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Abstract log k. The logarithmic penalty is a special case of the class of

Motivation: Sequence alignments obtained using affine gagonvexgap penalties (also called concave by some authors),
penalties are not always biologically correct, because th#éhereg(k + 1) —g(k) < g(K) —g(k —1), and which have been
insertion of long gaps is over-penalised. There is a need féHggested as being generally more suited than the affine for
an efficient algorithm which can find local alignments usingdlignments where long gaps are expected. Variations on the
non-linear gap penalties. standard affine gap penalty expressly designed to allow long
Results: A dynamic programming algorithm is describedgaps include Gotoh (1990) and Mott (1997), for example for
which computes optimal local sequence alignments fa¥igning cDNA sequences to genomic DNA, where the in-
arbitrary, monotonically increasing gap penalties, i.e. wheréertion of very long gaps is desirable. Altschul (1998) de-
the cosg(k) of inserting a gap d symbols is such thg(k) ~ scribes a generalised affine penalty which appears to be more
>g(k —1). The running time of the algorithm is dependent ofensitive than the standard. Despite these advances, non-af-
the scoring scheme; if the expected score of an alignméefiite gap penalties are notin general use, partly because it has
between random, unrelated sequences of lengths is  been difficult to implement fast algorithms for them.
proportional to lognn, then with one exception, the algo- The first practical algorithm to find optimal global align-
rithm has expected running tin@mn). Elsewhere, the ments using convex gap penalties was by Waterman (1984),
running time is no greater tha®@(mn(m + n)). Optimisa-  wWho introduced the concept of tbandidate listdescribed
tions are described which appear to reduce the worst-cadater. It was conjectured that, depending on the precise details
run-time toO(mn) in many cases. We show how using &f the algorithm, the algorithm’s time complexity would be
non-affine gap penalty can dramatically increase théd(mnlogm) or evenO(mn). Miller and Myers (1988) gave
probability of detecting a similarity containing a long gap. rigorous treatments of two algorithms for convex gap pen-
Availability: The source code is available to academiailties, also using candidate lists, with worst-case time com-

collaborators under licence. plexity of O(mnlogm). For certain types of gap penalty these

Contact: Richard.Mott@well.ox.ac.uk algorithms are faster; for example for a piece-wise linear
convex function made froi straight lines, the complexity

Introduction is O(mnlogK), and for logarithmic gap penaltiést+ B logk

. . it is O(mn). Miller and Myers (1988) also compared the rela-
Gapped local sequence alignments are almost unlversawe performance of Waterman’s and their methods, and

calculated using the Smith-Waterman algorithm (Smith anfl, ., that in some cases, depending on the scoring scheme
W?termf?‘”’ 1981) with an afflne gap penalty, where_ 'ghe Coghd the degree of similarity of the sequences, the former had
of inserting a run ok letters isg(k) = A + Bk, for positive complexity O(mn(m + n)). See also Galil and Giancarlo
constantg\, B. These alignments may be compute@({mn) {91989) and Gusfield (1997, pp. 293-302)

time, wheren, nare the sequence lengths (GO.tOh' ?982)- Th Il the preceding methods deal with global alignments and
results are generally satisfactory, but there is evidence t

other tvbes of aap penalty may be more aporooriate in sorganVex 9aP penalties. This paper is mainly concerned with
circumﬁt)ancesg PP ty may pprop Teal alignments using the class of positinenotonically

