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SIMILARITY AND HOMOLOGY

the same type used to compule a dot matrix) and nole the average displace-
ments of the highest-scoring segments, This is convenicnuly done using
NBRF's RELATE program. The average displacements of high-scoring
segments tend 1o be multiples of the repeat unit length,  For example,
RELATE analysis of apo-AlV which contains a fundamental 11-residuc
repeat, showed additional displacements of 22, 44, S5, 66, etc, residucs
(Boguski ¢t al., 1986b). Likewise, analysis of cdc23 which contains a 34-
residue repeat, resulied in additional displacements of 68 and 102 amino
acids (Sikorski et al., 1990). Finally, both autocorrelation26 (Kubota et al.,
1981) and Fouricr mcthods have been used to determine the period of
sequence repeats.

Sumnury and Future Developments

Dot matrix analysis is a simple, yct powerful, technique for scquence
comparison. To paraphrase Collins and Coulson (1987), any comparison of
two scquences (or of a sequence with itself) should start with a dot plot. We
have secn multiple instances in which failure to heed this advice has delayed
the identification of important scquence featurcs.

Asuscful as dot matrix methods are, there is still considerable room for
improvement. No present implementation takes full advantage of modem
computer hardware and graphical user interface technology. Dol matrix
analysis would also benefit from integration with other types of data analysis
and image display tools. The incorporation of mulli-length probes (Argos,
1987; Argosand Vingron, 1990) and customized scoring matrices (Altschul,
1991) wouldimprovesensitivity and specificity. Finally,although dot matrix
analysis will fundamentally remain a heuristic method of explortory dada
analysis, the ability 1o estimate the statistical significance of the patierns one
observes is highly desirmble and might be accomplished using a combination
of new and taditional methods,

DYNAMIC PROGRAMMING METHODS

Dot matrix methods rely on the power of the human brain to recognize
pauemns indicative of similarity and 10 add gaps to the sequences (o achicve
an alignment. 1 is, however, quite difficult 1o be sure that one has obtained
the highest scoring, or optimal, alignment when it is made by hand. Because
assessments of homology are almost always made on the basis of alignments
produced by dynamic programming approaches, we will discuss the method
in dewil,

3B Auvtocorrelstion anslysis is svailable in Amos Bairoch's PC/GENE, marketed by IntelliGenetics, Inc.

(Mounuin View,CA)

DYNAMIC PROGRAMMING METHODS

A brute force approach of aligning scquences with the automatic insertion of
gaps shows that the problem is very difficult. Simply comparing two
scquences, withoul gaps, is equivalent to the computation that takes place in
dot matrix analysis, and requires time proportional to the product of the
lengths of the sequences (i.c., time proportional to NM, where N=length of
sequence 1, and M=leéngth of sequence 2), If the sequences are assumed 1o
be approximately the same length (N), ihen time proportional to N s re-
quired. To account for the presence of gaps, we would have 10 repeat this
calculation 2N times to examine the possibility of gaps in each position of
cach sequence, for lime proportional 1o N*¥, In actuality, the situation is not
quitc so bad since some of these atignments would be nonsensical, for
instance aligning gaps with gaps. An explicit cquation has been derived for
the number of comparisons that would be required (Waterman, 1989). For
two sequences 300 residucs long about 10** comparisons would be required,
which compares favorably to the estimated 10 clementary particles in the
universe.

Fortunately, there is a more clficient way of aligning sequences based
on an approach known as dynamic programming. Needleman and Wunsch
(1970} introduced this approach 1o molecular biologists, which is, to this day,
(requently referred to as the Needleman-Wunsch algorithm. The dynamic
programming method requires only time proportional to N?, and is based on
a simple realization of whal the term optimal alignment implics.
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Derivation of Dynamic Programming Alignment

If weconsider the optimal, or highest scoring, alignmentshown in A (below),
we can break the alignment into two parts as shown in B, The overall
alignment scorc is the score for the left-hand alignment of four bases plus the
score for aligning the two bascs on the right. I we assume that the § base
alignment in A is optimal, we must conclude that the four base alignment in
Bisalsoanoptimalalignment. Ifitwas not (for cxample, if we gave apositive
score for aligning G with T), the alignment shown in C would give a higher
scorc than the one shown in A, Then Crather than A would be the optimal
alignment.

