newsimi-
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Figure 3. showsthe distribution of the numberof members per group in classification of the NCBInon-redundant
sequence database (NRDB).The X-axis is on a logarithmic
scale. The vast majority of groups contain only a few members, while a small numberof groups have manymembers;
the largest groupcontains over 2 million hits.
A small numberof very large clusters account for most
of the memoryrequired to run the HHSalgorithm. As Figtire 4. demonstrates, these large groups are inefficient in
terms of storage required per sequence.
The figure shows that a few large groups include the
vast majority of similarity relationships, and the numberof
similarity values in these groups is out of proportion to the
numberof membersthey contain. This observation led us to
modify our clustering methodto reduce this redundancy.
The modification also has salutary effects on the memory
required to cluster and the humancomprehensibility of the
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results, and provides a mechanismto impose a total order
on the membersof each group.
ComputationallyEfficient Class Representation: The
HHS/MSTAlgoritlun
It occun~to us that most of the similarity data saved for
large groups was redundant, and it was clear that the storage of this excess data was limiting our ability to classify
increasingly larger sequence databases. Recall that HHS
works by approximatetransitive closure: If a to-be-classified sequenceis similar to a single memberof a group, it is
addedto that group; if it is similar to members
of morethan
one group, those groups are combined. HHSkeeps track of
all the similarity relationships betweensequencein a group
(by definition, there are no similarity relationships outside
group). The hope was that we could reduce this storage
requirementby keeping only a subset of the similarity relationships within group, rather than all of them. The most
aggressive wayto do this is to keeponly one similarity relationship for each memberof a group.
If we take this aggressive approach, we can throw
awayall but one of the similarity relationships betweenthat
sequence and the other membersof its group. Whichsimilarity relationship should be kept? The highest scoring similarity pair for a sequence is an obvious candidate as the
relationship to store. Thereare several reasons for choosing
this pair. The sequence pair with the highest similarity
score is likely to have diverged least evolutionarily. Since
the information content of a sequence alignment decfines
with evolutionary divergence (Dayhoff et al, 1978; Altschul, 1990), the highest scoring pair is the most informafive. Since the information content of the alignment is
greatest, the highest scoring pair is likely to give the most
accurate estimate for the endpoints of the aligned segments.
Thehighest scoring pair is the similarity pair least likely to
miss a region of similarity distal to an insertion or deletion
mutation. The numberof insertion and deletion mutations
in an alignment correlates with the numberof substitution
mutations; high scoring pairs are likely to have fewer of
each. If an insertion or deletion event has occurred in a
closely related sequence pair, the distal segmentsare most
likely to be recognizablefor the most similar sequencepair.
To recognize a sequence segment as a memberof a
particular group, the segment must demonstrate similarity
to a single memberof the group. HI-IS stores all of the
sequence similarity relationships within every class, and
thus additional similarity relationships maymodifythe endpoints of the segmentthat is assigned to the sequenceclass.
In somecases a newsimilarity relationship maybe consistent withsome,but not all, of the similarity hits already in a
group. Testing a newhit against only a subset of the similarity d~_ta might, therefore, alter the groupto whicha segmentis assigned, but in practice such cases are rare. To test
howlimiting the amount of similarity data stored might
affect classifications, we implementeda classification in
whichonly a single similarity relationship was retained for
each new sequence segment.
390
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The memoryrequirements and computational complexity of the classification algorithm can be analyzed by
graph theory. Sequence segments may be considered to he
nodes, and similarity relationships maybe viewedas edges
with the length of an edge heing inversely proportional to
the similarity score. A sequence class is then a connected
graph. Representing the class by storing only the single
highest scoring similarity relationship for each new
sequence is equivalent to replacing the class relationship
graph with a minimal spanning tree. This analogy is valid
as long as the reduction to minimalspanningtree representalion does not alter the segmentendpoints for the sequence
segmentswhich are the nodes of the class. In practice, we
have found that this condition is usually met. Werefer to
this algorithm as the minimalspanning tree variant of the
HHSalgorithm or HHS/MST.
The computational complexity of sequence classification is equivalent to the computationalcomplexityof defining the minimal spanning trees in the forest of graphs
defined by the full set of edges. This is a well knownproblem whichhas been analyzed in detail. The forest of minireal spanningtrees can be generated by sorting the edges by
length (computational complexity order(Nedge log(Nedge)
),
taking them in order and rejecting any edge which generales a cyclic graph. By markingthe nodes of each tree, the
graph can be tested by cycles in constant time for each
additional edge. A newedge will be incorlxrated into the
forest at most once for each node. A new edge may merge
two previous trees, and remarkingthe nodes of the tree will
require time proportional to the number of membersin
either of the two mergedgroups.
The storage requirements of the minimalspanning tree
algorithm are proportional to the numberof nodes in the
forest. This contrasts with the HHSalgorithm, in whichthe
full set of edgesis stored. Since the numberof edgesis proportional to the numberof nodes squared, the use of a minimal spanning tree representation results in a dramatic
reduction in storage requirements.
Testing the HItS/MST Algorithm
There is a possible problemwith this approach. Recall that
the extent of similar regions is used to determinewhethera
new sequence belongs in an existing group. Suppose a
group contains a region of sequence A. Supposefurther that
sequence B has a region that is similar to part of sequence
A. Whethersequence B will be added to the group depends
on the extent of the overlap (and non-overlap) with A. If
keep only one similarity pair for A, then the extent of A in
the groupis the one associated with that similarity. If there
is a wide range of extents of similarities for sequence A,
and sequenceB is at a different end of that distribution than
the hit that wassavedfor A, then it is possiblethat using the
HHS/MST
methodwill cause B to fail to be added to the
group. This could also cause a pair of groups to fail to be
mergedtogether.
Wehave reason to believe that this is not likely to be
practically significant. The highest similarity score gener-

