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Abstract

In a family of proteins or other biological sequences
like DNA the various subfamilies are often very un-
evenly represented. For this reason a scheme for as-
signing weights to each sequence can greatly improve
performance at tasks such as database searching with
profiles or other consensus models based on multiple
alignments. A new weighting scheme for this type of
database search is proposed. In a statistical descrip-
tion of the searching problem it is derived from the
ma~dmum entropy principle. It can be proved that, in
a certain sense, it corrects for uneven representation.
It is shown that finding the maximum entropy weights
is an easy optimization problem for which standard
techniques are appficable.

Introduction

Consensus models made from multiple sequence align-
ments have proved very useful for searching databases
(Taylor 1986; Gribskov, McLachlan, & Eisenberg 1987;
Barton 1990; Bairoch 1993; Henikoff & Henikoff 1994;
Krogh et al. 1994). A common problem, however, is
that some groups of sequences dominate the multiple
alignment and outweigh other groups. For instance, an
alignment of a random set of known globins would con-
tain mostly vertebrate alpha and beta chains of which
several hundred are known, whereas other families of
globins, like leghemoglobins, would have many fewer
representatives. Thus a search based on such a globin
alignment would be more likely to pick out vertebrate
alpha and beta chains than the less common globins.
For this reason a weighting of the sequences that com-
pensates for the differences in representation may be
very important. A method for weighting sequences can
be useful in other situations too, in the prediction of
protein secondary structure from multiple alignments
(Levin et al. 1993) for instance, or for use in the actual
alignment procedure (Thompson, Higgins, & Gibson
1994a).

Several methods exist for weighting sequences in
alignments. The methods in (Felsenstein 1973;
Altschul, Carroll, & Lipman 1989) can be used for se-
quences that are related by a known phylogenetic tree;
the distances between nodes in the tree are used for
calculating the weights. Some related methods, e.g.

those in (Gerstein, Sonnhammer, & Chothia 1994) and
(Thompson, Higgins, & Gibson 1994b), use an auto-
matic method for tree-building. A weighting method
by Vingron and Argos (1989) is based on the simple
rationale that sequences that are close to a lot of other
sequences should have a small weight. If dam is the dis-
tance (which can be any measure) between sequence 
and m, they assign the weight w, = ~,~ dnm to se-
quence n. However, this gives the ’wrong’ weights for
some simple examples; see Table 1. Another method
by Sibbald and Argos (1990) based on Voronoi dia-
grams does not have these shortcomings, and its main
drawback is that it is quite computationally demand-
ing for large alignments. A computationally very sim-
ple method has recently been suggested by I-Ienikoff
and Henikoff (1994). If k residues are present in a col-
umn of the alignment of which m axe the same as the
one in sequence n, then 1link is added to the weight
of sequence n. After going through all the columns the
weights are normalized. This scheme will also give the
’correct’ set of weights for the example in Table 1.

Sequence V.&A. VW ME
AAAAAAAA 0.1875 0.1667 0.1667
AAAAAAAA 0.1875 0.1667 0.1667
CCCCCCCC0.1875 0.1667 0.1667
CCCCCCCC0.1875 0.1667 0.1667
GGGGGGGG0.25 0.3333 0.3333

Table 1: A toy example of a multiple alignment. The
first column shows the weights assigned by the method
proposed in (Vingron & Argos 1989). It is seen that
the last sequence obtains a weight only slightly larger
than the other four sequences. It is obvious that the
last sequence should be assigned twice as large a weight
as the first four, so that the three different sequences
are given the same weights. This is exactly what the
Voronoi weights (VW) shown in the second column
do. The last column shows that the maximum entropy
weights are equal to the VW. We have actually cheated
a little here, because ME weights only ensure that the
weights of the A sequences add up to 1/3, and not that
they are individually equal to 1/6 (similarly for the 
sequences).
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In (Eddy, Mitchison, & Durbin 1994) a strategy
is developed for estimating a hidden Markov model
(HMM) so as to optimize the discriminatory power 
the model. Although this aspect is not emphasized in
the paper, the methods called maximum discrimina-
tion (MD) and maximin can be interpreted as weight-
ing schemes, and they turn out to be closely related to
the method derived in the present paper.

All this work on weighting has shown that weight-
ing can improve performance of tasks such as database
searches quite significantly. See also (Vingron ~ Sib-
bald 1993).

