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Hidden Markov Models in Computational Biology
Applications to Protein Modeling
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Hidden Markov Models (HMMs} are applied to the problems of statistical modeling,
database searching and multiple sequence alignment of protein families and protein
domains. These methods are demonstrated on the globin family, the protein kinase catalytic
domain, and the EF-hand calcium binding motif. In each case the parameters of an HMM
are estimated from a training set of unaligned sequences. After the HMM is built, it is used
to obtain a multiple alighment of all the training sequences. It is also used to search the
SWISS-PROT 22 database for other sequences that are members of the given protein
family, or contain the given domain. The HMM produces multiple alignments of good
quality that agree closely with the alignments produced by programs that incorporate three-
dimensional structural information. When employed in discrimination tests (by examining
how closely the sequences in a database fit the globin, kinase and EF-hand HMMs), the
MM is able to distinguish members of these families from non-members with a high degree
of accuracy. Both the HMM and PROFILESEARCH (a technigue used to search for
relationships between a protein sequernice and multiply aligned sequences} perform better in
these tests than PROSITE {a dictionary of sites and patterns in proteins). The HMM
appears to have a slight advantage over PROFILESEARCTH in terms of lower rates of false
negatives and false positives, even though the HMM is trained using only unaligned
sequences, whereas PROFILESEARCH requires aligned training sequences. Our results
suggest the presence of an EF-hand calcium binding motif in a highly conserved and
evolutionary preserved putative intracellular region of 155 residues in the «-1 subunit of
L-type calcium channels which play an important role in excitation-contraction coupling.
This region has been suggested to contain the functional domains that are typical or
essential for all L-type calcium channels regardless of whether they couple to ryanodine
receptors, conduct ions or both.

Keywords: hidden Markov models; multiple sequence alignments; globin; kinase; EF-hand

1. Introduction

The rate of generation of sequence data in recent
years provides abundant opportunities for the
development of new approaches to problems in
computational biology. In this paper, we apply
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" EM, Expectation-Maximization; ML, maximum
likelihood; MAP, maximum e posteriori; NLL-score,
negative log likelihood score.

hidden Markov models (HMMs§) to the problems of
statistical modeling, database searching, and
multiple alignment of protein families and protein
domains. To demonstrate the method, we examine
three protein families. Each family consists of a set
of proteing that have the same overall three-dimen-
sional structure but widely divergent sequences.
Features of the sequences that are determinants of
folding, structure and function should be present as
conserved elements in the family of sequences, We
consider the globing, whole proteins ranging in
length from 130 to 170 residues (with few excep-
tions) and two domains, the protein kinase catalytic
domain (250 to 300 residues} and the EF-hand
calcium-binding motif (29 residoes). The same
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approach can be used to model families of nucleic
acid sequences as well (Krogh ef al., 1993b).

A hidden Markov model (Rabiner, 1989) describes
a geries of observations by a “hidden™ stochastic
process, a Markov process. In speech recognition,
where HMMs have been used extensively, the
observations are sounds forming a word, and a
model is one that by its hidden random process
generates these sounds with high probability. Every
possible sound sequence can be generated by the
model with some probability, Thus, the medel
defines a probability distribution over possible
sound sequences. A good word model wonld assign
high probability to all sound sequences that are
likely utterances of the word it models, and low
probability to any other sequence. In this paper we
propose an HMM similar to the ones used in speech
recognition to model protein families such as globins
and kinases. In speech recognition, the “‘alphabet”
from which words are constructed could be the set
of phonemes valid for a particular language; in
protein modeling, the alphabet we use is the 20
amino acids from which protein molecules are
constructed. Where the observations in speech
recognition are words, or strings of phonemes, in
protein modeling the observations are strings of
amino acids forming the primary sequence of a
protein. A model for a set of proteins is one that
assigns high probability to the sequences in that
particular set.

The HMM we build identifies a set of positions
that describe the {(more or less) conserved first-order
structure in the sequences from a given family of
proteins. In biological terms, this corresponds to
identifying the core elements of homologous
molecules. The model provides additional informa-
tion, such as the probability of initiating an inser-
tion at any position in the model and the
probability of extending it. The structure of the
model is similar to that of a profile (Waterman &
Perlwitz, 1986; Barton & Sternberg, 1990; Gribskov
et al., 1990; Bowie ef al., 1991; Liithy ef al., 1991),
but slightly more general. Once we have built the
model from unaligned sequences, we can generate a
multiple alignment of the sequences using a
dynamic programming method. By employing it for
datahase searching, the model can be used to dis-
criminate sequences that belong to a given family
from non-members. Finally, we can study the model
we have found directly, and see what it reveals
about the common structure underlying the various
sequences in the family.

Our method of multiple alignment differs quite
markedly from conventional techniques, which are
usually based on pairwise alighments generated by
dynamic programming schemes (Waterman, 1989;
Feng & Doolittle, 1987; Barton, 1990; Subbiah &
Harrison, 1989). The alignments produced by these
methods often depend strongly on the particular
values of the parameters required by the method, in
particular the gap penalties (Vingron & Argos,
1991). Furthermore, a given set of sequences is
likely to possess both fairly conserved regions and

highly variable regions, yet conventional global
methods assign identical penalties for all regions of
the sequences, Substitutions, insertions, or deletions
in a region of high conservation should ideally be
penalized more than in a variable region, and some
kinds of substitutions should be penalized differ-
ently in one position compared to another. That is
one of the motivations for the present work. The
statistical model we propose corresponds to multiple
alignment with variable, position-dependent gap
penalties. Furthermore, these penalties are in large
part Jearned from the data itself. Essentially, we
build a statistical model during the process of
multiple alignment, rather than leaving this as a
separate task to be done after the alignment is
completed. We believe the model should guide the
alignment as much as the alignment determines the
model.

We are not the first group to employ hidden
Markov models in computational biology. Lander &
Green (1987) used hidden Markov models in the
construction of genetic linkage maps. Other work
employed HMMs to distinguish coding from non-
coding regions in DNA (Churchill, 1989). Later,
simple HMMs were used in conjunction with the EM
algorithm to model certain protein-binding sites in
DNA (Lawrence & Reilly, 1990; Cardon & Stormo,
1992) and, more recently, to model the N-caps and
{-caps of alpha helices in proteins (D. Morris,
unpublished results). These applications of HMMs
and the EM (Expectation-Maximization) algorithm,
including our own, presage a more widespread use of
this technique in computational biology. During the
time that we have been developing this approach,
several related efforts have come to our attention.
One is that of White, Stultz and Smith (White et al.,
1991; Stultz et ¢f., 1993), who use HMMs to model
protein superfamibies. This work is more ambitious
than our own, since superfamilies are harder to
characterize than families. It is not yet clear how
suceessful their work has been since no results are
reported for sequences not in the training set. If
there are weaknesses in their method, it is possible
that these are due to the use of handerafted models
and refiance on prealigned data for parameter esti-
mation. In contrast, our models have a simple
regular structure, and we are able to estimate all the
parameters of these models, including the size of the
model directly from unaligned training sequences.
Interestingly enough, they independently propose
an alternate HMM state structure similar to ourst
in section 6.3 of their paper (White e al., 1991),
where they discuss the relationship of their work to
Bowie and co-workers (Bowie ef al., 1991), but they
do not pursue this further. It is possible that the
type of modeis we use may work better for charac-
terizing superfamilies than those investigated by
White ef al. However, it is more likely that they are
too simple, and that richer and more varied state

1 Instead of using delete states, they have direct
transitions between each pair of mateh states m; and m;
with i {j.



Hidden Markov Models

1503

d1 T{d}dy) da d3

B
A\ %
iy i S0, $2 iy
}(%?
,??’Q
mg m, Mz [Timgmy’| M3

{idmy)

Figure 1. The model.
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structure along the lines they propose is required for
this problem. We recently found that Asai et al.
(1993} have applied HMMs to the problem of
predicting the secondary structure of proteins,
obtaining prediction rates that are eompetitive with
previous methods in some cases. In addition,
Tanaka ef al. (1993) also discuss the relationship
hetween the HMM method for obtaining multiple
alignments and previous methods. Finally, in work
most closely related to our own, since the time we
presented a preliminary report on this work
(Haussler & Krogh, 1992; see also Haussler ef al.,
19923, Baldi ef al. {1993) have further demonstrated
the usefulness of this technique by producing
multiple abgnments for immunoglobing and
protease as well as globins and kinasest.

2. Methods
(a) HM M architecture

Congider a family of protein sequences that all have a
common three-dimensional structure, for example the
globins. The common structure in these sequences can be
defined as a sequence of positions in space where amino
acids occur. In the case of globins, whose structure
contains principally a-helices, the 150 or so helical posi-
tions have been named Al, A2, ... Al6, Bl, ... etc,
where the letter denotes the a-helix, and the number
indicates the location within that a-helix (see for example
Bashford et af., 1987). For each of these positions there is
a (distinet) probability distribution over the 20 amino
acids that measures the likelihood of each amino aeid
oceurring in that position in a typical globin, as well as
the probability that there is no amino acid in that posi-
tion (i.e. that a sequence belonging to this family may
have a gap at that position in a multiple alignment).
These have been called profiles (Waterman & Perlwitz,
1986: Barton & Sternberg, 1990; Gribskov et al., 1990
Bowie ef al., 1991; Liithy ef al., 1991}. A profile of globins
can be thought of as a statistical model for the family of
globins, in that for any sequence of amino acids, it defines
a probability for that sequence, in such a way that globin
sequences tend to have much higher probabilities than
non-globin sequences.

The type of hidden Markov model we use as a statistical
model for a protein family can be viewed as a generalized
profile. However, instead of describing the HMM directly

T They have developed a variant of the method
described here that employs a gradient descent training
algorithm in place of the KM algorithm, '

in terms of the probability it assigns to each protein
sequence, we find that it is easier to first think of an HMM
as a structure that generates protein sequences by a
random process. This structure and corresponding
random process is illustrated in Figure 1 and can be
described as follows.

The main line of the HMM contains a sequence of M
states, which we call match states, corresponding to posi-
tions in a protein or eolumns in a multiple alignment (M
equals 4 in Fig. 1). Each of these states can generate a
letter = from the 20-letter amino acid alphabet according
to a distribution @ (x|m,), k=1 ... M. The notation
P (x|lm,) means that each of the match states m,, 1 <& <
M. have distinet distributions. For each match state m,,
there is a delete state d; that does not produce any amino
acid but is 3 “dummy” state used to skip m,. Finally,
there are a total of M + ] insert states to either side of the
match states which generate amino acids in exactly the
same way as the match states, but use probabiiity distri-
butions 2 {z|i,). In Figure 1, match, delete and insert
states are shown as boxes, circles and diamonds, respec-
tively. For convenience, we have added a dummy
“BEGIN” state and a dummy “END” state, denoted m,
and m,, , , respectively, which do not produce any amino
acid.