. increasinggap penalties, i.e. whegk) = g(k — 1). The
For exam_ple Be””“ft 311(1993) and Gu and Li (1995) monotonic and convex classes overlap — for example the
suggest using a logarithmic gap penalty of the férmB

affine and logarithmic penalties are common to both. How-
ever, the monotonic class also includes the poweaw
BnC, whereC > 0, which is convex only for 0€ < 1. The
*Present address: The Wellcome Trust Centre for Human Genetics, ~ CoOnvex class includes penalty functions which can decrease,
Roosevelt Drive , Oxford OX3 7BN, UK and which are therefore non-monotonic, although it is diffi-
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cult to see any biological justification for using them. Probreconstructed by back-tracking from this cell. The defini-
ably the set of monotonic convex penalties is the most usefiibns ofD, V, H are
in practice. By contrast gap penalties which increase faster

than linear (e.g. concave penalties) are unsuitable for bio- Dy = max (OW.qjq + X, Y))

logical applications, as they favour the use of many small V; = max (0,max(Dy~g(K)))
gaps over fewer but longer insertions. k<j
We describe an algorithm to find an optimal local align- H; = max (0,max(D,~g(i-K)))

ment using any monotonic gap function. In order to under- k< i

stand the time complexity of the algorithm, it is necessary ) ) . o

first to recall some facts about the statistical properties of I N€ naive recursions fofH have time complexit§(j) or

alignments. O(i) respectively, resulting in an overall running time of
Depending on the severity of the scoring scheme (i.e. su{mMn(m + n)). However, it is possible to recast them in a

stitution matrix and gap penalty function) and the sequencg®uch more efficient form. We will give the argumentVor

compositions, the expected scdgn, n) of the maximal tha_lt forH is similar. For clarity, we drop the subsciigind

local similarity between random, unrelated sequences ¥f'lt€

lengthsm= nis eitherO(logmn), thelogarithmic domainor

O(n), thelinear domain See for example Waterman (1995). V; = max (0,max(D,—g(j-k)))

There is a phase transition between these two modes, where k<]

small changes in the scoring scheme can produce widely difrho main idea is to maintain a candidatelljsf those
ferent alignments (Watermaet al, 1998). The algorithm coordinates for whichD, —g(j — K) > 0.V; can be found by

presented here has expected running@en) inthe logar-  aying the maximum over these candidates only. For strin-

e ! ; . . It
ithmic domain, with one exception described later, anﬂint gap penalties we will show that the expected size of the

O(mn(m + n)) in the linear. We also show how to predict injig¢ i hounded, and hence the expected time taken to evaluate
which domain a given scoring scheme resides. V; is independent of the sequence lengths.

) First we show how to compute the candidate list efficient-
Algorithm ly. Note that candidate list; is just the empty set. We then
proceed by induction: suppose that we already know the con-
tents ofly. This list can contain any of the numbers in the
Our algorithm has some similarities with the candidate ligange 1..j-1. It follows from the monotonicity of the gap
methods of Waterman (1984), Miller and Myers (1988) ang@enalty that,; is a subset gfU Lj, i.e. any candidate for
Galil and Giancarlo (1989), but also certain key difference$,+ 1 must also be a candidate ffoor must bg:
which exploit certain statistical properties of local alignment

Definition

scores. Suppose we are comparing two sequeqicgsof Liss={k <j+1:Drg( + 1-K > 0}
lengthsm, n. LetSx, y) be the score for aligning the letters C{i}u{k<j:Do( + 1-K > 0}
X, y andg(K) the cost of inserting a gapldetters. We assume C{j}u{k <j:D~g(-k > 0}
o(k) = gk —1) for allk. = {j}uL

Let W be the score of an optimal local alignment ending 1)
at (, j). LetDj be the score of the optimal local alignment
ending ati( j) such thal andy; are forced to align, or zero  The monotonicity of is used to get from the second to the
if this alignment has negative score. SimilarlyHgtbe the  third line above. Pseudocode for a function,
score when a gap is inserted in the first sequence opiositeupdate_list , that computes;+1 givenlj is shown in
or zero, andfj when a gap is inserted in the second oppositgigure 1. The algorithm also computssand the length of
X, or zero. In the familiar dot-matrix representation of dythe gap, which is required for back-tracking. The running
namic programming, these quantities correspond to an optime for the update algorithm &(|Lj| + 1) because each of
mal path to the cellj), entering it diagonally, horizontally the elements in the list must be examined, plus the potential
and vertically respectively. Alignments where a gap in onfew element. The code fragment also includes two opti-
sequence abuts a gap in the other are forbidden. Then th&ations described later.
basic Smith—Waterman recursion is In contrast with local similarities considered here, global
Wi = max Oy, Hi, Vi) alignment algorithms do not restrict scores to be positive, and
! e consequently our definition of the candidate list is new, al-
W is computed for the entira x n dot-matrix. The maxi- though the update property (1) is common to the global align-
mal local similarity terminates at the coordinaties) for = ment methods too. Instead, these rely on the convexity of the
which W is a maximum, and the optimal alignment can bgap penalty to eliminate elements from the list, and one of the
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Local sequence alignments with monotonic gap penalties