In this paper a new weighting scheme is suggested. It
is specifically designed for use with profiles and HMMs
made for searching databases. If a certain group of
sequences dominates a multiple alignment, these se-
quences and their close relatives will be very close to
the model, i.e., have a high likelihood, and thus have
a much larger chance of being found in a search, than
sequences with smaller representation. Our basic idea
has been to design a weighting scheme that gives poorly
represented sequences a larger likelihood. This idea
translates into a maximum entropy principle, and the
weighting scheme will be referred to as maximum en-
tropy (ME) weighting.

One of the main advantages of our weighting scheme
is that it is based on theory compatible with the basic
assumptions behind profile search and HMM search,
whereas most other weighting schemes are based on
intuitive ideas. It. can be proved that our scheme cor-
rects in a certain sense for the uneven representation.

It is important to realize that there is no objec-
tively ’correct’ way to weight sequences. Any weighting
scheme builds on some assumptions about the struc-
ture of the space of sequences and on some goals for
the weighting. Often a weighting scheme has some im-
plicit assumptions about the probability distribution
over the space of sequences. In this work these assump-
tions are the same as those which underpin profile and
HMM search.

Profiles of block alignments

For simplicity we will first discuss the case of block
alignments, but all the results will carry over to the
more general case discussed later. We define a block
alignment to be one where gaps can occur, but these
gaps are treated like additional characters, i.e., no
penalty is used for opening a gap.

Assume the multiple alignment consists of sequences
s", n = 1,..., N. Each sequence consists of characters
s~, i = 1,..., L, some of which may be gap characters
(’-’). Define

1 if sequence n has character j
at position i, s~ = j

0 otherwise.

Then the frequency of character j in column i is

E, m~. 1Pi(j) = Pij - E,~ Ej rn’~ = N E rn’~..,~ (2)

These frequencies constitute the profile p.
In profile search a distance is defined between a pro-

file and a sequence. Here this distance is defined in
terms of the probability P(slp) of sequence s given the
profile p, which we will usually call just P(s). This is
defined as

P(s) = rlpi(sl). (3)
i

The distance between the profile and the sequence
could then be taken to be -log P(s), for example. It
is assumed that the sequence is already aligned to the
profile by some method, so s is a sequence of length
L with gap characters in appropriate places. Here we
do not have to specify which method is used for align-
ment, but to be consistent one would usually choose
the alignment that maximizes the probability of the
sequence given the profile, which can be found by stan-
dard dynamic programming techniques.

Maximum entropy weights

What does it really mean to say that a profile is skewed
towards certain sequences? One way to express it is
that some sequences in the alignment have a larger
probability than others. From (2) it is obvious that
subfamilies with many representatives will dominate
the pij, and therefore have high probabilities whereas
subfamilies with a low representation will have small
probabilities. The goal of a weighting scheme is to cor-
rect for this uneven representation by assigning weights
w,~ to all sequences. Thus the profile is changed from
the raw frequencies to weighted frequencies, i.e., equa-
tion (2) changes 

Pi(j) = Pij E,~ wnm~ 1
En wn ---- ~T Eu"~rn~’n

(4)

where W = ~, w,. Only the relative size of the
weights matters, and one can normalize the weights
to sum to one, but it turns out to he convenient to use
the general form in the following. It will be assumed
throughout that the weights are non-negative.

The entropy of a profile
In information theory the entropy of a discrete proba-
bility distribution P(z) is given by - ~ P(z) log P(z),
see for instance (Cover &: Thomas 1991). For the prob-
ability distribution over sequences (3) the entropy 

S(w) = - ~ P(s) log P( (5)

where the sum extends over all possible sequences with
length L. Since the profile depends on the weights, so
will the entropy, which is indicated explicitly. Using
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the definition (3) of P(s) this can be rewritten as an
explicit sum over all combinations of L characters

S(w) = - ~ ~. .. ~ yIpkjk ~ logpq,
jl j~ jLk i

= -- ~ Pie logpq. (6)
q

This is the sum of the entropies of each column in the
profile, S = )-’~-i S~, where Si = -~"~j Pij logpq.

Among all probability distributions the uniform dis-
tribution has the largest entropy. Thus by maximizing
the entropy, the probability distributions Pij will be as
close to uniform as possible given the sequences in the
alignment; this was exactly the goal formulated above.

METhus the maximum entropy weights wn are simply
defined as

wME = argmaxS(w). (7)
to

Maximum entropy weights will usually make most
of the probabilities P(s") equal to the minimum prob-
ability, a claim that will be formalized later. One may
argue that this is not a desirable situation if all the
probabilities are very small. Indeed there are other
criteria one could use for optimizing the weights, but
as we shall see later, some of the obvious criteria turn
out to be equivalent or closely related to the ME cri-
terion.