From each state, there are three possible transitions to
other states, also shown in Figure . Transitions into
match or delete states always move forward in the model,
whereas transitions into insert states do not. Note that
multiple insertions between match states can occur, since
the self-loop on the insert state allows a transition from
the insert state to itself. The transition probahility from
state ¢ to state r is called 7 (rlg). Our notation is summar-
ized in Table 1,

A sequence can be generated by a “random walk”
through the model as follows: Commencing at state mg
(BEGIN), choose a transition to m,, d,, or iy randomly

Table 1
Notation

x Amino acid

3 Sequence of amino acids {(s==z,...2)
L Length of sequence

q.r State in HMM

path A sequence of states, ¢, ...qgy

N Number of states in a path

M Length of model

m, i, d Match, insert and delete states

My, My, Begin and end states

EdEI] Probuability distribution of amino acids in
state g

F(rlq) Probability of a transition from state q to »
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aceording to the probabilities 7 (m,|mg), F (d,|m,), and
T (iglmg). If m, is chosen, generate the first amino acid x|
from the probability distribution 2 {x|m;), and choose a
transition to the mext state according to prohabilities
F (lm,), where - indicates any possible next state. If this
next state is the insert state i,, then generate amino acid
x, from & (x|i,) and select the next state from F (-1i,). If
delete (d,} is chosen next, generate no amino acid, and
choose the next state from F (|d,). Continue in this
manner all the way to the END atate, generating a
gequence of amino acids z,, , ... x; by following a path
of states go, ¢, ... g8, Gy, through the model, where
go =mg (the BEGIN state) and gy, , =m,,, (the END
state). Because the delete states do not produce any
amino acid, & is larger than or equal to L. If ¢; is a match
or insert state, we define 1(¢) to be the index in the
sequence x; ... x; of the amino aeid produced in state ¢,
The probability of the event that the path ¢y ... gy, is
taken and the sequence =, ... x; is generated is

Prob(x, ... 21, go - .. gy, imodel)

N
=7 (my,,lgn) x l—_[ f(‘li|9i-1)~gp(xuiﬂ‘?r)s H
i=1
where we set @ (xlg) =1 if g; is a delete state. The
probability of any sequence ; ... #, of amino acids is a
sum over all possible paths that could produce that
sequence, which we write as follows:

Prob(z, ... z;|model)
= ¥ Prob(z,

paths 40...qx+1

s %, go ... gy model).  (2)

In this way a probability distribution on the space of
sequences 18 defined. The goal is to find a model (ie. a
proper model length and probability parameters} that
accurately describes a family of proteins by assigning
large probabilities to sequences in that family.

This particular structure for the HMM was chosen
because it is the simplest model that captures the struc-
tural intuition of a protein: (a) a sequence of positions,
each with ite own distribution over the amino acids; (b)
the possibility for either skipping a position or inserting
extra amino acids between consecutive positions; and (c)
allowing for the possibility that eontinuing an insertion or
deletion is more likely than starting one. This choice
appears to have worked well for modeling the protein
families that we have examined, but other types of HMMs
may be better at other tasks (e.g. the more elaborate
models for protein superfamilies used by White et al.,
1991; Stultz ef al., 1993). The important feature of the
HMM method is its generality. One can choose any strue-
ture for the states and transitions that is appropriate for
the problem at hand. Examples of more general HMM
architectures are given in sections (d) and {e}, below.

(b) Estimating the parameters of an HMM from
training sequences

All the parameters in the HMM (i.e. the transition
probabilities and the amino acid distributions) could in
principle be chosen by hand from an existing alignment of
protein sequences, as in Gribskov ef af. (1990}, White ef al.
(1991), Stultz et al. (1993), or from information about the
three-dimensional structure of proteins, as in Bowie
et al. (1991), White ef al. (1991), Stultz e al. (1993). The
novel approach we take is to “learn” the parameters
entirely automatically from a set of unaligned primary
sequences, using an EM algorithm. This approach can in

principle find the model that best deseribes a given set of
sequences.

Given a set of training sequences s(1), ..., s(n), one can
see how well a model fits them by calculating the prob-
ability that it generates them. This probability is simply a
product of terms of the form given by equation (2), i.e.

Prob(sequences/model) = [| Prob(s(j){model}, (3)
j=1

where each term Prob(s(j)| model} is caleulated by substi-
tuting x, ... ;= 3(j) in equation (2). This is called the
likelihood of the model. Oue would like this value to be
high. The maximum likelihood (ML) method of model
estimation is to find the model that maximizes the likeli-
hood (3).

An alternate approach to ML estimation is the maxi-
mum & posteriori (MAP) approach. Here, we assume a
prior probability distribution over all possible parameters
of the model embodying prior beliefs on what a model
should be like. This can then be used to “penalize’”’ models
that are known to be bad or uninteresting. We discuss this
further in Krogh ef al. (1993a). In MAP estimation, we try
to maximize the posterior probability of the model given
the sequences. Using Bayes rule, the posterior probability
can he caleulated as

Prob(model}sequernces)

_ Prob(sequences{model] Prob{model)
Prob(sequences) '

{4)

Here Praob(model) is the prior probability distribution,
and Prob(sequences) can be viewed as a normalizing
constant. Since this normalizing constant i independent
of the model, MAP estimation is equivalent to
maximizing

Prob{sequence|model) Prob(model). (5)

over all possible models. The MAP approach is closely
related to minimum deseription length (Jurka &
Milosavlievie, 1991) and minimum message length
{Allison ef al., 1992) methods.

There is no known efficient way to directly caleulate the
best HMM model either in the ML or MAP sense.
However, there are algorithms that given an arbitrary
starting point find a local rmaximum by iteratively
re-estimating the model in such a way that the likelihood
(or the posterior probability) increases in each iteration.
The most common one is the Baum-Welch or forward-
backward algorithm (Rabiner, 1989; Lawrence & Reilly,
1990), which is a version of the general EM method often
used in statistics (Dempster ef al., 1977). The process of
the EM algorithm ean be viewed as an iterative adap-
tation of the model to fit the training sequences. The steps
in this process can be summarized as follows:

{1} An initial mode] is created by assigning values to
the transition probability & (r|g) and the amino acid
generation probability 2 (x|g) for each x, ¢ and r, where
is one of the 20 amino acids and ¢ and r are states in the
HMM connected by a transition arc. If one already knows
some features present in the sequences, or constraints on
the sequences, these may sometimes be encoded in the
initial model. The current model! is set to this initial
model.

{2) Using the carrent model, all possible paths for each
training sequence are considered in order to get a new
estimate 9 (r|g) of the transition probability & (r|g) and
a new estimate 2 (x|g) of the amino acid generation
probability # (x|q) for each z, ¢ and r. The transition
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probability estimate 9 (r]q) is obtained by counting the
number of times a transition is made from state ¢ to 7, for
all paths of all training sequences, weighted by the prob-
ability of the path. The estimate # (x|¢) is made in a
similar manner, by counting the number of times the
amino acid x is aligned to the state g.

(3) In the next step of ML estimation, a new current
model is created by simply replacing 7 (rlg) by F (r|g)
and @ (z|¢) by 2 (z|g) for each x, ¢ and r. In MAP EM
estimation, the parameters 7 (r|g) and 2 (x|g) are further
modified by considering the prior probability of the model
before they are used to replace the old parameters.

{(4) Steps (2) and (3) are repeated until the parameters
of the current model change only insignificantly.

Since the quality of the current model (a8 measured by
equations (3) or (5)} increases in each iteration, and no
model is arbitrarily good, the process eventually termi-
nates and produces a model that is, at least locally, the
best model for the training sequences to within some
specified precision of the parameters {Dempster e al.,
1977). Typically, this occurs very rapidly {e.g. in less than
10 iterations) even for large models and large sets of
training sequences.

The main computational bottleneck in the algorithm is
step (2}, since individually examining each possible path
for every training sequence would generally take time
exponential in the length of the longest training sequence.
However, it is possible to use a dynamic programming
technique known as the forward-backward procedure to
speed up this step. Using this method, the new parameter
estimates can be calculated in time proportional to the
number of states in the model multiplied by the total
length of all the training sequences. Details are given in
the excellent tutorial article on HMMs by Rabiner (1989).

The forward part of the forward-backward procedure
can also be used to efficiently compute —log
Prob{sequence|model}, the negative logarithm of the
probability of a sequence given the model {as defined in
equation (2)}, without summing over all possible paths for
the sequence {Rabiner, 1989). We call this the negative
log likelihcod (NLL)-score of the sequence. The average
NLL-score of a training sequence is inversely related to
the likelihood of the model, given by equation (3), and
hence serves as a numerical measure of progress for each
iteration of the EM procedure. The NLL-score can also be
used to evaluate how well the model fits a novel “test”
sequence not present in the training set, as deseribed in
section (c) below.

(e} The Viterbi algorithm and multiple alignment
Sroman HMM

The forward-backward procedure is related to the
dynamic programming technique used to align one
sequence to another, or more generally to align a sequence
to a profile. A variant of the forward-backward procedure
known as the Viterbi algorithm is similar to the standard
profile alignment algorithm (Waterman & Perlwitz, 19886;
Barton & Sternberg, 1990; Gribskov ef al., 1990). Instead
of calculating the NLL-score for a sequence, which impli-
citly involves all possible paths for that sequence through
the model, the Viterbi algorithm computes the negative
logarithm of the probability of the single most likely path
for the sequence. We can write this as

— log max Prob(s, path|model), (6)
paths

where Prob(s, path|model) is given in equation (1), with
a=x...2; and path=g,...95,,. Instead of first maxi-

mizing the probability of the path and then taking the
negative logarithm, it is convenient (and equivalent) to
simply minimize the negative logarithm of the probability
over all paths. This minimum we will call the distance
from the sequence to the model,

dist{s, model) = min { —log Prob(4, path|model)}
paihs
N+1
=min ) [—log 7 (g;lg;-1)—log 2 {zyg:)]
paths i=1

This distance from a sequence to a model is analogous
to the standard “edit distance” from one sequence to
another (with gap penalties), see e.g. Waterman (1989),
but is perhaps more related to the distance from a
sequence to a profile. The term —log 2 (xy;|q;) represents
a penalty for aligning the amino acid x,; to the position
represented by state g; in the model. The term
~log . {g:lg;_,) corresponds to a penalty for using the
transition from ¢;_, to g; in the model. If this is a
transition from a match state to a delete state, then this
represents a gap-initiation penalty; if it is from a delete
state to a delete state it represents a gap-extension
penalty; if it is from & match state to an insert state, it
represents an ingertion-initiation penalty; and if it is a
trangition from an insertion state to itself (a “self-loop™),
then it represents an insertion extension penalty. One of
the main features of this distance measure is that all these
penalties depend on the position in the model, whereas
they would be fixed in most standard pairwise alignment
methods. Often the most likely path has a significantly
higher probability than all other paths, and in that case
the distance defined here will be approximately equal to
the NLL-score defined earlier.