update_list( next[], start, j, D[], gl[], gap, is_convex ) {

k = previous = start /# initialise */
gap = max = 0

vhile( k > 0 ) { /* go through the list */
x = d[k]-g[j-k]

if (x>0) { /* preserve this element */
if (max < x ) { /# it is the best so far */

X
k

g
15
L]
non

previous = k
k = next[k]
}
else { /* delete this element */
if ( k == start ) { /* start of the list */
k = previous = start = nextl[k]
}
else { /* middle of the list */
k = next[previous] = next[k]

}r}
/* Check if j should be added to the list */

x = d[jl-gl1]
if (x>0) A
if (max < x ) { /* the best so far */
max = X

gap = j

next [previous] = j
next[j] =0 /* end of the list */
if ( start == 0 ) start = j

}

/* Optimisations of the list:
(a) Remove all k < 1, where d{1] is max of d{] */

if ( start > 0 ) {
max2 = 0
k = start
while( k > 0 ) {
if ( d[k] >= max2 ) {
max2 = d[k];
start = k; /* prunes the list */
}
k = next[k];
3}

/* (b) If the gap penalty is convex remove all
k > 1’ where d[1’]-g[j-1’] is max */

if ( is_convex && gap > 0 ) next[gap] = 0

return max

)

optimisations described below re-uses the relatively simple
method of Waterman (1984) to prune our candidate list still
further. The more efficient algorithms of Miller and Myers
(1988) and Galil and Giancarlo (1989) are rather compli-
cated to describe here in detail, but essentially rely on con-
vexity to determine efficiently whether an element in the list
will always ‘dominate’ over another, in which case the latter
may be deleted.

Complexity

We now estimat&(|Lj[), the expected size of the ligt It is
known that provided the expected match score of any two
symbols is negative and the gap penalties are severe enough
to give alignments in the logarithmic domain there exist
strictly positive constant®, A such that, for alignments be-
tween random, unrelated sequences

Pr O, > t) < Re™ @)

It is important to note that this probability is independent of
j- This result follows from the extreme-value theory for se-
guence matching in, for example, Arratizal (1988), Kar-
lin and Altschul (1990), Mott (1992), Karlin and Dembo
(1992), Waterman and Vingron (1994a) and Mott and Tribe
(1999).

Therefore

E(LD = z Pr O—g(-k) > 0)

k<j

z Re90-4)

k<j

R z g

k< o

IA

IA

3)

(we ignore edge effects which do not affect the answer sig-
nificantly). So if (2) holdsand (3) converges then the ex-
pected size of the list is bounded, and consequently so is the
time taken to computé (andHjj). Therefore, since the algo-
rithm requiresnnupdates of the lists fot andV, the overall
running time will beO(mn).