Figure 5. Fully connected and minimalspanningtree representations of a group
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ally goes to the longest ~ of sequences, so all of the
extents will tend to be at the long end of the distribution.
Wealso ran the two methods on the same dataset to compare the differences in classification.
Table 1.
Category
families
mixed
domains
Total

HHS
139
11
11
161

HHS/MST
140
10
14
164

Table 1. comparesthe results of classifications generated using the HI-IS and HHS/MST
algorithms to classify
the sequences in the BrookhavenProtein Data Bank(PDB).
For the vast majority of the classes, the membersincluded
and the precise endpoints of the domainswere exactly the
same in the two classifications. There were two exceptions
to this. One group that contained both whole protein hits
and subprotein hits in the HHSclassification was altered in
the HHS/MST
classification
so that the domain hit was
eliminated from the group, and this group therefore became
a protein family class instead of a mixed domain/family
class. In addition, three domaingroups were defined in the
HHS/MST
classification that were not defined in the HHS
classification. These additional subgroups resulted from
cases where assembled alignments between distantly,
related membersof a group spannedless than the full extent
of the domain and were short enough that the endpoint
length cutoff used in the classification did not allow these
hits to be included in the domain.In these three cases, new
groups were created which represent these conserved cores
of sequence. These new groups are not simply artifacts of
the HHS/MST
algorithm because they provide additional
information about regional sequence conservation within
the parent domains. In this sense, the HHS/MST
classifica-

\

tetrahymena
-paramecium

lion mayactually be moreinformative than the full I-ffIS
classification.
The use of a minimalspanning tree representation provides a useful tool for generating subgroup descriptions.
This is illustrated in Figure 5. This family contains both
L14and L23ribosomalproteins. Viewingall of the similarity relationships within the group, it is difficult to distinguish between these two subgroups. Whenonly the hits
makingup the minimalspanning tree are shown, the tightly
clustered L23 subgroup is more apparent. In addition, the
phylogenetie relationships of the L14 membersare also
moreeasily discerned.
The ability to generate subgroupsis also useful in making functional and biological correlates. For example, the
tyrosine kinase domainswhich are found in transmembrane
receptors such as the insulin and epidermal growth factor
recelY, ors forma distinct subtree in the kinase class. Similarly, the trypsin and elastase subtrees of the serine proteases correlate with substrate preferences.
Using the MSTfor manual review of the classification
As described above, even when.sequencesare prefiltered to
removelow entropy regions, false positive similarities can
generate some overaggregated groups. Trying to manually
screen the HHSproduced classes and man~mlly repair
errors proved infeasible. The large size and complexityof
the groupsin whichfalse positive hits occurred makeit difficult to eliminate thembymanualediting. If one false hit
was present, there were often other false hits betweenproteius closely related to those in the initial false hit. Evenira
false positive hit can be identified and eliminated, there is
no guaranteethat all of the false hits have been removed.
In HI-IS/MST
classifications, false hits can easily be
identified by searching the path which connected two biologically unrelated proteins in an artifactually merged
group. Even for very large groups, only a few dozen edges
were typically found. This is illustrated in Table 2 which
States
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Table2. False positive hit identifw.ation in a large groupby link tracing