The computation time for the Viterbi algorithm is
proportional to the number of states in the model multi-
plied by the length of the sequence being aligned, i.e. the
same as the time for the forward-backward algorithm. In
addition, with a simple extension to the algorithm, the
most probable path itself can be found using the usual
backtracking technique (Rabiner, 1989). This is the
method we use to obtain our multiple alignments: each
sequence is aligned to the model by the Viterbi algorithm,
after which the mutual alignment of the sequences among
themselves i3 then determined.t

(d} Using the HM M to cluster sequences and
discover subfamilies

When a relatively large number of sequences are avail-
able, it is sometimes possible to obtain improved results
by dividing these sequences into clusters of similar
sequences and training a different HMM for each cluster-
/subfamily. The results of this are illustrated in more
detail in Results section {a). Given a large set of uniabeled
and unaligned sequences, a simple extension of the hidden
Markov model enables us to use the EM training algo-
rithm to automatically partition the sequences into
clusters of similar sequences. By iteratively splitting
clusters, this method might be useful for building phylo-
genetic trees in a “top-down’ manner. However, when
the clusters become too small there will be an insufficient
number of sequences in each cluster to construet an
accurate model, so some “bottom-up” processing may
still be necessary.

In order to discover w clusters in the data, we make w
copies of the HMM, one for each cluster. We call these

t We make no attempt to align portions of the
sequence that use the insert states of the model.
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Figure 2, HMM architecture for discovering sub-
families.

components of the {composite) HMM. Presently, the
number w of clusters and the initial lengths of the models
for these clusters are determined empirically. We then
add a new begin state with w outgoing transitions, one to
each of the begin states of the component HMMs (see
Yig. 2).

This new begin state is analogous to the other begin
states in that it generates no amino acid. We then train
this composite model with the EM algorithm as described
in section (b), above. The EM re-estimation of a com-
ponent model is the same as the re-estimation of a single
model, except that the weight that a sequence has in the
re-estimation of a component is proportional to the prob-
ability of the sequence given that component model.
Thus, sequences that have better NLI-scores for a parti-
cular HMM component have greater influence in re-esti-
mating the parameters of that component, and this causes
the parameters of that component to change in such a
way that the component further “specializes’ in modeling
those sequences. The “surgery” procedure described
below in section (g) is uged to adapt the length of that
component to further specialize it. Tn this manner, the
individual components evolve during training to represent
clugters in the training sequences, This way of using EM is
called mixture modeling in the statistics literature {Duda
& Hart, 1973; Everitt & Hand, 1981), and is known as
“(soft) competitive learning” in the neural network litera-
ture (Nowlan, 1990),

When the model is trained, the probability of a
sequence given any of the submodels can be caleulated,
i.e. the probability that the sequence bhelongs to the
corresponding cluster/subclass. The negative logarithm of
this probability corresponds to the NLlL-score calculated
for a simple HMM. As with the standard HMM we use,
this yields a quantitative measure of how well the model
fits the data. The clusters found can also be compared to

known subfamilies of the sequences. Experiments with
the clustering of globin sequences are described in Results
section (a).

(e} Modeling protein domains with an HM M

There are many cases when one does not want to build
a statistical model of a family of whole proteins like
globins, but instead to build a model of a structural motif
or domain that oceurs as a subsequence in many different
kinds of proteins, such as the EF-hand motif (Nakayama
et al., 1992) or the kinase catalytic domain {Hanks &
Quinn, 1991). Here we expect our model to only match a
relatively small subsequence of any given protein, with
many other unmatched amine acids appearing before and
after this subsequence. One approach to this problem is to
alter the dynamic programming method used to align a
sequence to a model so that it tries all possible ways of
aligning each subsequence of the sequenece to a model
(Waterman, 1989). We use a simpler (but almost equiva-
lent) method in which only the HMM model is altered, so
that the same standard procedures (forward-backward
and Viterbi) which we use for models of whole proteins
can be used without modification for models of domains.

Consider a training set of many unaligned sequences
consisting not of complete proteins, but of a specific
domain. Our first step is to train an HMM for these
sequences exactly as described earlier. As shown in Figure
1, this HMM will have initial and final “dummy” match
states mg and my,; (where N +1=25 in Fig. 1) that do
not match any amino acid. To alter the HMM to represent
a protein domain, we create 2 new insert states iy and iy,
adding ig to the model before the state mg and ig at the
end of the mode] after my_, (see Fig. 3).

We then add a new dummy BEGIN state before ig and
a new dummy END state after ig. Eight new transitions
are also added to the model. The first 4 are from BEGIN
to ig, from my,, to ig, and the self-loops from i to itself
and from ig to itself. These all have the same probability
p, for some p between 0 and 1. The second 4 transitions
are from iz to my, from BEGIN to mg, from ig to END,
and from my,, to END. These all have probability 1 —p.
The new states added before and after the model, along
with these transitions, form 2 new modules, 1 for
matching the extra amino acids that oceur in the
sequence before the domain, and the other for matching
the amino acids after the domain.

The choice of the parameter p does affect the way that
the overall model aligns with a given sequence. To see
how, it is convenient to think of the negative logarithm of
the probability of a transition as a penalty for using that
transition, as described in section (¢), above. [n the modi-
fied model, all sequences must suffer a penalty of
—log (1 — p) to enter and again to exit the domain part of
the model, no matter which path they take. Hence this
penalty is a fixed cost, which can be ignored when

BEGIN

| END

(1-p)

(1-p)

Figure 3. HMM architecture for madeling domains.
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comparing the distances or NLT.-scores of 2 sequences
with respect to the model. Tn addition to this penalty, all
sequences will suffer a penalty of K(—logp + log 20),
where K = 0 is the number of amino acids that are not
matched to the original domain model, but are instead
matehed in the states iy and i;. The —log 20 term arises
because we set the probabilities of each amino acid to 1/20
in the insertion states iy and ig (see Krogh ef al., 1993a).
Thus p will determine the “pressure” on the sequence to
align something to the domain model, i.e. if p is low it is
advantageous to squeeze many amino acids into the
domain model, using the insert states in this part of the
model. If it is high. it is possible that most sequences
would prefer to pass through the delete states in the
domain model, aligning everything instead to the new
modules before and after it. Tt is straightforward to
estimate p the same way as all the other parameters, the
only additional problem is that the same value must be
used in all the transitions that use this value, “tying”
these parameters to each other. Otherwise the model
might become biased towards aligning the domain either
near the beginning of the sequence or near the end of the
sequence. We have not attempted to estimate p. Rather,
we have used a fixed p = 1 with good results. (This should
be thought of as a limit of p approaching 1, otherwise
—log (1 — p) is infinite.)

Using this construetion, it may also be possible to
discover interesting domains by training on whole protein
sequences, and letting EM determine which part of the
proteins to model. Furthermore, if more than one ocecur-
rence of the same domain is expected in some sequences,
then this model can be further modified to find all oceur-
rences. This is accomplished by simply adding a transition
from the END state back to the BEGIN state.

(f) Searching a database with an HM M

Once an HMM is buiit for a family of proteins, it can be
used to search a database such as PTR or SWIBS-PROT
for other proteins in this family. Similarly, if an HMM is
built for & protein domain or motif. then it can be used to
search for occurrences of this domain or motif in the
database, mueh like a PROSITE expression {(Bairoch,
1992), a commonly used method for searching for patterns
found in protein sequences. Like a profile (Waterman &
Perlwitz, 1986; Barton & Sternberg, 1990; Gribskov et al.,
1990; Bowie et al., 1991; Liithy et ¢l.. 1991), an HMM has
an advantage over a PROSITE expression for database
searches. Tt takes into account a large amount of statis-
tical information in matching a sequence, and welghs this
information appropriately, rather than relying on rela-
tively rigid matching rules,

As described in section (b), above, the forward part of
the forward-backward dynamic programming method
caleulates a NLlL-score for any test sequence that
measures how well it fits the model. This NLL-score is the
negative logarithm of the probability of the sequence
given the model. 1t turns out that this raw NLL-score is
too dependent on the length of the test sequence to be
used directly to decide if the sequence is in the family
modeled by the HMM or not. However, we can over-
come this problem by normalizing this NLL-score
appropriately.

Whenever we build an HMM for a family of proteins or
for a protein domain, we run all the proteins in a standard
database (for instance, SWISS-PROT}) through this HMM
and compute the NLL-score for each sequence. A scatter
plot of sequence length versus NLL-score for our kinase
catalytic domain model is given in Figure 9.

Most proteins tend to lie on a fairly straight line
(towards the top of the plot) indicating that the
NLL-score for these proteins is proportional to their
lengths. These proteins are the ones that do not contain
the kinase catalytic domain and thus look like “random
proteins” to the kinase catalytic domain model. Tn
contrast, the proteins that do contain the kinase catalytic
domain tend to have NLL-scores that are much lower
than expected for proteins of their length, and hence
appear below the linear band of non-kinase proteins.

We can quantify the difference between NLIL-scores for
proteins containing the kinase catalytic domain and
NLL-scores for proteins not containing the domain by a
simple statistical method, as follows. Using a local
windowing technique.,f we first caloulate a smooth
average curve for the roughly Ilinear band of the
NLL-score wversus length plot. The standard deviation
around this average curve is also calculated. Using this,
we calculate the difference between the NLL-score of a
sequence and the average NLL-score of typical sequences
of that same length, measured in standard deviations.
This number is called the Z-score for the sequence. We
then choose a Z-score cut-off, either @ priori or by looking
at the histogram of Z-scores for sequences in the database
{see Fig. 10), and use it to decide if a given sequence fits
the model or not. We have found that a Z-score of
approximately 5 appears a good choice in most cases we
have examined., but we suggest carefully checking the
histogram by eye before deciding on a cut-off. For
example, for our HMM of the kinase catalytic domain,
sequences with Z-scores below 5 are classified as not
containing the kinase catalytic domain, and sequences
with Z-scores above 5 are classified as containing the
catalytic domain. If the Z-score of a sequence indicates
that it contains the catalytic domain, we can align the
sequence to the eatalytic domain HMM to find out where
this domain oceurs in the sequence. The time it takes to
do a database search is proportional to the number of
residues in the database times the length of the model.
For our globin model (length 147) we can search the
SWISS-PROT database (about 8375000 residues) in
approximately 2 CPU hours on a Sun Sparcstation 1.
Using the shorter EF-hand model (length 29) it takes only
18 CPU seconds (11 user min) on a Sun Sparcstation 2. A
parallel implementation of the search procedure (not yet
implemented) will speed up these searches substantially,
as it hag the EM training procedure,

While the statistical techniques we have used to deter-
mine Z-scores are still quite crude, we have found that the
HMMs are sufficiently good models that these techniques
work well enough in practice. However, it may be that
more sophisticated techniques are needed in certain cases,

t The average curve is calculated as follows. For each
length i starting at ¢ = L. the length [; is computed such
that there are at least 500 proteins of lengths ¢ to f; and
less than 500 proteins of lengths ¢ to /; — 1. The length
interval ¢ to I; is called a window. The average curve is
piecewise linear through the points corresponding to the
average length and average N1.L-score for each window.
The first and last parts of the curve are calculated by
linear regression in the first and last window,
respeetively. The standard deviation of the points from
the smooth curve is also calculated for each window.
The estimate of the average curve can be improved by
eliminating outliers, i.e. NLL-scores that lie many
standard deviations from the average. We iterate the
process of removing outliers and re-estimating the
average curve until ne more outliers remain.
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(g) Imitial model, local minima, and choice of model length

As mentioned in section (b), above, when estimating
the model from the training sequences, the EM algorithm
does not guarantee convergence to the best model. Tt is
basically a steepest-descent-type algorithm that climbs
the nearest peak (local maximum) of the likelihood fune-
tion (or the posterior probability in MAP estimation).
Since finding the globally optimal model seems to be a
difficult optimization problem in general (Abe &
Warmuth, 1990), we have experimented with various
heuristic methods to improve the performance of the
method.