Mott and Tribe (1999) showed the statistical behaviour of
gapped alignments is well-characterised by a quaatity
which is a function of the sequences’ compositions, the sub-

Fig. _1.Pseud_ocode of_the functiupdate_list which computes stitution matrix and gap penalty. A formula ois given in

the listlj+1 given the list;. start_ is the smallest member of the o Aphendix. When = 0 no gaps are permitted (i.e. the gap

list Lj, or O if the list is empty. The list is represented by the array . s . . . )
penalties are infinite), and alignments will be in the logar

next[] ,in whichk2 = next[start] is the second member ! . - f .
of the list, k3 = next[k2] the third member and so on, unti ithmic domain. Asx increases the gap penalties relax and

nextlkn] = 0 indicateskn is the last element. The algorithm 92PS Will begin to appear in alignments, and the parareter
examines each member k in the list and tests whBfhery(j + 1 in (2,3) decreases, until the phase transition to linear behav-
—K) > 0, in which case the member is retained, otherwise it is deletedour occurs, at which poiit = 0. The precisa,; at which
Finally, j is added to the list i; —g(1) > 0. The algorithm also  this occurs is unknown, but probably lies between 0.3 and
returnsmax = Vf, andgap, the coordinate of the start of the gap. 0.4. Values ofn > 0.25 should be avoided in any case, in
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order to maintain high sensitivity — database searches with(a) Supposé is the member of the candidate lgtfor

affine penalties typically use in the range [0.05,0.2]. which D is a maximum. Then monotonicity implies that we
The time complexity of the algorithm therefore hinges orcan delete all members bf prior tol to form a reduced

the convergence or otherwisekbfA, g, n)= Z_ 1e—"@J(k) for  candidate list, because wheneket| <j

different gap penalties and values\ofThis depends on the Dy — g —K) <Dy —g(j —1)

asymptotic behaviour gfk)/log(k). The important cases are andD 5 (J9+ 1 —k_) <ID Ei 041

summarized in Tablé, k=9 =2-g

so the update property (1) still holds.

Table 1. Summary of the behaviour the serB§_ e for different (b) Suppose that in addition to being monOthiC’ the gap
regimes of parametdrand gap penalty, and of the corresponding penalty is also convex. Then we can apply a variant of Water-
time-complexity of the monotone algorithm man’s argument (Waterman, 1984). Létbe the least
member ot for whichDg —g(j — K) is @ maximum. By con-

Limit of A Behaviour of Algorithm’s average structionl’ > 1. Then we can delete &b 1" from L but still
% S e complexity retain the update property (1), becaudesifl’

K= ' D' ~g( - 1) 2Dk —g( - K

o0 A>0 converges O(mn) D|'—g(j + 1—I')+g(j + 1—I')—g(j—|')2

B<o AB>1 converges O(mn) Dy —g(J +1 —k) +g(J +1 —k) —g(J _ k)

B<o AB=1 O(log(n)) O(mn(log(m) + log(n))

B <o AB<1 OBy O(mA(mi-AB + n1-AB)) soD'—g(j +1-I"=2Dx—9g( +1-k

by convexity. Thus if’ dominatesk in Lj then it does so in

The table indicates thetconverges for any>0ifthe gap  Lj+1 too.
penalty grows faster than Idgy(For example, this is true for ~ Thus for monotonic convex gap penalties the candidate list
the affine and power law functions. Therefore, all gap percan be truncated just to those valkes Lj: | <k <I'. In
alties stronger than the logarithmic will hadémn) average practice we find that usually=I', so the candidate list is of
behaviour whenever the scoring scheme is in the logarithmiength 1, or is empty. The effects of these optimisations on
domain; in these cases one can determine the complexitytbe list size are best illustrated by an example. For a compari-
the algorithm simply by calculatinm son between two independent, randomly generated protein