Maximum discrimination and maximin
In (Eddy, Mitchison, & Durbin 1994) hidden Markov
models for maximum discrimination are discussed, and
two optimization criteria are put forward. It is argued
that a model should be optimized in such a way that
the sequence with the minimum probability has the
highest possible probability; i.e., one would like to find
a set of weights such that min~ P(sn) is as large as
possible,

wmm= argmaxmin p(sn). (8)
n

This criterion is called mazimin.
The other criterion is called maximum discrimina-

tion (MD), and this is in fact the primary criterion 
(Eddy, Mitchison, & Durbin 1994). It is argued that
models should be optimized to discriminate between
sequences in the given family and sequences in other
families. This is done by comparing the performance
of the model to a very simple model, in which it is
assumed that the characters in the sequences are ran-
domly drawn from a fixed distribution, for instance the
overall distribution of amino acids in a big database. If
the probability of a sequence s according to the simple
model is Q(s), it is shown that one should minimize
the quantity

p(sn)
(9)D

Wl°g P(8") + Q(s-)

to develop a model that optimally separates the se-
quences in the alignment from the simple model. In

terms of weights, the maximum discrimination crite-
rion means

"tV MD = argminD. (10)
to

If the model ends up being a good one, Q(s)/P(s)
will generally be extremely small, so at the minimum
the first order expansion of the logarithm will be a very
good approximation,

Q(sn) (11)n ~
p(sn)"

This sum will be dominated by the contribution from
the sequence with the largest term, i.e., the sequence

¯ P(s’*)with the lowest log-odds score, tog Q--~7~" There-
fore one can approximate the maximum discrimination
weights by a maximin solution,

¯ P(sn)
WMD "~__ argmaxmln ~ (12)to - Q(s 

Here both MD and maximin are interpreted as
weighting schemes, although the optimization in
(Eddy, Mitchison, & Durbin 1994) is not explicitly
over sequence weights. Surprisingly, simulations sug-
gest that maximin and ME are equivalent; further-
more, a relative entropy version of ME appears to be
equivalent to maximin as defined by (12), and hence
approximately the same as MD. We indicate later why
these results might hold true.

Properties of ME weights
The main property of ME weights is that all the se-
quence probabilities are either the same and equal
to the minimum, P(sn) = P,m,~, or they are larger
and have zero weight, wn = 0. More formally, if
Pmin = min~ P(s"), then

w* is a ME set of weights (13)

w~ = 0 for all sequences with P(s’~) > Pm,n. (14)

This will be proved below.
Another nice property of the entropy is that it is

a concave function of the weights if the weights are
normalized. When the weights are not normalized, the
entropy is flat in directions where the relative sizes
of the weights are constant. The proof of this ’semi-
concavity’ goes as follows.

The entropy - ~k Pk log Pk is a concave function in
p~. A concave function of a linear function is concave,
and so is a sum of concave functions. The probabili-
ties pq are linear functions of the weights, see (4), for
a fixed sum W of the weights. Thus the total entropy
(6) is a concave function of the weights for fixed W. 
W is not fixed the entropy is concave except in direc-
tions w,~ = const ̄  an, where an are arbitrary positive
numbers.
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Proof that (13) ~ (14)
First, the derivative of S(w) with respect to wn is
needed. We start by finding the derivative of pij (4):

opi = w- 1 - ). (15)
town

Differentiation of S (6) then gives

OS

Own

The last term is the entropy (6), and from (3) it follows
that

P(s") = p,"7 (17)
s.?

so the derivative of the entropy becomes

OS
-- - W-’(logP(s n) + S). (18)
OWn

At the maximum of the entropy either the derivative
(18) is zero, or the weight is zero and the derivative 
non-positive, i.e.

either

- W-l(logP(s ’*) + S(w’)) 
(19)

or

-w-l(logP(sn)+S(w*)) < 0 and w~, = O,

from which (14) easily follows.

Proof that (14) ~ (13)

Rewrite the entropy (6) using (4) and 

1
S -- W ~’" ~-" wnmi’~ logpii

~3 n

1 m:’~
- w iogr!.

zl

1

- W ~ w,, log P(s’~). (20)

From this and (14) it follows that S(w*) = - log Pm~n.
Therefore, the derivative (18) of the entropy is zero 
wR > 0, and negative for n with P(s’) > Pmin and
w* = 0. From the ’semi-concavity’ of S (discussed
above) it then follows that w* is a maximum of S.
This completes the proof.