Probably the best method is to give the model a hint if
something is already known about the sequences, which is
often the case. A good starting point makes it much more
likely that the nearest peak is at least close to optimal
This is done by setting the probabilities in the initial
model to values reflecting that knowledge. If, for instance,
an alignment of some of the sequences is available, it is
straightforward to translate that into a model by simply
caleulating the relative frequency of the amino acids and
the transition frequencies in each position, as in the
profile method {Gribskov et al., 1990).

It is of course even more interesting if the model can be
found from a tabule rase, ie. using no knowledge about
the sequences. For that we have used an initial model
where all equivalent probabilities are the same, i.e.
F (my,,|m) is independent of the position k in the
model, and similarly for all other transition probabilities,
and 2 (z|m,) is also independent of k. To avoid the
smaller local maxima, noige is added to the model during
the iteration before each re-estimation. Initially quite a
lot of noise is added, but over 10 iterations the noise is
decreased linearly to zero. Since noise iz added directly to
the model, it is not like the usual implementation of
simulated annealing, but the principle is the same. The
“annealing schedule™ is presently rather arbitrary, but it
does seem to give reasonable resultst if it is applied
geveral times, and the best of the models found is used as
the final model.

It is important that the best model be selected, since
suboptimal models do produce inferior alignments in
general. However, when studying alignments from sub-
optimal globin models, we noted that they tend to align
some regions well, occasionally getting better alignments
in those regions than the best overall model found, while
in other regions they are completely incorrect. This leaves
open the intriguing possibility of combining the best
solutions found for different regions into a new overall
best model. We have not yet explored this possibility.

The length of the model is also a crucial parameter that
needs to be chosen a priori. However, we have developed
a simple heuristic that selects a good model length, and
even helps in the problem of local maxima. The heuristic
is this: after learning, if more than a fraction} y,,; of the
paths of the sequences choose d;, the delete state at
position &, that position is removed from the model
Similarly, if more than a fraction y,, make insertions at
position k (in state i,}, a number of new positions equal to
the average number of insertions made at that position
are inserted into the model after position k. After these

T An alternate method that also appears to give good
results has been developed by Baldi ef al. (Baldi ef al.,
1993; Baldi & Chauvin, 1993). This method uses
stochastic gradient descent in place of the EM method,
which may help in avoiding local minima.

1 Currently we choose y,, and 3, each to be 1/2.

changes in the model, it is retrained, and this cycle is
repeated until no more changes are needed. We call this
“model surgery”.

(h) Over-fitting and M AP estimation

A model with too many free parameters cannot be
estimated well from a relatively small data set of training
sequences. If we try to estimate such a model, we run into
the problem of overfitting, in which the model fits the
training sequences very well, but gives a poor fit to
related (test}) sequences that were not included in the
training set. We say that the mode] does not “generalize”
well to test sequences. This phenomenon has been -well
documented in statistics and machine learning (see e.g.
Geman et al., 1992; Berger, 1985). One way to deal with
this problem is to control the effective number of free
parameters in the model by usging prior information. This
can be accomplished with MAP estimation, Parameters
that we assume (zig our prior distribution on models) can
be well-estimated a priori in effect become less adaptive,
because it takes a lot of data to override our prior beliefs
about them, whereas those about which we have only
weak prior knowledge are estimated in almost the same
manner as in maximum likelihood estimation. In this
way, the model can have a very large number of para-
meters, but a much smaller number of “effectively free”
parameters. To make MAP estimation practical, we use
Dirichlet distributions as priors. The details of the method
are described elsewhere (Krogh et al., 1993a; Brown et al.,
1993).

3. Results
{(a) Globin experiments

The modeling was first tested on the globins, a
large family of heme-containing proteins involved in
the storage and transport of oxygen that have
different oligomeric states and overall architecture
{for a review see Dickerson & Geis (1983)).
Hemoglobins are tetramers composed of two «
chains and two other subunits (usually §, 7, é or 8).
Myoglobin is a single chain, some insect giobins are
present as dimers and some intracellular inverte-
brate globins occur in large complexes of many
subunits.

Globin sequences were extracted from the
SWISS-PROT database (release 19) by searching
for the keyword “globin”. Eliminating the false
positives, resulted in 625 genuine globin sequences
of average length 145 amino acids. We left three
non-globins in the sample for illustrational purposes
giving a total of 628 sequences. The sample of
globins in the database is not the random sample a
statistician would prefer, but is perhaps one of the
best and largest collections of protein sequences
from a homologous family. Searching for the words
“alpha”, “beta’’, “gamma”, “delta”, “theta”, and
“myoglobin” in the data file yielded 224 alpha, §99
beta, 16 gamma, 8 delta and 5 theta chains and 79
myoglobins, which adds up to 531 sequences. These
should naturally be considered minimum numbers,
but they give a good picture of how skewed the
sample is.

To test our method, we trained an HMM using
the method described in Methods sections (b) and
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Helix
HBA_HUMAYN
HBB_HUMAN
MYG_PHYCA
GLB3_CHITP
GLB5_PETMA
LGB2_LUPLU
GLB1_GLYDI

Helix
HBA_RUMAN
HBB_HUMAN
MYG_PHYCA
GLB3_CHITP
GLBS _PETMA
LGB2_LUPLU
GLB1_GLYDI

Helix
HBA_HUMAN
HBB_HUMAN
MYG_PHYCA
GLB3_CHITP
GLB5_PETMA
LGB2_LUPLU
GLB1_GLYDI

AAAAAAAAAAAAAAAA  BRBBBBBBBBBEBBBBCCCCCCCCCCC DDDDDDDEE
———————— VHLTPEEKSAVTALWGKV-—~-NVDEVGGEALGRLLVVYPWTQRFFESFGDLSTPDAVMGNP
————————— VLSEGEWQLVLHVWAKVEA-~DVAGHGQDILIRLFKSHPETLEKFDRFKHLKTEAEMKASE
—————————— LSADQISTVQASFDKVKG-~~——-~-DPVGILYAVFKADPSIMAKFTQFAG-KDLESIKGTA
PIVDTGSVAPLSAAEKTKIRSAWAPVYS--TYETSGVDILVKFFTSTPAAQEFFPKFKGLTTADQLKKSA
———————— GALTESQAALVKSSWEEFNA--NIPKHTHRFFILVLEIAPAAKDLFS-FLK-GTSEVPQNNP

————————— GLSAAQRQVIAATWKDIAGADNGAGVGKDCLIKFLSAHPQMAAVFG-FSG——~-AS5---DP

EEEEEEEEEEEEEEEEEEE FFFFFFFFFFFF FFGGGGGGGGGGGGGGGGGGE

QVKGHGKKVADALTNAVAHV---D--DMPNALSALSDLHAHKL--RVDPVNFKLLSECLLVTLAAELFPAE
KVEKARGKKVLGAFSDGLAHL——-D--NLKGTFATLSELHCDKL--HVDPENFRLLGNVLVCVLAHHFGKE
DLKKHGVTVLTALGAILKK-~——K-GHHEAELKPLAQSHATKH--KIPIKYLEFISEAIIHVLHSRHPGD
PFETHANRIVGFFSKIIGEL--P---BIEADVNTFVASHKPRG-——VTHDQLENFRAGFVSYHMKAHT--D
DVRWHAERIINAVNDAVASHM--DDTEKMSMKLRDLSGKHAKSF--QVDPQYFEVLAAVIADTVAAG———
ELQARAGKVFRLVYEAAIQLOVTGVYVTDATLKRLGSVHYSKG-—VADARFPYVKEATLKTIKEVVGAK
GVAALGAKVLAQIGVAVSHL-—GDEGKMVAQMKAVGVRHKGYGNKHIKAQYFEPLGASLLSAMEHRIGGK

HHAHHAHHHRHHEHHHHHHHHRHHHA
FTPAVHASLDKFLASVSTVLTSKYR-——---
FTPPVQAAYQKVVAGVANALAHKYH—-—---
FGADAQGAMNKALELFRKDIAAKYKELGYQG
FA-GAEAAWGATLDTFFGMIFSKM-———-—-

WSEELNSAWTIAYDELAIVIKKEMNDAA-—-
MNAAAKDAWAAAYADISGALISGLQS-~——-

Figure 4. Seven representative globin sequences of known structure and their alignment taken from Bashford ef al.
{1987). The letters A to H in Helix denote the 8 different o-helices. Some regions, especially CD, D and FG, are not well
defined. The sequences and their SWISS-PROT identifiers are Human o (HBA_HUMAN), human § (HBB_HUMAN)},
gperm whale myoglobin (MYG_PHYCA), larval Chironomous thummi globin (GLB3_CHITP), sea lamprey globin
{GLB5_PETMA), Lupinus luteus leghemoglobin (LGB2.LUPLU), and bloodworm globin (GLBL.GLYDI). {In
SWISS-PROT 19 a § is used instead of an “_" in the identifiers.}

(g). We used a homogeneous initial model that
contained no knowledge about the globin family. Its
probability parameters were derived from the prior,
and were the same for all equivalent transitions (i.e.
9 different. transition probabilities). All amino acid
probabilities (the @ distributions) were set equal to
the distribution of the amino acids given by Krogh
et al. (1993a). In the insert states we used a prob-
ability of 1/20 for all amino acids. The only model
parameters set by hand are the initial transition
probabilities and corresponding regularization para-
meters (see Krogh et al., 1993a). From our experi-
ence, the method does not seem to be very sensitive
to the choice of these parameters, but it would
require considerable further experimentation to
verify this quantitatively.