The critical case is the logarithmic penalifk) = A +  sequences of length 300 using the affine gap penaltynl0 +
Blog(k). H converges whekB > 1, so the algorithm’s com- and the BLOSUMG62 matriba(= 0.1046), the average length
plexity is O(mn) in this region as well. For strong gap pen-of a candidate list is about 0.50 without the optimisations
alties this is definitely the case, buBadecreases so dags 0.36 and with them. For a comparison between a random
and so\B must eventually eg\ualbbfore)\ =0.Hgrows like sequence and itself, the average list sizes were 98.5 (no opti-
logn whenAB = 1, and likenl*BwhenAB < 1. Consequent- misations) 34.4 (just (a)) and 0.94 with both optimisations,
ly, for weak logarithmic gap penalties, but where the scoringyhich is only marginally worse than average-case behaviour.
scheme is in the logarithmic domain, the complexity is The effects of the optimisations on self-comparisons may
O(mn(logm+ logn) or O(mn(m!B+n1-B)) respectively. In  be understood as follows: the main diagonal contains the top
practice, fairly stringent gap penalties are the norm, so thi-scores, but on both sides there will be posiive sha-
behaviour is of mainly academic interest. Also, the seriedowing the main diagonal. The optimisation (a) removes
H(A, A+ Blog(-),n) converges extremely slowly whaBis  those sub-optimal elements before the main diagonal while
only slightly greater than 1, so that asymptotic behavioui) deletes those following it.
may not be applicable for typical sequence lengths in the lowAs presented, the space complexity of the algorithm is
hundreds. O(mn) because it is necessary to maintain ajliir each of
them columng in the dot-matrix (if the matrix is processed
row-by-row then only the current row list is needed). Since
the maximum size of a list iI5 and other data structures re-
These arguments apply only to average-case complexity, reptire not more tha®(mn) space, the overall requirement is
worst-case. Indeed, when aligning a sequence against itsali|]l O(mn). However, for scoring schemes in the logarithmic
the candidate lists can grow very large, and the algorithsiomain, it is possible to represent each li€d{h) space on
becomes unacceptably slow, even when the expected coaverage, at the cost of some extra processing time. In this
plexity is O(mr). However, some simple pruning of the case the lists can be storeddfm + n) space, and it should
candidate lists can be done which reduces running time diae possible to compute the alignments in linear space and
matically in these cases: guadratic time, although we have not attempted to do so here.

Optimisation
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Fig. 2. Scaled running time behaviodim) of the monotone Fig. 3. Magnified section of Figure 2, coresponding to the region
algorithm, as a function of sequence lengtfT(m) is the total time T(m) < 0.0003.

for comparisons between 100 pairs of random sequences, divided

by m?, Each graph corresponds to a different experiment, coded by:

1, 2, 3, 4 = which scoring scheme (see text), s = self-comparisong4) the logarithmic penalty 5 + 5 loga = 0.4299, linear
u = comparisons between unrelated sequences, O = with optimisa- domain).

tions, N _=with none. Quadrati©(m?)) behaviour is indicated by T(m), the total CPU time divided by,z is plotted against
near-horizontal(im). m. Thus if the time complexity ©(m?) thenT(m) should be
constant, subject to fluctuations caused by computer hard-
ware, e.g. cache size. If the complexitydgm) then the
curves should increase linearly.

The timings were repeated with the optimisations (labelled
‘0’) and without them (labelled ‘N’), for comparisons be-
The algorithm is implemented in a program cafeono- tween pairs of unrelated sequences (labelled ‘u’) and for self-
tone, written in ANSI-C and compiled and run under Digitalcomparisons (labelled ‘s’). For example, the time graph for
OSFL1. The program accepts as input two FASTA-format sself-comparisons without optimisations for case (1) are la-
guences and a BLAST-format symbol comparison matrixbelled 1sN.

The following gap-penalties are supported: (a) logaritinic  The theoretical arguments presented above imply that,
+ B logn, (b) affineA + Bn, (c) power-lawA + BnC, and (d)  when the optimisations are not used, and the scoring scheme
user-defined via an input file. The program calculetasd is in the logarithmic domain, i.e. cases 1uN and 3uN, com-
so can usually determine the running time behaviour. parisons between random unrelated sequences should have

Because the affine penalty is a member of the class gtiadratic time complexity, but all other cases should be
monotonic penalties, we were able to checkrtiatotone  cubic. This is confirmed by Figu& The speeds, expressed
gave the same results as the standard Smith—Waterman in thimillions of cells processed per second, of L1uN and 3uN are
instance. 1.24 and 1.05.