As a little corollary, we can mention that Pmi, =
exp(-S(w*)), which is evident from (19).

Relation to maximin and MD

In all the numerical tests we have done, we obtained es-
sentially identical weights from ME and maximin (e.g.
Table 2). The following argument suggests why this
might be:
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It is easy to imagine that, for maximin, P(sn) =
P,m, will hold for many of the sequences. If one can

m,~ 0 for all sequences with P(s’*) show that w, =
Pmi,, then ME and maximin would be equivalent by
(13) and (14). Assume that it notthe casethat
w,~ = 0 for all sequences with P(sn) > Pmin, and that
there are K < N sequences with P(s") = Pmin. If
the K gradient vectors in w-space of the correspond-
ing probabilities P(s") are linearly independent, there
must be a direction in w-space in which all the K prob-
abilities increase, and thus we cannot be at a max-
imin solution. More precisely, we should restrict to
the subspace R of w-space defined by the K sequences
with P(s") = Pmi, and those sequences for which
P(s’~) > Pmin and wn > 0. By assumption, there
is at least one of the latter, and so /~ has dimension
>_ K + 1. Since the weights are normalized in the def-
inition (4) of P(s"), one degree of freedom is lost, and
we can further restrict to the affine subspace where

wn = 1. We therefore require that the K gradi-
ent vectors be independent in a subspace of dimension
> K. We have not been able to prove this indepen-
d’ence yet except by explicit calculation in the cases
N < 3, but we conjecture that a proof for all N will
be possible.

Turning now to the relation between ME and MD,
the relative entropy between P and the simple model
Q in (9) is defined 

P(s")
R(w) = - E, P(s")log Q(s")

= - .~. p,j log P’i, (21)
,.7 qj

where we have assumed that the simple model just
assigns the probability ~i q(si) to the sequence. Note
that the sign of this relative entropy is unconventional.
Using this, one can show that what. holds for P(sn)

in ME holds for the odds ratio O(sn) = P(sn)/Q(sn)

with maximum relative entropy (MRE). That is, either
O(s’~) = Omin or O(s’~) > Omi,~ and w,~ = 0, where
Omi,~ = mir~ O(sn). Therefore, to the extent that (12)
is a good approximation to MD, we expect MRE to be
a good approximation to MD. This is supported by
numerical simulations (see Table 2).

If the distribution q is uniform fig(w) = S(w)+ const,
so ME and MRE are equivalent. Therefore ME is also
an MRE method, and MRE should perhaps be consid-
ered the basic method, even if one sometimes chooses
the uniform model for comparison.

Use of ME weights
One of the satisfying features of ME weights is that
the entropy is ’semi-concave’ as described earlier. This
means that finding the weights is in principle a very
simple optimization problem.

The straightforward way to optimize the entropy is
to do gradient ascent using (18), which has worked well



Swissprot Weights Log odds
identifier GSC H&H MRE MM MD UW IGSC H&HJMRE MM MD
UROK_HUMAN 0.0365 0.0324 0.0 0.0001 0.0035 61.0 56.8 55.0 50.1 50.1 50.9
UROK.attAT 0.0365 0.0358 0.0 0.0001 0.0065 58~3 54.1 52.8 49.9 49.9 50.2
HGF_RAT 0.0445 0.0465 0.0206 0.0206 0.0318 53.0 50.4 50.1 47.8 47.8 48.7
UROK_PIG 0.0568 0.0417 0.0325 0.0325 0.0358 57.2 54.0 51.7 47.8 47.8 48.5
THRB_BOVIN 0.0516 0.0469 0.0336 0.0336 0.0366 ii 53.7 51.7 50.3 47.8 47.8 48.5
U ROT_D ES RO 0.0608 0.0513 0.0337 0.0337 0.0376 54.4 52.7 51.2 47.8 47.8 48.5
U ROT_RAT 0.0391 0.0449 0.0372 0.0372 0.0399 55.2 51.5 51.1 47.8 47.8 48.4
THRB_HUMAN 0.0516 0.0464 0.0390 0.0390 0.0414 53.3 51.1 49.7 47.8 47.8 48.4
UROK_PAPCY 0.0365 0.0360 0.0404 0.0403 0.0397 58.5 54.0 52.3 47.8 47.8 48.4
UROT_HUMAN 0.0742 0.0557 0.0405 0.0405 0.0424 II 53.2 53.8 51.3 47.8 47.8 48.4
UROT_MOUSE 0.0391 0.0453 0.0487 0.0487 0.0458 54:8 51.2 50.8 47.8 47.8 48.3
TH RB_RAT 0.0516 0.0513 0.0502 0.0502 0.0525 50.7 49.2 48.2 47.8 47.8 48.2
FA12_HUMAN 0.0742 0.0584 0.0624 0.0624 0.0616 50.3 51.5 49.0 47.8 47.8 48.0
TItRB_MOUSE 0.0516 0.0515 0.0715 0.0715 0.0672 49.9 48.5 47.4 47.8 47.8 47.9
I-IGF_HUMAN 0.0445 0.0534 0.0777 0.0777 0.0680 50.8 48.2 48.3 47.8 47.8 47.9
UROK_MOUSE 0.0365 0.0430 0.0784 0.0783 0.0698 54.9 50.4 49.4 47.8 47.8 47.9
PLMN_MOUSE 0.0848 0.0805 0.0944 0.0944 0.0912 45.3 48.3 47.0 47.8 47.8 47.6
UROK_CHICK 0.1295 0.1789 0.2393 0.2393 0.2284 13.6 33.5 41.0 47.8 47.8 46.7