For our training set, we picked 400 sequences at
random from the 628 sequences, We withheld the
remaining 228 sequences in order to test the model
on data not used in the training process. The model
was trained using noise and model sargery (v, =
Yine = 08}, as described in Methods section (g). This
procedure was repeated about 20 times with model
lengths chosen randomly between 145 and 170. The
average run-time was around 60 CPU minutes on a
Sun Sparestation I. For each run we computed a

NLL-score for the model, which was the average of
the NLL-scores for the training sequences, as
defined in Methods section (b). The final NLL-scores
varied considerably for these runs but the best was
210-7.

We then took this model, produced ten new
models by adding noise, and optimized these. These
models all generated approximately the same
NLL-score and we picked the model with the best
NLL-score, 210-3, having a length of 147. We vali-
dated this model} in two ways: from the alignments
it produced, and by its abliity to discriminate
between globins and non-globins. The results are
described below.

(1) Multiple sequence alignments

A multiple alignment of many globin sequences has
been produced by Bashford et el (1987) by
including into the alignment procedure tertiary-
structure information of seven globins (Fig. 4). This

T We stress that the final model was chosen according
to an objective measure, namely the NLL-score on the
training set, and not retroactively on the basis of how
well it did in multiple alighment or database search
tagks.
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was achieved by aligning these seven sequences and
then aligning the rest of the 226 studied to the
closest of these seven. In contrast, generating
multiple alignments with HMMs requires no prior
knowledge of underlying structure. Using the globin
HMM, we produced a multiple alignment of all the
625 globin sequences by the Viterbi algorithm as
deseribed in Methods section (¢). Figure 5 shows this
alignment for the seven sequences from Bashford et
al. (1987).

The alignment found in this experimment agrees
extremely well with the structurally derived align-
ment of Bashford ef al. Gur alignment differs in the
region between the C and E helices. However, this is
a highly variable area since only some globins
possess a D helix. The ditference in the F/G-helices
is more pronounced, with the remaining discrepan-
cies possibly representing an alternative alignment.
Four of the insertions the model chose are in vari-
able regions between or at the end of helices, i.e.

Helix AAAAAAAAAAAAAARA

A dokR ok ok ROk k%4

HBA_HUMAN V......... LSPADKTNVKAAWGKVGA .
HBB_HUMAN Vh........ LTPEEKSAVTALWGKV--.
MYG_PHYCA V......... LSEGEWQLVLHVWAKVEA .
GLB3_CHITP -......... LSADQISTVQASFDKV—-.
PivdtgsvapLSAAEKTKIRSAWAPVYS.
LGB2_LUPLU Ga........ LTESQAALVKSSWEEFNA.

GLB5_PETMA

between secondary struecture elements. The last two
insertions appear in the F/G region.

(ii} Database search: discriminating globins from
non-globins

The globin HMM model we found was also tested on
all the 25,044 proteins in the SWISS-PROT data-
base release 2240 of length less than 5000 amino
acids {(which is all but 2). A NLL-score and a Z-score
were computed for each of these sequences as
described in Methods section (f). These are plotted
in Figures 6 and 7 as a scatter plot and a histogram,
respectively. For the histogram (but not the scatter
plot). the data were filtered as follows:

All sequences with a Z-score >335 and either
more than a total of 25, or more than 159 unknown
residues were removed (a total of 23). Currently, we
treat an unknown amino acid, X, as being the most
prabable amino acid at the position it is matched to,

BBBBBEBBBBEBBBBECCCCCCCCCCC DDDDDDDEE
bbbk kR Rk kR Rk ok kb +

.HAGEYGAEALERMFLSFPTTKTYFPHF-DLSHGSAQ~-—-
.NVDEVGGEALGRLLVVYPWTQRFFESFGDLSTPDAVMGNP
.DVAGHGQDILIRLFKSHPETLEKFDRFKHLKTEAEMKASE
.KGDPVG~-ILYAVFKADPSIMAKFTQF-AGKDLESIKGTA
.TYETSGVDILVKFFTSTPAAQEFFPKFKGLTTADQLKKSA
.NIPKHTHRFFILVLEIAPAAKDLF-SFLEKGTSEVP(-NNP

GLB1_GLYDI G......... LSAAQRQVIAATWKDIAGadNGAGVGKDCLIKFLSAHPQMAAVF-GF--—-SGASD~—-P

Helix EEEEEEEEEEEEEEEEEEE
ko Rk R KRk Rk Kk
HBA_HUMAN
HBEB_HUMAN
MYG_PHYCA

GLB3_CHITP

-VKGHGKKVADALTNAVAHVDD. . ... MPNALSALSDLHA. .
KVKAHGKKVLGAFSDGLAHLDN. .. .. LKGTFATLSELHC. .
DLKKHGVTVLTALGATLKKKGH. . ... HEAELERPLAQSHA. .
PFETHANRIVGFFSKIIGELPN..... TEADVNTFVASHK. .
GLBS_PETMA DVRWHAERIINAVNDAVASMDDtek..MSMKLRDLSGKHA. .

FFFFFFFFF
*ERK KKK

FFFFFGGG GGGGGGGGGGGGGGGG
L EE2 222 LT NE
.HKLRVDPV NFKLLSHCLLVTLAAHLP
.DKLHVDPE . NFRLLGNVLVCVLAHHFG
.TK-HKIPIkYLEFISEATITHVLHSRHP
.PR-GVTHD . QLNNFRAGFVSYMKAH--
-KSFQVDPQ . YFKVLAAVIADTVAA-—

LGB2_LUPLU ELQAHAGKVFKLVYEAAIQLQVtgvvvTDATLKNLGSVHV, . .SK~GVADA.HFPVVKEAILKTIKEVVG
GLB1_GLYDI GVAALGAKVLAQIGVAVSHLGDegk..MVAQMKAVGVRHKgygNK-HIKAQ. YFEPLGASLLSAMEHRIG
Helix HHEHHEHHHHHHEHARHHHEHRHEHHE
3 e ok ook s ek ok ok ok ok ok ok ko

HBA_HUMAN AEFTPAVHASLDKFLASVSTVLTSKY...... R

HBB_HUMAN KEFTPPVQAAYQKVVAGVANALAHKY...... H

MYG_PHYCA GDFGADAQGAMNKALELFRKDIAAKYkelgyqG

GLB3_CHITP TDF-AGAEAAWGATLDTFFGMIFSKM...... -

GLB5_PETMA GD—----- AGFEKLMSMICILLRSAY. ..
AKWSEELNSAWTIAYDELAIVIKKEMnda. .. A
GKMNAAAKDAWAAAYADISGALISGLg. .

LGB2_LUPLU
GLB1_GLYDI

Figure 5. The alignment of the same 7 globins as in Fig. 4, as obtained from our model trained on 400 randomly
chosen globin sequences. The capital letters represent amino acids aligned to the main line of the model, —, to deletions in

the model, and lower-case letters to amino acids treated as insertions hy the model. The .
accommedate insertions, No attempt has been made to align the insertion regions. In the line above the alignments

is used as a fill character to
*

indicates complete agreement of a column with the structural alignment (Fig. 4) and + denutes a minor deviation (the
only accepted difference is a reasonable displacement of a gap). The regions between the helices are not checked in this
way. The training set contained 5 of the 7 globins, not HBA_HUMAN and GLB5_PETMA.
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Figure 6. Plot of NLIL-score versus sequence length for globins and non-globins. All sequences of length less than 300
from the SWISS-PROT 22 database are shown, including partial sequences and 3 false globins from the globin file, and

sequences from the database eontaining many Xs.
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&~ non-—globins
4000 training set
M test set
3000
2000
1000
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Figure 7. Histogram showing the number of sequences
with a certain Z-score. The training set of 397 globins, the
test set of 231 globins. and the rest of the sequences from
SWISS-PROT 22 after “iiltering” are shown. The insert
shows expansion of the region around a Z-score of 5.

so sequences with many Xs spuriously match the
model very well.

Since we scarched a newer release of
SWISS-PROT (release 22) than the one from which
the globin training set was extracted (release 19),
eight new globins were found and incorporated into
the test set.

Five globin fragments of length 19 to 45 were
removed from the data.

Three non-glohin sequences in the globin file that
were identified as ontliers in Figure 6 were removed.
One of these non-globins was left as part of the
training sel to illustrate the robustness of the
method.

The model distinguishes extremely well between
globins and non-globins. Choosing a Z-score cutoff
of 5 we would miss 2 out of 628 globinst and get
essentially no false positive globins. There is one
“non-globin™, a bacterial hemoglobin-like protein
{(SWISS-PROT id HMP_ECOLI), that may or may
not be counted as a false positive. Only one
sequence, the heme containing catalase of
Penicitlium vitale (CATA_PENVI, Z-score 47), has
a Z-scove between 4-2 and 51, so any cutoff in this
range will essentially give the same separation. The
two sequences falling between a Z-score of 1 and 4

T 628 in the original data set. plus 8 new, minus 3
spurious, rainus b fragments, 397 were left from the
training and the remaining 231 made up the test set.
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(GLB_PARCA and GLB_TETPY) are protozoan,
whereas the other globing are metazoan. The
primary sequences of these globins are similar and
have little similarity with other eukaryotic globins.
Note also that both of these sequences are in the
test set.

(iit} Discovering subfamilies of globins

We also performed an experiment to automatically
discover subfamilies of globins using the method
described in Methods section (d). An HMM with ten
component HMMs was nsed. The initial lengths of
the components were chosen randomly between 120
and 170, but were adjusied by model surgery during
training. We trained this HMM on all 628 globins
and then caleculated the NILL-score for each
sequence for each of the ten component HMMs.
A sequence was classified as belonging to the cluster
represented by the component HMM that gave the
lowest NLl.-score, i.e. the one giving the highest
probability to that sequence.t Three of these
clusters were empty and the remaining seven non-
empty ones represented chains from known globin
subfamilies:

Class 1. 233 sequences: principally all «, a few {
(an a-type chain of mammalian embryonic hemo-
globin}, m/n" (the counterpart of the ¢ chain in major
early embryonic hemoglobin P), and -1 chains
(early erythrocyte o-like).

Class 2. 232 seguences, almost all B, a few &
(B-like), & (f-type found in early embryos), 7
{comprise fetal hemoglobin F in combination with 2
a chains), p (major early embryonic f-type chain)
and # chains {embryonic f-type chain).

Class 3. 71 myoglobins,

Class 4. 58 sequences. The 13 highest scoring in
this cluster are leghemoglobins. This class contains a
variety of sequences including the three non-globing
in original data set.

Class 5. 19 sequences. Midge globins.

Class 6. Eight sequences. Globing from agnatha
(jawless fish).

Class 7. Seven sequences. Varied.

We have not repeated this experiment using
different randomization to ascertain if better results
can be obtained. However, we are encouraged by
the results of this first experiment since it is able to
classify correctly the major globin subfamilies
{alpha, beta and myoglobin}.