ARTGC ARTG C AATGC

I R Il

AG-GC AG-G c A-GGC
A B c

Inplain English then, the bestalignment that ends ata given pair of bases
or residucs is the best alignment of the sequences up to that point, plus the
score for aligning the two additional bases or residucs. Mathematically, we
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) might say that, for sequence | and sequence 2 numbered 10 iand 1o

respectively

Sij =sij + max Sy
if = Sij
1sk<i e
15i<j

where S, is the score for the alignment ending at { in sequence 1 and
Jjinsequence 2
s; isthescore for aligning { with j.

Removing another pair of bases from B gives us the situation shown in
D (below). The nexi step would require inscrting a gap in scquence 2, Bricf
consideration shows that, at any slep, there arc only three possibilities:
aligning the next base from scquence 1 with the next base from sequence 2;
aligning the next base from scquence 1 with a gap; or aligning a gap in
sequence 1 with the next base from sequence 2, i

AAT G C

| LA B I

AG- G c
D

This allows us 1o rewrite cquation (3) in g more detailed form:

ot 0
A T :
Sitja or
max Si-xj.]+Wx.l or
S = sij + Maxy 2gxgi @
max Sipjytwy.l
2ygi -

where S, is the score for the alignment ending at § in sequence 1 and
J in sequence 2
s, s the score for aligning i with
w_ is the score for making a x long gap in sequence 1
w,  isthe score for making a y long gap in sequence 2
allowing gaps to be any length in cither sequence,

The scores for gaps, w, are negative and are often referred to as gap penalties.
This constitutes a virually complete mathematical descriplion of dynamic
programming alignments since ¢ach of the terms on the right of equation 4
can, itsclf, be calculated from equation 4.

DYNAMIC PROGRAMMING METHODS
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Simple Example of Dynamic Programming Alignmen:

Actual alignments are calculated in two stages. First, the two sequences are
arranged on alattice in much the same way asindot matrix methods, For cach
point in the lattice, the alignment score, S, is calculated. At the same time,
the positionof thebestalignmentin the previousrow orcolumn, i.e., the score
of the best previous alignment which was used tocalculate S, is stored. This
stored value is called a pointer and is represented by an arrow. In the second
stage, the alignment is produced by starting at the highest alignment score in
the lattice, and building up the alignment from right 1o lefi by following the
pointers, This sccond stage is called the traceback. A graph of the pointers
is sometimes referred (o as a path graph because it defines the path through
the lattice that corresponds to the optimal alignment,

Figure 20 shows a simple cxample of a dynamic programming align-
mentof thesequences AGGC (scquence 1) and AATGC (sequence 2), In this
cxample no penally is applied for introducing gaps so that the optimal
alignment is simply the alignment with the most matches. The score matrix,

a b
A ATGC A AT G C
AD® o0 o o AP@KOO
G G 0 11
G G'
c c

>
;3

o
®

c

Figure 20; Calculation of dynamic programming alignments, The score matrix and path

,»";rnph at several slages during the calculation of the alignment. In this calculation only
identical matches receive positive scores, and no penalty is applied for gaps.The numbers
represent the scores, S, in the score matrix, and give the score for the best alignment ending
at thut pair of aligned residucs. The slignment scores st positions where the comparison score
for the corresponding twu residues, s;;, arc positive are circled, “The path graph is shown as
arrows indicating the best previous alignmént at cach position in the path graph, a. alter
CIJ_culnling the first row of the score matrixi b, after ealculation of 53 4, and the first several
pointers in the path graph. ¢. afier calculation of the fast potition, §4's, in the score matrix,
and compleled path graph, d. simplified score matrix and path graph showing only the best
path or paths passing through cach positivd score, 3jj (circled).
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containing the S vatues, is filled in from left w right and top to bottom. Figure
20a shows the score matrix afier filling the first row (i=1). Two positions,
indicated by circled scores, arc matches and reccive a score of 1. All other
positions receive scores of zero, The alignment score, Sv- is the sum of the
score for comparing the bases at i and f, plus the best previous alignment,
Since all of these clements correspond 1o the first base in sequence 1, there
are 1o best previous alignments and no pointers are saved at this point.