Table 2: Weights and log odds scores for the kringle domains in Table 3. The relative entropy versions of ME
(MRE) and maximin (MM) were used, as defined by (21) and (12), respectively. The MD weights were 
by maximizing D in (9) (Eddy, Mitchison, & Durbin 1994), where the model Q was defined as in (21). 
probabilities qj were the frequencies of occurrence of amino acids in the Blocks database. The log odds scores
for sequence n is defined to be log[P(sn)/Q(sn)]. The MM weights were computed by incrementally increasing
the weight of the sequence with the current minimal score; this seemed as effective as the incremental update of
probability parameters used in (Eddy, Mitchison, & Durbin 1994). We also computed the log odds for uniform
weights (UW) as well as the weights (labeled GSC) by the method in (Gerstein, Sonnhammer, & Chothia 
and the weights (labeled H&H) by the method in (Henikoff & Henikoff 1994).

in our numerical test. In gradient ascent, the weights
are changed iteratively in the direction of the gradi-

ne~ word e as where e is some smallent, i.e., wn : -I- oto,,
constant. It is also possible to use more sophisticated
techniques like conjugate gradient ascent (Press et al.
1986).

In Table 2, weights and log odds scores are derived
for sequences consisting of a conserved region in a set of
kringle domain proteins shown in Table 3. Note the al-
most identical weights and log odds scores of MRE and
MM, and the similarity between MD and MRE. Here
two sequences, UROK_HUMAN and UROK_RAT, re-
ceive zero weights by MRE and maximin; as ex-
pected, they have higher log odds scores than the
rest. UROK_HUMAN differs from UROK_PAPCY
by only two residues, and UROK_RAT differs from
UROK_MOUSE by only two residues. The residues
that differ are found in other sequences, and therefore
UROK_HUMAN and UROK_RAT have a high proba-
bility, even though they do not contribute to the pro-
file.

In the tame weights and log odds scores are shown
for two other weighting schemes for comparison. In
the columns labeled GSC the results of the weighting
scheme by Gerstein, Sonnhammer, & Chothia (1994)
are shown and in the columns labeled H&H the re-
sults of the scheme by Henikoff & Henikoff (1994) are
shown. For this example, the GSC weights are the least

radical, i.e., closest to uniform, the H&H are further
from uniform, but not as radical as the MRE and MM
weighting schemes.

General alignments and hidden Markov
models

Because of space limitations, we cannot describe de-
tails of HMMs, so this section probably requires basic
knowledge about this field. For an introduction, see
(Rabiner 1989) and (Krogh aL 1994).

It is not completely evident how to extend our treat-
ment of block alignments to the more general case
of alignments with gaps, because the entropy can be
defined in several ways. It turns out that using the
’sequence-space entropy’ defined in (5) makes the the-
ory intractable, although good approximations may be
found. Instead one should use the expression (20) 
the starting point.