(iv} The final globin model

Examination of the model itself yields information
on the structure of globins. Figure 8 shows the
normalized frequency counts (the numbers used to
re-estimate the parameters of the model) from some
parts of the final model. The thickness of a line

t We can also calculate the posterior probability of
each cluster by looking at the transition probabilities
out of the global start state, and thereby obtaining a
posterior distribution over the 10 clusters for each
sequence. However, these posteriors are very sharply
peaked, so this adds little to the analysis.

indicates what fraction of the 400 training
sequences made that transition or used that parti-
cular amino acid. A broken line indicates that less
than 5%, of the sequences used that transition. (The
continued delete is mostly due to fragments that
have to make many deletions.) The histogram in a
match state shows the distribution of amino acids
that were matched to that state. The number in an
insert shows the average length of an insertion
beginning at that position.

For the amino acids the ordering proposed by
Taylor {1986) is used. Starting from the top, the
amino acids are medium-sized and non-polar, small
and medium polar (around G and P}, medium sized
and polar {around K), large medium-polar (around
F and Y), and finally below they are medium-large
and non-polar. There does seem to he some ten-
dency for the distributions to peak around neigh-
boring amino acids when using this ordering, as one
would expect. When one looks at the whole model,
regions that are highly conserved are also readily
distinguished from the more variable regions, both
as a function of the probability that a position is
skipped, and the entropy of the distribution of
amino acids at that position.

(b} Kinase experiments

Protein kinases are defined as enzymes that
transfer a phosphate group from a phosphate donor
onto an aceeptor amino acid in a substrate protein
(Hunter, 1991; Hanks et ol., 1988). Based upon the
acceptor amino acid specificity, they have been
classified into serine/threonine, tyrosine, histidine,
cysteine, aspartyl and glutamyl kinases. Only
enzymes in the first two categories have been well
characterized and recent developments indicate
that some can phosphorylate both alcohol (serine/
threonine) and phenol (tyrosine} groups, the so-
called dual-specificity protein kinases (Lindberg ef
al., 1992). Tt is the region comprising the catalytic
domain of these hydroxyamino acid phosphory-
lating enzymes that we model by an HMM and
which we subsequently refer to as protein kinases or
simply kinases. Despite the differences in size,
substrate specificity, mechanism of activation, sub-
unit composition and subcellular localization, all
these kinases share a homologous catalytic core
containing 12 conserved subdomains or regions
(Hanks & Quinn, 1991; Hanks et al., 1988}

Because the kinase catalytic domain is only a
subsequence embedded in a larger protein, the
kinase experiments differed from the globin experi-
ments., The HMM used in the globin experiments
modeled the entire protein rather than simply a
segment of a protein as is the case for the kinase
family. Modeling domains requires several modifica-
tions to our standard HMM training which are
described in Methods section (e).

The training set for these experiments is a group
of 193 sequences from the March 1992 release of the
protein kinase catalytic domain database main-
tained by Hanks & Quinn (1991). This set is
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Figure 8. Parts of the final globin model. The position numbers are shown in the delete states.

composed of serine/threonine, tyrosine and dual-
specificity kinases principally from vertebrates and
higher eukaryotes but also inciudes some from lower
eukaryotes and viruses,

We trained ten HMMs on all 193 (unaligned)
sequences in this data set using the prior distribu-
tions described by Krogh ef af. (1993¢). No para-
meters of the modeling process were set manually
and the initial mode! lengths ranged from 242 to 282
positions (this encompasses the average length of
the sequences in our kinase catalytic domain
training set). At the end of the ten training runs, the
best kinase model had a NLL-score (the average
—log P{sequence|model} over the training set) of
588:39 and a length of 254. Modules were added at
the beginning and end of this model as described in
Methods section (e). We tested this model in the
same manner as described earlier for the globin
maodel.

Our main tests were diserimination tests, in which
we utilized the model to search the SWISS-PROT
version 22 database (25,044 sequences) for proteins
containing the kinase catalytic domain.

As described in Methods section (f), a NLL-score
was computed for each of the sequences in the
database and this information was used to compute
a sequence’s deviation from the average curve as
measured by a Z-score. The data were then filtered
to remove all sequences with any unknown residues
(353) and all sequences having length less than 200
(4230), since complete protein kinase catalytic
domains range from 250 to 300 residues (Hanks ef
al., 1988}, This filtering removed a total of 4386
sequences. A scatter plot of NLL-score versus length
for the SWISS-PROT sequences is given in
Figure 9.

A cutoff of 60 was chosen because there are no
sequences with Z-scores between 4935 and 6-773.
See Figure 10 for a histogram of the resulting
Z-scores. Any sequence having a Z-score > 60 was
therefore classified as containing the kinase cata-
Iytic domain while those with Z-score <60 were
classified ag not possessing the domain. With this
cutoff, 296 sequences were classified as containing
the kinase catalytic domain. The remaining 20,357
sequences were rejected.
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Figure 9. Scatter plot of NLL-score versus length for sequences in SWISS-PROT using the Kinase HMM.

The general issue of estimating the number of
false negatives and false positives when
distinguishing sequences belonging to a given family
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Figure 10. Histogram showing the number of seqquences
with a certain Z-score relative to the kinase model.

from non-members is a complex one. In the case of
the globins, it is “‘relatively” straightforward since
it ig possible to identify all the globins in the data-
base by performing a keyword or title string search.
The situation for the kinase domain or the EF-hand
motif (see section (¢} below) is less obvious and thus
more problematic. For instance, while a given pro-
tein may possess the sequence characteristics for
this motif or domain, functionally, the region may
not bind caleium or possess kinase activity. We
have attempted to address this complicated matter
as best we can as described below. However, we
stress that we do not feel able to give a definitive
answer as to the number of true false negatives and
true false positives in our kinase or EF-hand data-
base discrimination tests.

A list of potential protein kinases was created
from the union of sequences designated as being
kinases from four independent sources: our HMM,
PROSITE (a dictionary of sites and patterns in
proteins (Bairoch, 1992)), PROFILESEARCH (a
technique used to search for relationships between a
protein sequence and multiply aligned sequences
{Gribskov et al., 1990)) and a keyword search.

Two regions of the catalytic domain of eukaryotic
protein kinases have been used to build PROSITE
signature patterns. The first pattern corresponds to
an area believed to be involved in ATP binding
(PROSITE  entry PROTEIN_KINASE_ATP,
sequence motif [LIV]G.G.|FYM]|SG].V). There are
two signature patterns for the second region impor-
tant for catalytic activity: one specific for serinef
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Fig. 11,
threonine  kinases  (PROTEIN_KINASE_ST, OKBOG), bovine ¢GMP-dependent protein kinase

[LIVMFYCLIHY].D[LTVMFY]K.2N[LIVMFY(]3)
and the other for tyrosine kinases (PROTKIN_
KINASE_TYR, [LIVMFYC|[HY].D[LIVMFY]
[RSTAL2ZN[LIVMFYC]3). Since PROSITE
expressions do not allow for flexible gapping or
insertions, a profile of kinases was constructed from
an alignment of seven kinases and employed for
database diserimination tests (M. Cribskov,
personal communication) using the program
PROFILESEARCH (Gribskov ef al., 1990). The
seven kinases used to generate the profile are,
bovine ¢cAMP-dependent protein kinase (PIR code

(OKBO2(), bovine protein kinase C (KIBOC),
human mos kinase-related transforming protein
{TVHUTF6), human ref-2 kinase-related trans-
forming protein (TVHUMS), mouse pim-1 kinase-
related transforming protein (TVMSP1), and human
Jfes/fps  kinase-related  transforming  protein
{(TVHUFF). The keyword search consisted of
searching the descriptions of the sequences in
SWISS-PROT for the foilowing strings: “SERINE/
THREONTNE-PROTEIN KINASE, SER/THR-

PROTEKIN KINARSE, PROTEIN-SERINE/
THREONTNE KINASE, PROTEIN-SER/THR
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KINASE, TYROSINE-PROTEIN KINASE, sequences may be considered to constitute “certain

TYR-PROTEIN KINASE, PROTEIN-
TYROSINE KINASE, PROTEIN-TYR KINASE,
V-ABL, C-ABL, V-FGR, C-FGR, V-FMS, C-FMS,
V-FPS/FES, V-FES/FPS, C-FPS/FES, C-FES/FPS,
V-FYN, C-FYN, V-KIT, C-KIT, V-ROS, C-ROS,
V-SEA, C-8EA, V-8RC, C-SRC, V-YES, C-YES,
V-ERBB"".

Of the 266 SWISS-PROT 22 sequences that were
above the Z-score cutoff of 6:0 and were thus classi-
fied as containing a kinase domain by our HMM,
278 were similarly classified by PROSITE, PRO-
FILESEARCH and the keyword search. These 278

kinases”. Figure 11 shows the multiple sequence
alignment generated by our HMM of some represen-
tative kinases from this set (sequences 1 to 22).
Sequences 23 to 40 are the 18 sequences (296 minus
278) that were designated as kinases by the HMM
and one or two of the three other methods. For
PROSITE, we consider a sequence to be a kinase if
it satisfies one or more of the three patterns
PROTEIN_KINASE_ATP, PROTEIN_KINASE
ST or PROTEIN_KINASE_TYR as a true positive
(““T’" in Fig. 11B). PROSITE false negatives (“N),
potential hits (“P”) and false positives (“F7,
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12 INS.R K KF.. VHEDLAAR N.CX. .V.&. CTeeo. .. WKIGLD. .
13 HSVR ] Q.CI.. . INRDIKTE.N.IF. . I.N. D . ICLG.D.
14 ERR1 o ANV, LERDLKPS.¥.LL..I.¥, i I ..LRIC.D.
15 EGFR ¢ LR.EL...VHRDLAMG . X.VL..V.K. [ PIN VRIT.D. .
16 ECK [ KT VHRDLAAR M. IL. .V.N, Voo CRYS.D.
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53 ULITHCAVA AIKFLOH. . QLCLRY . CCHFDITPLNL VL. TP VNP, ...
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A (econt)
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sequences which do not belong to the set under
consideration) are ignored.

Among the 18 sequences classified as kinases by
our HMM, eight {23 to 26, 35, 38 to 40} were also
deemed to be kinases by the keyword search and
PROSITE, and one (27) by PROFILESEARCH
and PROSITE. The remainder (28 to 34, 36 to 37,
those indicated by 9, in Fig. 11B) are particulate
guanylyl cyclases and except for 36 to 37,
PROFILESEARCH also defines them as possessing
a kinase domain. These gnanylyl cyclases contain a
single transmembrane domain, a cyclase catalytic
domain and an intracellular protein kinase-like

domain in which protein kinase activity has not
been seen to date (reviewed by Garbers, 1992).
Although these sequences are not kinases in terms of
function, they possess all the conserved subdomains
(subdomain I, the nucleotide binding loop is modi-
fied in some) and the majority of conserved residues
present in certain kinases (see Subdomain of
Fig. 11A and positions indicated by *).