Figure 200 shows a later stage in the calculation of the score matrix. S,
is an edge and therefore there is no best previous alignment to consider, S,
has only onc position that could contain a previous alignment, S, and this
istherefore the position used for the pointer. Tocalculate S, »weaddthescore
for comparing the G in sequence 2 and the T in sequence 1 (mismatch so
$,,=0),to the best previous alignment, Thebest previous alignment mustend
incither the previous row or the previous columi, ibove and IO thE IEICOL S, -
Therefore, we must look for the best previous alignmentinboth S, , and S,
(shown shaded). Since the scores for these positions are the same (in the
absence of gap penaltics), we store a pointer for cach of them,

The final step in the generation of the score matrix is shown in Figure
20c. Scuting the pointers for S, requircs cxamination of the entire previous
row and column (shown shaded) for the best previous alignments. Two
equivalent positions are found at S, and S, , and poiniers st accordingly.
The alignment {s gencrated by following the pointers from the highest score
in the score matrix, along a path leading up and o the left, Because an
alignment must end in cither the last basc of sequence 1 or the last base of
sequence 2 (thc only other possibility being that both sequences end ina gap),
the highest score in the score matrix is constrained to tic in cither the last row
(the last pair of bascs in the alignment contain the last base of sequence 1) or
the last column (the last pair of bases in the alignment contains the last basce
of sequence 2). In ourexample, the highest scoring position is found at S, 4 and
therefore aligns the tast base from cach sequence. This position is shown boxed,

Figure 20c is confusing because of the large number of unproductive
paths, that is to say, paths that after an carly match contain only mismatches.
Because optimal alignments must contain matches, it is sulficient 1o show
only the best path or paths passing through cach matching position. This
simplification applicd to Figure 20c gives us Figure 20d, We now perform
the traceback to generate the final alignment.  Starting from the highest
scoring position, S, , we follow the pointers back, building up the alignment
one pair of residucsat a ime, from right toIeft. 1f wie follow the lower pointer
at cach position, we gencrate the following alignment in four steps:

c GC G.GC AG.GC Sequence 1

] 1 i bl

c GC ATGC AATGC Sequence 2
step | step 2 s'ep3 step 4

DYNAMIC PROGRAMMING METHODS

a AATGC b C G T A A
. ¢ @ .
G ®\?\*® G \C?D\\
G \1\@\2 G )

\2 2

c N A 2 3
Figure 21: Effect of not saving all puth poimiers. The alignment In Figure '{0 is repealed, but
only onc path pointer, the onc which would introduce the shortest B3p, is saved for each
position, S;;, in the soorc matrix. a. forward alignment b. reverse alignment - the same

alignment with each sequence reversed.  This will eften, but not always, give a different
alignment when only one pointcr is saved for each position.

Atstep 3 we skip [rom the G in sequence 2 tothe A, leaving (hgTu.nmau:hcd.
This is agap, indicated by atigning the T withanull characwr.m.mls example
aperiod. The final alignment, as indicated by the score for thcalxgnmcnt.'sl 50
contains 3maiches. Therearcactually fiveequivalentalignments beginninbg
with S, , in Figure 20d, all contatining three matches:

v o . v / |
AG.GC A.GGC JAGGC A..GGC /A.GGC Sequencel
I L I B B ‘-Ill!ll{'ﬁll
AATGC AATGC TGC AATG.C AATG.C Sequence 2

1 2 3 4 5

There arenoother waystoalign these sequencesand get three matches unless
gaps arc aligned with gaps.