The running time of the program is illustrated in Figures There are interesting and unexplained phenomena in Fig-
2 and 3. Sets of 100 pairs of random protein sequences werre?2: the times for the cases 3sN, 4sN are virtually identical,
generated, for lengths= m = 100, 200,..900, 1000. Each and 4uN increases at a steeper rate after500.
pair was compared on a 400 MHz Digital ALPHAstation When the optimisations are added, all comparisons are
500, usingmonotone with the BLOSUMG62 matrix (Heni- speeded up significantly, and the resulting curves occupy the

Implementation and evaluation

koff and Henikoff, 1992) and bottom of Figure. This region is magnified in Figuge All

(1) the affine penaltg(n) = 10 + 21 (a = 0.0442, logar- cases except 2uO and 4uO (comparisons between unrelated
ithmic domain) sequences, with scoring scheme in the linear domain) appear

(2) the affine penaltg(n) =5 +n (a = 0.5072, linear do- to have quadratic behaviour, and even for these two cases the
main) run times are reduced by factors of 32 and 180 respectively.

(3) the logarithmic penalty 9 + 5 laga = 0.1217\B = Thus provided the scoring scheme is in the logarithmic do-
1.208 logarithmic domain) main the worst-case complexity of the algorithm can be con-
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trolled by adding the optimisations, and strongly suggest the ©= ' ' ‘ ' ‘ '
complexity isO(mn) in the worst case, except for compari- BLOSUM2, 11445090k

sons between unrelated sequences in the linear scoring do- o1} -
main. Interestingly, self-comparisons dasterthan unre- /BN
lated comparisons in this case. Further examination showed / ‘Q&x
this was because for self-comparisons, scores along the main /
diagonal dominate random scores, so the candidate lisis i b
usually contain only one element, whereas for unrelated sg- o :;/ \
guences the lists are not dominated. \

prol
——

0.04 | /x \
Sensitivity of the algorithm ] \

As mentioned in the Introduction, the primary motivation for F RN
using non-affine gap penalties is to improve sensitivity. We o : : : : R -
now discuss how to predict the likelihood that a given scoring =~ =° * % e ® ¥ ¥
scheme will let us detect a similarity. Recall that a dynamic

g;%g:ﬁggrggg.ﬂggzt?hrg ;végrfll:g Saér;] gﬁqtémﬁltﬁggg rlze; tg’ elr:-:‘UI é?] 4. Empiricgl d!stributions of two statistically equivalent sporing
sChemes. Solid line: BLOSUM62k) = 11 +k. Dashed line:

similarity present between two sequences, it will only beg 65 yme2, gag=11 + 4.5 logk). Each distribution was derived
found if its scoreexceeds, that of the best random similarity from 10 000 comparisons between randomly-generated independent
that happens to be present as well. In other words the probabjilsirs of sequences of length 300.
ity of detection, i.e. the statistical power, is just the probability
Pr( < 9 that a random similarity has a score less than

Now we know that provided the scoring scheme is inthe - . ; — ;
logarithmic domain, to a good approximation the distribu- | /
tion of the score between random, unrelated sequences fol-
lows an extreme-value distribution 001

Pri < t) = expKmne) (4) 0001 |

» 0.0001 F

for constant, A depending on the scoring scheme, whichg

can be estimated by simulation (Waterman and Vingrorf, teos b/ e ST .
1994b; Altschul and Gish, 1996) or (for affine gap penalties)
by the approximate formulas in Mott and Tribe (1999).

1606 | BLOSUME2, 11+4.5l0g(k)

Therefore we need only substitgtior t in (4) to obtain the 107 | 1

sensitivity. roos 1
For the sake of concreteness, consider the following im-

portant example: suppose the real similarity comprises two 1= P - = - vt

gap length k

ungapped domains, with total sc@reseparated by a gap of
k residues. Then the correct alignment has sg&je= D —

g(k). For a fixed scoring scheme, .?‘S the separettig’m .. Fig. 5.Comparison of the sensitivities of the affine and logarithmic

creasesy(k), and hence the detectablllw of the similarity, will gap penalties, expressed as the log p-value of a similarity comprising

qufe?SE- Howevgr, the more slog(l) increases, the more two ungapped domains with total score 100 separated by a gap of

likely it is to remain above the random background. residues. Solid line: BLOSUM62y(k) = 11 +k. Dashed line:
This is illustrated in Figure$ and5 where the sensitivity BLOSUM62,g(k) = 11 + 4.5 log). Horizontal line, p-value =18.