Segmentspan
(133 to 341)
(57 to 543)
(502 to 610)

(1to lo8)
(485to 681)
(1 to 235)

(621to 681)
(82 to 951)
(248 to 940)
(2515 to 2738)
(251 to 606)
(1 to 368)
(263 to 608)

Protein
MUSNCAMR
precursor polypeptide >513435 0 NCA3_MOUSE
RATI’AG1
axonal glycoprotein
RATNCAM14
neural cell adhesion molecule
HUMNCAM
neural cell adhesion molecule secreted isoform
XELNCAMA
cell adhesion molecule
HUMNCAMA
N-CAM>1019770 1 A26883 Neural cell adhesion
XELNCAM
neural cell adhesion molecule precursor
HUMTITINC2
titin
A40985*Projectin - Fruit fly (Drosophila melanogaster) (fragment)
HUMqTI~C3titin
RATMLCK
skeletal muscle light chain kinase
A05120Myosinlight chain kinase, skeletal muscle
RABMLCKA
myosin light chain kinase >511296 0 KMLC_RA

shows the hits connecting an immunoglobulin-like neural
cell adhesion molecule (NCAM)
to a protein kinase domain
The table fists a set of segments, each of which was linked
by a similarity hit to the segmentsaboveand belowit in the
table. In this example, the hits, or edges, connecting an
NCAM
to a kinase were traced in the cluster tree. Hits to a
set of "titin" proteins were seen to link the NCAMs
and the
kinases. Titins are large structural proteins (Labeit et al,
1992) containing several regions of low entropy sequence,
and XNUwas not successful in completely eliminating
associated false hits. By manually deleting the hit from
HUMTITINC3
to RATMLCK,
the kinase domain family
was correctly dissociated fxom the titins and NCAMs.
Deleting
the hit from XELNCAMto HUMTITINC2
removedthe link from the cell adhesion molecules to the
titins. The minimalspanningtree representationguaranteed
that whena false positive hit was identified and eliminated
from the dataset, the falsely mergedgroups were divided. If
they were not, then a cycle wouldhave been present in the
graph and the original class representation wouldnot have
been a minimalspanning tree.

regions of similarity (whichare in the true group), none
these other proteins had hits of this size with anythingbut
the fragment. This artifact producedan easily distinguishable star topologyin the connectivity graphof the group. In
addition, the membersof an artifact group, other than the
fragment, were all membersof a corresponding a’ue family
group. In the HHS/MST
classifications, automatedrecognilion of these fragment artifacts has provenmore difficult
because muchof the redundancy information used to discriminate betweenthe true and artifactual group has been
eliminated.
Oneof our goals in the use of a minimalspanning Iree
representation was a significant reduction in the storage
requirements for the classification calculation. This was
achieved. While classifications of the full NRDB
using the
HHSalgorithm required in excess of 500 MBof RAM
memoryand required the use of a supercomputer with 512
MBof main memory, classifications
using the minimal
spanning tree representation could be performed in 60 MB
of RAM
and can be run easily on available workstations.

Finally, using HI-IS/MSTmakes it more difficult to
detect a certain kind of database artifact that wediscovered
with HHS.This artifact arises as a result of technical difficulties in cDNA
cloning: partial sequences for manyproteins were present in the database along with complete
sequences for the same proteins. The fragmented nature of
these sequences often was not annotated and occasionally
was unknownto the contn’buting author. For HHSclassifications, these artifactual groups could be detected using
post-classification analysis. The manifestation of the artifact was a pair of two nearly identical groups. In one group,
each protein had hits with manyother proteins. This was
the correct group. In the corresponding artifactual group,
one protein (the fragment) had hits with all the other proteins, but because the non-fragment proteins had longer