Many alignment programs atlow only a single pointer to be set for each
position in the score matrix. When two previous alignments have the same
score, an arbitrary decision must be made about which pointertostore, Figure
21a shows an alignment example of the same two sequences used above, !)ut
storinig only the pointer that correspands to the shorter 8ap- Thc r_csulung
optimal atignment is numbcr 3 above and appears to be unique, judging from
the path matrix,

This brings 10 light an important point about alignment programs.
Although dynamic programming alignment techniques are guaranteed (o

_find an optimal alignment, there may be other equally optimal alignmcnt;,
" and some of them may be more biologically relevant. The GCG program

GAP?7 approaches this problem In a unique way, allowing the option to
control which equivalent pointers are saved. The “highroad” option a.lways
saves the “upper” pointer, and would result in alignment § above, while U}c
“Jowroad"” option, which always shves the “lower”poinier, would result in

27 Genctics Computer Group, tnc., Madison, W1,
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alignment 1 (Figure 20c). The highroad/lowroad options will always give
differcnt alignments if there are equivalent alignments, For long sequences
there could be hundreds of equivalent alignments and it is prohibitive and
confusing to list them all. The highroad/lowroad procedure can be thought
of as establishing an upper and lower bound for the variation of the
alignments.

Another way of detecting possible equivalent alignments is shown in
Figure 21b. Simply perform the alignment a sccond time, keeping all
parameters the same, but reverse both sequences. This method is not
foolproof, as Figure 21b shows, since depending on which of the two optimal
paths is reported, the result might be the same as that of 21a,

The problem of cquivalent alignments is worse for nucleic acid sc-
quences than for protein sequences because nucleic acids are usually aligned
using a scoring sysicm that gives all identical comparisons the same score
(usually 1), In combination with the four character nuclcic acid alphabet, this
makes multiple equivalent paths common, Protein alignments are usuatly
made based on a scoring system thal gives a partial score for amino acid
residues that are chemically or mutationally similar (see Scoring Systems).
In combination with the larger 20 character protein sequence alphabet, this
makes equivalent alignments less tikely (although still possible).

More Complicated Alignments

The simple alignment shown in Figures 20and 21 applied no penalties forthe
introduction of gaps. For longer scquences, gap penaltics must be used to
produce sensiblealignments, For instance, whenhuman pancreatic hormone
precursor and chicken pancreatic hormone are aligned without gap penaltics
(Figure 22a), thehigh similarity of these homologous peptide hormones does
not immediately strike the eye. However, when penalties arc applied for the
introduction of gaps, as shown in Figure 22b, thesimilarity isclear, Itisworth
noting that the last four residucs of the chicken sequence are aligned in anon-
homologous posmon in Figure 22a, but correctly in Figure 22b,

Gap penaliies were originally applicd cither as a single penalty, m;,ard-
lessof the length of the gap (Needleman and Wunsch, 1970), or as penalty for
cach gapcharacterinseried intothe sequences (Sellers, 1974). Morerecently,

Human ALLL(\I‘LLGAOGM’LEPVYPGDNATP :omo YAAD . LRRY TNHLTRPRYGKRHKEDTLAF
A | [ Mprer 1one [ I AR EE Y Lt t
Chicken G....P. 5 Q..P..T.YPGDDA, PVEDLIREY. DNLOQYLNVVT., .. .. RHR..... Y

Human ALLLOFLLGACGAR LEFVYPGONATPEQMAQYAADLRRY INMLTRPAYGHRIKEDTLAF
A A R T BN R R R A |
Chicken ..., ivsuvs GPSOPTYPGDDAPVEDL!RFYDNLQOYLN‘VVTNIRY ...........

Flgure 22: Gap penaltics are required for seasible alig The aligy of the h
pancreatic hormone precursor and chicken pancreadc hormone are shown. Identical matches
are shown as *I', and conservative substittions as *:". 2. alignment without gap penaltics. b.
alignmant with gap penaky of 1.0 + 0.1 x gap length,

DYNAMIC PROGRAMMING METHODS

most programs have relicd on gap penaltics with both alength-dependentand
a length-independent term (cquation 5),

w=g+lx ' (5)

where w_ is the penalty for a gap of length x
g isthe length-independent term (gap opening penalty)
1 is the length-dependent term (gap extension penalty)