Sequences 41 to 50 are the top ten sequences in
SWISS-PROT immediately below our cutoff of 6-0.
Of these, the first three (41 to 43) were classified as
kinases by two out of PROSITE, PROFILE-
SEARCH and the keyword search. Qur cutoff was
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60 RPCCHUMAY . ....... RQKTRY.-. .

chosen from a visual inspection of a histogram of
Z-geores which indicated that 6-0 lay in a large gap
(see Fig. 10). If the Z-score cutoff is lowered to the
next largest gap (from Z-score 39 to 4-8) between
sequences 43 to 44, then these three viral sequences
{41 to 43) would also be categorized as kinases by
the HMM.

Of the eight sequences (41, 51 to 53, 56 to 57, 59
to 60) that were not classified as kinases by our
HMM but were classified only by the keyword
search and PROSITE, one (41) is the first sequence
below our cutoff discussed above. Four (56 to 57, 59
to 60) are partial sequences where the kinase

domain is absent. Three (5] to 53) possess divergent
forms of many of the conserved regions and like 41

to 43, although they are below our cutoff, the HMM
is able to generate an alignment that correctly iden-
tifies divergent forms of conserved regions. Finally,
there are three aminoglycoside 3'-phosphotrans-
ferase sequences (54 to 55, 58) which are only desig-
nated as kinases because they satisfy the PROSITE
expression for the catalytic loop.

Inspection of Figure 11B permits an estimation of
the accuracy of the various methods in dis-
tinguishing kinases from non-kinases in database
discrimination tests, The HMM generates six false
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negatives {41 to 43, b1 to 53) of which the first three
fall immediately below our kinase cutoff. For
PROFILESEARCH, there are 12 false negatives
{23 to 26, 35, 38 to 41, 51 to 53) but it should be
recalled that eight of these (those indicated by § in
Fig. 11B) do not appear in the results obtained from
gearching SWISS-PROT 25 provided to us by M.
Gribskov (personal communication). We suspect
that at least four {23 to 26) would be correctly
classified as kinases by PROFILESEARCH leaving
an estimate of three to eight false negatives. In the
case of PROSITE, using our assumption of a kinase
to be a true positive (T) sequence for any one of the

three patterns, there are three false negatives (39, 42
to 43). However, the actual performance of the
PROSITE patterns themselves is much worse; scans
of SWISS-PROT 22 with each of the patterns
PROTEIN_KINASE_ATP, PROTFIN_
KINASE ST and PROTEIN_KINASE_TYR indi-
vidually vield 40, 2 and 3 faise negatives,
regpectively.

The difficulty in quantifying the precise number
of false positives and false negatives produced by
the database discrimination tests may be illustrated
by employing an alternative mechanism for
assessing the number of false negatives. If simply
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[13) Length | NLL-score | Z-score | HMM | PROFILE- | Keyword PROSITE
SEARCH A | Bl | B2
23 KLSK_LHUMAN 509 1188.032 | 48.056 + -§ + T -3T
24 KLSK.MOUSE 509 1193.879 | 47.376 + | 3 + T)-|T
25 ARKB.LHUMAN 589 1826.915 | 31.781 + -$ + T -
26 ARKB_BOVIN 689 1827.514 | 31.720 + -5 + ]k -
27 BYR1 SCHPO 340 808.153 | 27.540 + + - N|T]| - |
28 CYGR_ARBPU 986 2839.392 | 22.121 + + - % | - -
29 ANPA_RAT 1057 3062107 | 21.418 + + - %l - -
| 30 ANPA_HUMAN | 1061 3072615 | 21.390 + + - % | - -
31 NPB_LHUMAN 1047 3033.232 | 21.220 + + - % | - -
32 ANPA MOUSE 1057 3065.181 | 21.042 + + - -% | - -
33 ANPB_RAT 1047 3038.053 | 20.633 + + - %! - -
34 CYGS_STRPU 1125 3277.621 | 18.745 + + - %] - -
35 VPSF_YEAST 1454 4263.173 | 17.896 + - + NUT|[ -
36 HSER_RAT 1075 3143.529 | 17.681 + - ~ % | - -
37 HSER_HUMAN 1073 3139.03% | 17.552 + - - %y - -
383 KR2_VZVD 510 1521697 | 9.615 + - + N|[T]| -
39 KR2_HSV11 518 1548.949 | 9.042 + - + N - -
40 KR.I_HSVIL 230 710,448 6.773 + -8 + N|T]| -
41 KR2_EBV 455 1393.761 4.935 - - + T, -[T
42 KRB2_VACCV 283 880.650 4.848 - + + N|[N]| -
43 KRB2_VACCC 283 880.753 4.838 - + + N|N]| -
44 AK3_ECOLI 449 1385.412 3.900 - - - - - -
45 PSP.MOUSE 235 754.545 3.804 - - - - -
46 DHOM_BACSU 433 1340.413 | 3.708 - - - - - -
47 FLIG_BACSU 338 1055.096 | 3.699 - - - - - -
48 CALQ_RABIT 395 1229.120 | 3.487 - - - - - -
49 NUIM_PODAN 368 1149.759 | 3.415 - - - - -
50 RUVA_ECOLI 203 667.519 3.413 - - - - - -
51 U15R_HS5V6U 562 1728770 | 3.171 - -§ + T -|T
52 KRF1_VACCC 439 1366.011 2.900 - -§ + N -
53 UL97_HCMVA 707 2165.296 | 2.8b4 - -§ + N|-|T
54 KKAG_ACIBA 259 838.469 2.370 - - - - -1 T
55 KKA8_ECOL1 271 885,548 1,182 - - - - -|lT
56 KGPB.BOVIN 293 953.735 0.684 - - + PP | -
57 EGFR_-CHICK 703 2179.703 0.065 - - + Pl -]F
58 KKA1_ECOLI 271 902.461 -0.467 - - - -1 T -
59 KDTK_DROME 753 2334.760 | -0.523 - - + N|-[N
60 KPCG_HUMAN 318 1051.016 | -1.486 - - + Pl P -

Figure 11. A, Multiple sequence alignment generated by our kinase HMM of some of the sequences used to train the
HMM {1 to 22) and test sequences from the SWISS-PROT 22 database (23 to 60) (see Results section (b)). Numerals
appearing in the alignments indicate the number of amino acids to be inserted at that point, otherwise the notation
follows the convention of Fig. 5. In Subdomain, the Roman numerals and * refer to the subdomains and residues
conserved across 75 serine/threonine kinases given by Hanks & Quinn (1991). A and B in PROSITE refer to the ATP
binding and catalytic regions, respectively, used to create 2 different signature patterns for kinases. X-ray identifies the
location of the a-helices AA-AT and f-strands B1-B9 (read vertically) derived from the 27 A crystal structure of the
catalytic subunit of cAMP-dependent protein kinase {sequence 1) (Knighton e al., 1981). Sequences 1 to 22 are
representative kinases taken from the March 1992 Protein Kinase Catalytic Domain Database (Hanks & Quinn, 1991).
These are: CAPK-ALPHA, cAMP-dependent protein kinase catalytic subunit, a-form; WEE1 +, reduced size at division
mutant wild-type allele gene product; TTK, mouse serine/threonine kinase; SPK1, 8. eerevisiae kinase cloned with anti-p-
Tyr antibodies; RSK1-N, amino domain of type 1 ribosomal protein 86 kinase; PYT, putative serine/threonine kinase
cloned with anti-p-Tyr antibodies; PKC-ALPHA, protein kinase C, a-form; PDGFR-B, platelet-derived growth factor
receptor B type; PBS2, polymix in B antibiotic resistance gene product; MIKI1, S. pombe mik? acts redundantly with
weel +; MCK1, 8. cerevisiae protein kinase; INS.R, insulin receptor; HSVK, Herpes simplex virus-US3 gene product,
ERKI1, rat insulin-stimulated protein kinase; EGFR, epidermal growth factor receptor (cellular homolog of v-erbB);
ECK, receptor-like tyrosine kinase detected in epithelial cells; DPYK], developmentally regulated tyrosine kinase in D.
discoidewm; CLK, mouse serine/threonine/tyrosine kinase; CDC2HS, human functional homolog of yeast cde2 + /CDC28;
CAMII-ALPHA, calcium/calmodulin-dependent protein kinase IT, a-subunit; C-SRC, cellular homolog of #-src; and
C-RAPF, cellular homolog of v-raf/mil. Sequences 2 to 4, 6, 10, 11, 14, 17 and 18 are the candidate dual-specificity protein
kinases as defined by Lindberg ef al. (1992). Sequences 23 to 40 are the SWISS-PROT 22 sequences designated as kinases
by our HMM (Z-score >6-0) but not by all 3 other methods, PROSITE, PROFILESEARCH and the keyword search.
Sequences 41 to 50 are the top 10 sequences below our cutoff of 60 and 41 to 43 and 51 to 60 are sequences that
were not classified as kinases by the HMM but were so by one or more (but not all) of the 3 other methods. Note that
sequences identified as kinases by all 4 methods are not shown. All sequences that are less than 200 residues in length
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the number of sequences denoted as kinases only by
all three other methods is evaluated, the number of
false negatives for each of the technigues differ from
the more detailed analysis: two for the HMM
{42 to 43), seven for PROFILESEARCH (23 to 26,
35, 38, 40) and none for PROSITE (ignoring known
false negatives as above). This general problem is
further highlighted by the guanylyl eyeclases
(indicated by % in Fig. 11B). If the definition of a
kinase is based upon function and not possession of
particular sequence patterns, then the guanylyl
cyclases are the only false positives for both the
HMM and PROFILESEARCH. The PROSITE
patterns PROTEIN_KINASE_ATP, PROTEIN_
KINASE_ST and PROTEIN_KINASE_TYR
produce eight, none and two false positives, respec-
tively, giving some indication of the actual
PROSITE performance.

Overall, both the HMM and PROFILESEARCH
appear to perform generally better than PROSITE
in the discrimination tests, with the HMM possibly
having a slight advantage over PROFILE-
SEARCH.