Discussion
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Scalability of algorithms (Schank, 1991) and the ability
work in large and complexdata sets (Almoallim and Dietterich, 1991)are critical issues in machinelearning. Oneof
our expressed goals in the sequence megaclassification
project has been the application of machinelearning and
pattern induction techniques to large real world problems.
The HI-IS algorithm was successful in attacking real world
problems on datasets of interest to the biological community (Hunter, Harris, and Stales, 1992), but given the rapid
growth in biological sequencedam;even the quadratic sealing of memoryrequirementswith dataset size in I-fi-IS has
proven to be a significant limitation. In addition, some
cases of real biological interest have provento be impossible to analyze on available computingresources. In particu-

lar, although we have been able to classify the current
protein sequence databases, much larger d~tabases of
nucleic acid sequence are also available; analysis of these
datasets using HHSwould require several gigabytes of
RAM.Muchof the progress in computational molecular
sequence analysis has resulted from algorithms development. Wesought and were successful in deriving an algorithmic solution to the limitation of the HHSapproach. The
use of the HI-IS/MSTapproach will allow nucleic acid
sequence datasets and datasets containing both protein and
protein coding nucleic acid sequences to be analyzed

jointly.

The ability to work with combinedprotein and nucleic
acid sequencedatabases is of lmrticular importancein dealing with the classification artifacts created by the presence
of fragmentary sequences in the database. It maybe possible to recognize partial mRNA
sequences, but there is no
definitive way to recognize partial sequences by protein
sequenceclassification alone. For example,the relationship
of the sac kinase domainto the kinase domainof the insulin
receptor is entirely analogousto the relationship of a partial
protein to its full parental sequence,but the proteins in the
sac/insulin receptor examplesare full length sequencesand
the true relationship is an example of composite protein
structure. Messenger RNAs(mRNAs)typically contain
numberof distinctive features at their 5" end including ribosomebinding sites and initiator codons. If these are absent,
it is likely that the mRNA
is a partial sequence. By jointly
classifying protein and nucleic acid coding regions, such
partial sequences can be recognized by criteria which are
independentof the classification.
The reduced storage requirements of the HHS/MST
algorithm will also be important in keeping pace with the
rapidly expanding databases of molecular sequence.
Sequence ~tabases have been doubling in size every two
years. While comtmtingspeed has been able to match this
rate of growth to date, the corresponding pair similarity
datasets qu_ndruple every two years. The cost of RAM
has
fallen dramaticallyin recent years, but it has not fallen fast
enough to accommodatethe projected space requirements
of a quadratic scaling calculation.
Improvedability to man,tally review and edit groups is
an interesting benefit of the HHS/MST
representation. In a
sense, the requirement of a more compact representation
forces a higher level view of the problem. Using the minireal spanningtree representation
madeit easier to find false
positive hits and to manuallyedit and correct classifications.
The higher level view of the classification generated by
HHS/MST
also elucidates impcnlant relationships between
sequences within a group. As the LI4/L23 ribosomal protein exampleilluslrated, there maybe significant substructure within a group. Reducing group representation to a
minimal numberof strong similarity relationships highlights this extra level of slructure.
Calculation of consensus sequences or sequence profile descriptions for groups is also facilitated by the span-

ning tree description of groups. Whenthe full segmental
I~r similarity list is used, ambiguousordering or alignment
relationships wereoften generated by cycles in the similarity graph describing a group. Since the tree representation
contains no cycles, these ambiguities are eliminated. Furthermore, the use of the spanningtrees based on the highest
scoring similarities optimizes the likelihood that the ordering and alignmentsdefined for the group will be correct.
The tree representation implicit in the HHS/MST
problem mapsclosely to the hierarchic organization of protein
domains generated by the evolutionary process of gene
duplication and mutation (Patterson, 1988; Felsenstein,
1988; Doolittle, 1992). The I-IH /MSTalgorithm does not
retain any notion of a parent-sibling relationship, and all of
the nodes in the HHS/MST
tree are cm’rently extant proteins. Nevertheless, there is somesimilarity between the
highest scoring links selected by HHS/MST
and a Irue evolutionary tree. Homologs
of closely related species are typically found near each other in HHS/MST
trees, and the
longer branches of HHS/MST
trees frequently correspond
with ancient divergence events between oethologous proreins. The HHS/MST
classification
algorithm may be a
valuable tool in the exploration of the relationship between
protein sequence, structure, and function.
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