The length-independent term of the penalty (g) is applicd to all gaps regard-
Iess of their lengih. Itcan be cons:dcrcd apenalty that is paid when the first
basc or residuc is aligned with a gap character, and is therefore sometimes
called a gap opening or gap creation penalty, The length-dependent term (1)
of the gap penally increases with the length of the gap and can be considered
to be a penalty paid as cach successive position is added to the gap, For this
reason, itissometimes calledagap extension penalty, Fitchand Smith (1983)
showed that for globin mRNA scquences, correct alignments could only be
made if both Lerms were non-zera. As can be seen from the Figure 22, gap
penalties have a large effect on alignments and it is wise o sample a wide
range of values in order to find the most intcresting optimal alignments,

Typical values for the gap creation penalty arc in the range of onc half
to five times the score for a match, The gap exicnsion penalty is usually
smaller than the gap creation penalty, often in the range of atenth to onc times
the score of amatch, When these gap penalty values are used, an alignment
mustgainasubstantial numberof matchestobe worthadding agap, butalong
gap costs only slightly more than a short gap, This coincides with our
knowlcdge of the mutational process which suggests that long insertions and
deletions of various tengths can be produced by single mutational cvents,

Alignment programs vary in their treatment of gaps introduced at the
cnds of the scquences (end-gaps). 1€ the gap penaltics are applied for end-
gaps, they are referred to as weighted end-gaps. If the penaltics are not
applicd, we call them unweighted-end gaps. For scquences that are known
10 be homologous, il makes scnse 10 weight end-gaps. However, if the
sequences are different lengths, or of unknown homology, it is probably a
good ideato not weightend-gaps. Il youarc unsure whether the program you
are using weights end-gaps, you may be able to find out by adding small
amounts of additional sequence to the ends of one sequence and observing
the ¢ffcct on the alignment,

- The alignment procedures described above are known as global align-

ment algorithms, because the resulting alignments contain all characters in
both sequences. Short but highly similar subsequences may not be aligned
inaglobalalignment because they are outweighed by the rest of the sequence,
One of the most important advances in dynamic programming sequence
alignment techniques was the introduction of focal alignment methods
(Smith and Waterman, 1981). These methods find the two “most similar®
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Extensiony

The primary drawbacklodynmnicp'rogmmming methodsis thatthey require

. aconsiderable amount of computation. This limits their usefulness for tasks

such as database searching. One simple way 10 speed up the alignmentis o

calculate only part of the score matrix, usually a diagonal band down the ™

center (c.g., Sankoll and Kruskal, 1983), This can be safely done, for
instance, if you know the scquences arc homologous and do not require large
gaps intheiralignment, or if you have information from a faster method, such
as hashing (see Hashing and Neighborhood Algorithms) that tells you where
the most simitar regions of the sequences are. Several methods that perform
a banded alignment and iteratively increase the width of the band unti the
optimal alignment is found have been presented (Ukkonen, 1983).

A further great increase in alignment speed can be achieved through
subdivision, If segments in each sequence can be identificd, for instance by
hashing methods (scc Hashing and Neighborhood Algorithms), that are so
similar they are unlikely 10 match with anything else, the alignment can be
broken down into two smaller alignments, separated by the matching
segment. Each equal subdivision increases the speed of the alignment by a
factor of (wo,

Once a cDNA clone is scquenced, one usually wishes to identify the
protzin encoded by the message. One approachis wo translate all three (or six)
reading frames of the nucleic acid sequence and use the resulling protein
sequences as probes in a fast database search (e.g., TFASTA - Lipman and
Pearson, 1985; TBLASTN - Gish ct al., in preparation), Unfortunately, this
approach can be quile sensitive to frameshift errors in the cDNA sequence,
An alternative to this approach (States and Botstein, 1990) uses dynamic
programming methods to align the DNA and protein sequence,

SCORING SYSTEMS

The simplest scoring systems for molecular sequence analysis give positive
scores only to comparisons of identical bases or residues. These scoring
tables are referred to as an identity or unitary matrices and are still the primary
scoring systems used for nucleic acid sequences.