Here we are considering only HMMs made from fixed
alignments as in (Eddy, Mitchison, & Durbin 1994).
The distributions over characters are estimated in the
same manner as before, except that one has to normal-
ize differently from before, because the columns can
have different numbers of characters. Therefore (4)
changes to

Pq = E j, E. ~-~,’
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UROK_/-IUMAN
UR.OK_RAT
HGF_RAT
UROK_PIG
THRB_BOVIN
UROT_DESRO
UROT_RAT
THRB_I-IUMAN
UROK_PAPCY
UROT_ttUMAN
UROT_MOUSE
THRB_RAT
FA12_HUMAN
THRB_MOUSE
HGF_HUMAN
UROK_MOUSE
PLMN_MOUSE
UROK_CHICK

CYEGNGHFYRGKASTDTNGRPCLPWNS
CYItGNGQSYRGKAHTDTKGRPCLAWNS
CIIfiKGGSYKGTVSITKSGIKCQPWNS
CFEGNGHSYRGKANTNTGGRPCLPWNS
CAEGVG/~YRGNVSVTRSGIECQLWRS
CYI(DQGVTYRGTWSTSESGAOCINWNS
CFEGQGITYRGTWSTAENGAECINWNS
CAEGLGTNYRGHVNITRSGIECQLWRS
CYEGNGHFYRGKASTDTMGRSCLAWNS
CYFGNGSAYRG2"dSLTESGASCLPWNS
CFF~QGITYRGTWSTAESGAECINWNS
CAMDLGLNYHGI~SIVrHTGIECQLWRS
CYDGRGLSYRGLARTTLSGAPCQPWAS
CAMDLGVNYLGT~/I~HTGIQCQLWRS
CIIGKGRSYKG]~/SITKSGIKCQPWSS
CYHGNGDSYRGKANTDTKGRPCLAWNA

CYQSDGQSYRGTSSTTITGKKCQSWAA
I~SICYSGNGEDYRGNAEDPGCLYWDH

Table 3: The conserved region in a set of kringle do-
main proteins which constitutes block BL00021A in
Version 7.01 (1993) of the Blocks database, (Henikoff
& Henikoff 1991). The Swissprot identifiers are shown
to the left.

where the gaps are not counted as letters. In an HMM
the transition probabilities, that determine the gap
penalties, are also estimated from the alignment. If
the number of times the transition from state i to j is
used in the alignment is called Mij, the probability of
this transition is set to

n

(23)

which is of exactly the same form as (22). The prob-
ability of a sequence P(s) is now defined as a product
of probabilities as in (3), except that the new type 
probabilities Pij will appear in the product. Having
defined P(s), we can now use the entropy definition
(20),

1
S(w) = --~w, logP(s’~). (24)

Inserting the expression for P(s), one can show that
the entropy can be written as

where

s = & + s,, (25)

~Dn ?71ij ,so = p,j logp, . (26)

The transition entropy S~ has exactly the same form,
except that m and p are replaced by M and t, respec-
tively. The entropy is still a sum over all the local en-
tropies, but they are now weighted according to their
’usage’.

Since the formalism really changes very little, it is
no surprise that all the results derived earlier carry
through to HMMs.
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In an HMM, a type of regularization derived from
a Dirichlet prior can be used (Krogh et al. 1994;
Eddy, Mitchison, & Durbin 1994), which is particularly
useful if the number of sequences in the alignment is
small. It amounts to adding regularization parameters
in the equations for the probability parameters, so (22)
changes to

1 , (27)

and similarly for the transition probabilities. The pa-
rameters aij are positive numbers derived from the
prior distribution. All we need to do in the previous
formulas to incorporate the regularization is to replace
me. by m~. + -~aq and everything holds for this caset3 J
as well.

Further details on the ME weighting scheme for
HMMs will be given in a forthcoming publication.

Conclusion
The maximum entropy weighting scheme applies to
database search with block alignments or hidden
Markov models. The standard method of profile search
can essentially be considered a special case of hidden
Markov models, and thus falls within this framework.
We have not, however, considered the use of substi-
tution matrices for profile search, but we believe that
ME weights can also be derived for this case.

Ideally one would like to find the weights at the same
time as making the multiple alignment, but in some
sense these are competing objectives. Loosely speak-
ing, when aligning sequences one tries to maximize con-
sensus in each column of the alignment, which corre-
sponds to minimizing the entropy, whereas the objec-
tive of weighting is to maximize entropy. These com-
peting objectives make the combined weighting and
alignment problem difficult.

The ME weighting has an inherent danger, which
it shares with other weighting schemes (e.g. Eddy,
Mitchison, & Durbin 1994). If there is a sequence in
the multiple alignment that is either wrongly aligned
or assigned to the sequence family by mistake, it will
automatically receive a very large weight compared to
the rest of the sequences. In this case weighting will
cause further damage, and it is therefore important to
check the sequences with large weights, to see if there
is a possibility of error.
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