of the affine and logarithmic penalties are compared. The

BLOSUMG62 matrix was used in both cases. The affine pen-

alty wasgi (k) = 11 +k (the defaults for BLASTP (Altchdt by maximum-likelihood). Consequently they share similar

al., 1990, 1997)), and the logarithmic penalty w#k) =11 random score distributions, as is confirmed in Figlire

+ 4.5 logk). These two scoring schemes are equivalent, iwhich compares their empirical distribution functions.

the sense that they have similar valuesifdt, A of (0.0764, Figureb compares the probabilities of detection, expressed

0.0488, 0.27937) and (0.0749, 0.04618, 0.27958) respeets log p-values, i.e. log(1-BK t)), as a function of the gap

ively (all parameters estimated by fitting Egn (4) to 10 000engthk, whenD = 100 and the sequence lengtirsn= 300.

comparisons between pairs of random, unrelated sequend®benk = 0 the similarity contains no gaps and both scoring
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schemes return the same p-value of abouf. s k in-  Appendix
creases the p-value increases.k=00 the affine penalty is
marginally superior, but for larger valuesdahe logarithmic ~ Formula fora

penalty is far more sensitiye than thg affine. For example, tl?ﬁjppose the substitution matf, y) is such that the ex-
largest gag_length for wh_lch the affine penalty returns a Rected score between two letters is negative, ah@Jebe
value <10°isk= 17, but with the log penalty, the correspon-ye propability that two letters drawn at random will have

affine penalty is likely to flip from detecting the complete

alignment to finding the stronger of the two domains.] 1= z h(x)&'o"
In general, we caguaranteeimproving the sensitivity X

with respect to finding alignments with gaps longer tian

say, relative to a gap penalyy(k) if we can find another

penaltygs(k) such that (i) both penalties have the same ra

dom score distribution in the logarithmic domain and (i)

02(K) < g1(k) for k> K'. In our example, the log penalty was

superior to the affine for large because 11 + 4.5 ldg( _ o _ _
> 11 +k whenk >10. Equation (5) is similar to (3), except thas substituted for

Ag. Sis computed as follows: [& be the sum afiid random
variables with mass functidi{-). LetE(X; X < 0) mean the
expectation of the random variab{erestricted to negative

Discussion values, i.e}x < o X Pr(X = x) andd be the smallest span of
score values. Let

Ag is always larger thak in Eqgs (2) and (4). Then the para-
Jnetera is given by the formula

a= ZSZ e*osl (5)

k>0

ful in situations where long gaps are expected, and provided

Themonotonealgorithm presented here should be very use-
E = ex
the scoring scheme is such that alignments between random

- Z % E(e'os Y, < 0) }

k>0

sequences are in the logarithmic domain. In practice, this is

. . _ 1
no real constraint, because penalties are nearly always P = ex _ZRPr(Yk = 0)
chosen to ensure logarithmic behaviour. One may select suit- k>0

able scoring schemes, and assess statistical significance of - _
the resulting scores by using the results in Mott and Tribe These quantities may be calculated numerically by suc-

(1998). cessive auto-convolution of the mass functi¢s). Then
The novel features of this algorithm, over the earlier s PE
methods are (i) the use of general monotonically increasing S=a PTE(Y,E0%)

gap penalties, as opposed to convex, (ii) the definition and
construction of the candidate lists, and (jii) the use of local See Iglehart (1972), Karlin and Altschul (1990), Karlin
alignment statistics to show these lists are bounded. Tla@d Dembo (1992) and Mott and Tribe (1999).
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