The average rate of transition (purine to purine or pyrimidine to
pyrimidine) mutations is about three times the aversige rate of transversion
(purine 10 pyrimidine and vice versa) mutations. The rates of insertion/
deletion mutations can also be determined from known homologous sc-
quences. Thesc values have been used to calculate scoring tables for nucleic
acid sequences based on maximum likelihood methods (Bishopand Thomp-
son, 1986). However, mutation rates and characteristics vary dramaticatly
{rom specics to species, from coding to non-coding regions, and from gene
to gene, making it impossible 1o define a single best scoring sysiem by

SCORING SYSTEMS

" this approach. In the absence of a single appropriate scoring table, most

nucleic acid scquence alignments continue W be based on idenlity scoring
systcms, .

Identity-based scoring systems often do not give the desired sensitivity
when comparing distantly related scquences, especially for protein se-
quences, There isa strong consensus that, for proteins, scoring systems based
on the chemical or mutational similarity of the amino acid residues are much
better than identily scoring systems (Schwartz and Dayhoff, 1978; Feng and
Doolittle, 1987). One carly methed of scoring the similarity of amino acid
residues is known as the minimum base change or genetic code matrix. This
scoring system calculates the similarily between residues as the minimum
numberof basc changes required w change acodon for one residuc toacodon
foranother, Thissystem scemed especially plausible for evolutionary studics
because it allowed the difference in amino acid residues to be stated in lerms
of the minimum number of mutational cvents needed to convert onc residuc
to another, ,

The most commonly used scoring systems for protein scquences are
based on the MDM,, 1able (thutation data matrix, 1978) of Dayhoff and co-
workers (Schwartz and Dayhoft, 1979; George ¢t al,, 1990; sce Appendix
1V). Ofien called simply the “Dayhoff™ table, this scoring table is derived
using the “accepted point mutation™ model of evolution (Dayhoff ¢t al.,
1978). A datasct was compiled from a group of closely related protcins (less
than 15% amino acid differences), that could be unambiguously aligned.
From these aligned sequences, Dayhoff and coworkers calculated a matrix
describing the probability, for cach residue, thata mutation would change the
residuetoeach of the other possible residues. The matrix was calculated such
that the probabilities represent the average mutational change that will take
place when 1 residue out of 100 undergo mutation (1% accepted mutations
or 1 PAM), This matrix is called the mutation probability matrix at 1 PAM,
or simply the PAM-1 matrix, The specific model of evolution used by
Dayhoffand coworkers assumes that more distantly related proicins arise by
ascricsofuncorrclated mutations that can be described by the PAM- 1 matrix.
Mathematically, this iscalled afirstorder Markov chain Lransilion model. To
derive a mutational probability mauix for a protein scquence that has
undergone N percent accepted mutations, a PAM-N matrix, the PAM-1
matrix is multiplicd by itsell N times, This results in a family of scoring
matrices often referred to as PAM-120, PAM-250, etc.

Becausconcoften desires o know ifan alignment is more likely thanone
between unrelated sequences, scoring sysiems are often converted to a log-
odds matrix, Ina log-odds matrix, cach clement of the matrix, representing
the probability that the two corresponding characters are evolutionarily
related, is divided by the prabability that the two characters could be aligned
by chance, Toaid in the calculation of probabilitics, the values are converted
to logarithms, The log-odds form of the PAM-250 matrix is called MDM,, and
Dayholf and coworkers recommend using it for all sequence comparisons
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SIMILARITY AND HOMOLOGY

althoughithas been argued duat it may be better to use an equivalent log-odds
matrix calculated for a lower PAM for alignments of unknown scquences
(Altschul, personal communication). The log of the probability of two
sequences being evolutionarily related can, in principle, be calculated as the
sum of the scores for cach aligned pair of residues, i.e., the alignment score
il'alog-odds matrix isused asthe scoring system for the alignment. However,
this is overly simplistic since it ignores the effect of insertions and deletions
on the probability.

The accepted point mutation model of protein sequence evolution is
known to be imperfect in a number of ways, One common criticism is that
the frequencies of mutations that require more than one base change in the
DNA sequence is higher than would be expected for a simple Markovian
modet of DNA sequence evolution (Dayhoff and Eck, 1968; Wilbur,1986).
This criticism, however, is based on a specific model of DNA sequence
evolution which is, itsell, open to criticism (George ct al., 1990). More
importantly, the accepled point mutation model assumes that all residucs in
a protein are equally mutable; an assumption that is clearly incorrect. This
can be easily secn by examining alignments of families of homologous
proteins, For a sctof six proteins, cach sharing a pairwise sequence identity
of 35 % or-less, onc would expect to find not a single amino acid conserved
in every sequence if all positions were cqually mutable. In actual familics of
proteins, however, itis notunusual to find several residucs thatarc absolutely
conserved in dozens of distantly related sequences (the active site triad of the
serine proteases, for cxample), Furthermore, by starting from aligned
sequences withonly one or twodifferences, Dayhofl and coworkers selected
mutations occurring at the most mutable positions as the basis for their
calculation,  Since the most important features in alignments are those
positions that arc unusually conscrved, it has been argued that scoring
systems based on the chemical or structural propertics of the amino acid
residucs may produce better alignments (for example, Kubota ct al,, 1981;
Fengand Doolitte, 1985; Argos, 1987; Rislerctal., 1988). Lastly, the matrix
may be biased beeause it was derived using mainly small globular proteins
as a basis. In spite of its faws, the MDM,, table, or a scoring table derived
from it, remains the only widely accepted means of scoring protein sequence
alignments. The imponant position that the MDM,, table occupies in mo-
lecular scquence analysis is clearly indicated by the fact that every new
scoring systcm compares itsclf (o the MDM,, table as a standard.

A special class of scoring systems known as metric distances merits
additional consideration. A metric is a distance measure that has the
following propertics:

sno distance is less than O

» identical scquence characters have a distance of 0

s the distance is symmetric; that is, the distance from A w B is
the same as the distance (rom B to A

SCORING SYSTEMS

s the scoring system as g whole obeys the triangle incquality;
if you consider any three distances, the distance from A 10 C
must be less than or equal (o the distance from A to B plus
the distance from B to C

Metricdistanceshavereceived agreatdeal of attention by mathemalicians
and were extensively used in the carly development of dynamic program-

- ming sequence alignment techniques (Sankoff, 1972; Sellers, 1974). The

emphasis on metric distances is due mainly 10 the early use of sequence
alignments to provide a measure of evolulionary distance between two
scquences. An alignment score gencrated using a metric scoring system is
itself a metric, and thus the most appropriatc kind of mecasure o usc in
constructing a phylogenclic tree.

Many alignment programs permit one 1o use a user-specificd scoring
system, Usually, the alignment program reads the scoring information from
a scparatc file. It is extremely important 10 use a scoring system appropriate
1o the algorithm you are using. For global alignments, all of the values in the
scoring table must be greater than zero; if they are not, the highest scoring
position is not guaranteed 1o occur at the last row or column of the score
matrix, and the resulting alignment is Jikely 1o be Jess than optimal. Local
alignment algorithms require that scores for mismatches be less than zero. If
you inadveriently use a table with only positive scores with alocal alignment
program, the result is not so disastrous — the resulting alignment is simply
a global alignment,
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Fast Methods

To be useful, analgorithm must be able to sensitively and specifically identify
sequence relationships while running on available computing systems with
satisfactory execution times.28 Efficicncy is a complex issuc influenced by
many aspects of the computing resources available, High speed micropro-
cessors and dedicated special purpose coprocessors may aide in some phases
of a scarch, while overall performance remains limited by other aspects, 1O
requircments, random access memory space and access patterns, and disk
access all need to be considered, The dynamic programming algorithm
described above is guaranteed to find the optimal alignment between two

_sequences, but because it requires order N? operations, the use of this algo-
" rithm for databasc scarching on cilrrently available PCs and workstations is

prohibitive. The dynamic progrdmming algorithm is amenable to parallel
implementations processing an cntire anti-diagonal stripe simultancously,

2 Although sug puters, massively paratled achi , and specinlized chips all have their niches,
the great majority of acq y4is problems ars sdaquately and efficicatly handled using genersl
purpose compuless,