The HMM database search did not snggest any
new putative kinases in SWISS-PROT 22.
However, a comparative examination of the HMM
produced multiple sequence alignment and the
crystal structure of the catalytic subunit. of cAMP-
dependent protein kinase (Knighton et al., 1991)
(sequence 1}, a template for the protein kinase
family, vields insights into the conserved regions
and their fonctions in kinases of unknown strueture.
Figure 11A displays the location of secondary struc-
ture elements obtained from this crystal structure.
An invariant Asp in subdomain VIb {Aspl66 in
Knighton et al., 1991} that is proposed to be the
catalytic base is known to diverge in guanylyl
cyclases (28 to 34, 36 to 37) even though the imme-
diate region is highly conserved (Garbers, 1992).
Our resuits indicate that other invariant residues
appear to be replaced as well. In the sea urchin
spermatozoan cell-surface rveceptor for the chemo-
tactic peptide “‘resact” (sequences 28 and 34), a Lys

in subdomain 11 (Lys72) that forms part of the ATP
- and B-phosphate binding site is changed to His.
The heat-stable entertoxin receptor of rat (36)
replaces an Asp in subdomain IX (Asp200) that
contributes directly to stabilization of the catalytic
loop by Glu. Yeast VPS15 (sequence 35), a probable
gerine/threonine kinase that is autophosphorylated,
lacks many of the residues in subdomain 1. In
addition, a conserved ion-pair that stabilizes ATP
(Glu91-Lys72) would be disrupted in VPS15
because the Glu in subdomain [T is altered to Arg
resulting in the apposition of two positively charged
residues. In the putative B12 kinages of two strains
of vaceinia virus (42 to 43), the proposed Asp cata-
lytic base is replaced by Lys (cf. guanylyl eyclases).
This is accompanied by a further change in the
“general” sequence of the eatalytic loop: the
normally positively charged residue at » + 2 has
been altered to Glu. In general, all the sequences
below our cutoff and the last one above it (40 to 60}
appear to lack a-helix T (see X-ray in Fig. 11A). The
funetional and or structural consequences of these
niodifications on any kinase activity are not clear.

(e} EF-hand experiments

For these experiments we used the June 1992
database of EF-hand sequences maintained by
Kretsinger and co-workers (Nakayama ef al., 1992).
Seqguences in this database are proteins containing
one or more copies of the EF-hand motif, a 29-
residue structure present in cytosolic caleium-modu-
lated proteins (Nakayama et al., 1992; Persechini et
al., 1989; Moncrief et al., 1990). These proteins bind
the second messenger calcium and in their active
form function as enzymes or regulate other enzymes
and structural proteins. The motif consists of an
a-helix, a loop binding a Ca®* followed by a second
helix. Although a number of proteins possess the
EF-hand motif, some of these regions have lost their
calcium-binding property.

For our training set, we extracted the EF-hand
structures from each of the 242 sequences in the

have been removed. B, Details on sequences 23 to 60 shown in the alignment (arranged in order of decreasing Z-score).
NLL-score and Z-score are measures of how well the kinase HMM fits these SWISS-PROT 22 test sequence that were not
present in the training set (see Results section (b) for more details). In HMM, PROFILESEARCH and Keyword, +
denotes sequences that are classified as containing a kinase domain and — those that do not. For PROFILESEARCH, -3
identifies sequences that do not appear in the results obtained from searching SWISS-PROT 25 {not 22 as in HMM,
Keyword and PROSITE) provided to us by M. Gribskov {personal communication). Two PROSITE signature patterns
for eucaryotic protein kinases have been derived and these are labeled A and B in the alignment. A is the region believed
to be involved in ATP binding (PROSITE entry PROTEIN_KINASE_ATP) while Bl and B2 indicate the area
important for catalytic activity in serine/threonine kinases (PROTEIN_KINASE_ST) and tyrosine kinases
(PROTEIN_KINASE_TYR), respectively. In all instances, T signifies a true positive; N a false negative {(a sequence
which belongs to the set under consideration but which is not picked up by the pattern); P a “‘potential”” hit (a sequence
that belongs to the set but which is not picked up because the region that contains the pattern is not yet available in the
data bank, i.e. a partial sequence); and ? an unknown {a sequence which possibly could belong to the set). * Indicates
SWISS-PROT files which contain a cross reference to the specified PROSITE pattern, but these PROSITE entries do
not contain a corresponding pointer to the SWISS-PROT file. — Signifies sequences that do not satisfy the kinase
patterns and %, denotes particulate forms of guanylyl cyclase receptors which contain an intracellular protein kinase-like
domain but which have not been shown to possess kinase activity to date (reviewed hy Garbers, 1992).
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database, obtaining 885 EF-hand motifs having an
average length of 29, For our first experiment we
trained five HMMs on all 885 EF-hand motifs, using
the standard techniques described earlier. (In sub-
sequent experiments, described below, we trained
on smaller subsets of these 885 sequences.) The best
maodel had a final length of 29, and a NLL-score (the
average —log P (sequence|model)) of 61-41.

As described in Methods section {e), we modified
the final model to enable it to search the
SWISS-PROT database for sequences containing
the EF-hand motif. We computed Z-scores for all
sequences as described in section (f) and Figure 12
shows the resulting histogram. In contrast to the
kinases, a visual inspection of the histogram of
Z-scores did not indicate the presence of a distinet
gap thus making the selection of a cutoff more
difficult. After choosing by eye a cutolff of 4-75 and
excluding all sequences with unknown residues (Xs),
the model classified 232 sequences as containing the
EF-hand sequence motif.

As with the kinase experiments in the previous
section, false positives and false negatives were
identified in the following manner. A list of ““certain
EF-hands” was created from the union of sequences
determined to be containing the EF-hand motif by
three independent sources: PROSITE, a keyword
search, and the results of Michael Gribskov’s
PROFILESEARCH. Details of the PROSITE and
keyword searches are given by Krogh et al. (1993q).
Two different PROFILESEARCH experiments
were conducted for us by M. Gribskov (personal
communication). The first empioyed a profile gener-
ated using the multiple sequence alignment of
sequences classified as EF-hands by our HMM and
the second was constructed using an alignment of
the following four sequences: Escherichia cali galac-
tose binding protein {(JGECG, 1 EF-hand motif},
rabbit parvalbumin (PVRB, 2), human troponin
{TPHUCS, 4) and human calmodulin (MCHU, 4).

Although a sequence may possess multiple copies
of the EF-hand (or any other) motif, only the one
which most closely resembles that deseribed by the
HMM is identified. Of the 232 SWISS-PROT 22
sequences that were above the cutoff (Z-score
>4-75) and were thus classified as containing an
EF-hand motif by our HMM, 163 were similarly
classified by PROSITE, both PROFILESEARCH
experiments and the keyword search (if only one of
the PROFILESEARCH experiments is considered,
then there are an additional 14 sequences making a
total of 177). These may be considered to constitute
certain KF-hands and Figure 13 shows the multiple
sequence aiignment generated by our HMM of some
representative EF-hands from this set (sequences 1
to 27}. Of the 69 (232 minus 163) or 55 (232 minus
177) sequences above the cutoff and not categorized
as ET-hands by all three other methods, 33 possess
the motif but do not bind calcium (indicated by 9,
in Fig. 13B) and six (64, 72, 88, 89, 91, 94) were
classed as EF-hands by only one other method.

The identification of certain EF-hands as
compared to certain kinases is not as straight-

EF—hands

Number of sequences

Standard deviatcn

Figure 12. Histogram showing the number of sequences
with a certain Z-score relative to the EF-hand maodel.

forward, making it difficult to ascertain the precise
number of classification errors made by each tech-
nigue. This problem arises partly because of the
absence of a pronounced gap in the histogram of
Z-seores and the resultant uncertainty in assigning
an exact cutoff (Figs 10 and 12). The mnemaonic
developed to identify EF-hand homologs and
distinguish them from analogs (Nakayama et al.,
1992) is known to generate errors and is unable to
detect 8 of the 27 sequences known to be EF-hands
(sequences 1 to 27 in Fig. 13}, Therefore, the sensi-
tivity and specificity of the EF-hand database dis-
crimination tests is unlikely to be comparable to the
kinases. Using Figure 13B, an estimate of the false
negative rate for each method was determined by
using the simple notion of evaluating the number of
sequences classified as EF-hands by all methods
other than the one being considered. (Those which
possess the motif but do not bind ealeium, denoted
by %, in Fig. 13B, are not considered.) Using this
criterion, the number of false negatives are 1 for the
HMM (101), 20 for PROFILESEARCH using four
sequences (28, 47, 56 to 57, 59, 67, 74 to 82, B4 to 85,
92 to 93, 96), seven for PROFILESEARCH using
our EF-hand alignment (28, 57, 74, 79 to 80, 92 to
93), one for the keyword search (58) and two for
PROSITE (60, 70). A similar analysis of false posi-
tives produces six for the HMM (52, 71, 83, 86, 90,
94) nine for PROFILESEARCH using four
sequences (97, 99, 111 to 112, 121 to 122, 129, 132 to
133), eight for the keyword (123, 126, 130-131, 134
to 137) and one for PROSITE (120). It should be
noted however, that a search of SWISS-PROT 22
using the PROSITE pattern EF-HAND produces
different results: three false negatives and 24 false
positives {compared with 2 and ] using the simple
criterion). A total of 26 sequences were not desig-



Hidden Markov Models

1523

-
3

SyTuCture
FROSITE
Ca-binding
CANHS
aACTeG
VISININ
TPPZ4CF
TPHUCS
TPAPI
TCBP2S
SPECZA
SCBPBLI
QulIoLk
AOHSCR
NOHSAL
LP51A

LAVL

EFf3

cvp

CREHS
CNSE

COFR

[+ DA
CALPLHS
CALCIB
CALBNGE
CALICE
BCHS
AEQAV?

1Fe
CALM_ASPNI
ALE! HUNAN
NLEIRABIT
MLEVHUKAN
ALEC_CHICK
NLEV-RAT
ALEI.CHICK
ALEIRAT
ALE1XNQUSE
NLEF._HUKAX
MLEFRAT
WLEFEOUSE
NLEX_CHICK
KLE3_HUXAX
KLEY_RUNAN
NLE3.RABIT
NLEJKAT
KLE3.BOUSE
ALEICHICA
AACT-HUNAK
NLE_HALRD
RLES. HUXAN
ALENHUNAM
MLEN-CHICK
MLENCHICK
KLEC-HUNAN
BLE_PATVE
NLE-AEQIR
AACTDRONE
RECOCHIER
MLEPICDI
SPCADRONE
FLRPICD]
NLE_TODEA
SPCHLHICK
CLILXOQUSE
AACS CHICK
CLIL.RAT
LAVIPHYPD
CAPIRAY
NLEP.DRONE
RLEL.DRONE
SP2D.STRPU
CLIL-BOYIX
EHFS_TRYES
CLIL.PIG
FCABTRYBE
SCPIASTPO
CAPZRABIT
CAP3_HUNAN
CAPS_HUNAK

e s oM mom

N

.......... E.

o
m o =

smbELimbmbm

adslteeqveE.
apkkdvk1290.
apkxdvi127D.
aphkpep!30D.
Pphkpep129D.
Apkipspl35D,
pikdvkR {260,
4pkkdvE]124D.
apkRdvk1230.
aphhpepl32D.
bphkpep128D.
ppikpepl280.
mplhkpd]21D.
sfsadqiadsh.
mpphkdv144D.
ptsadqiafsD.
ateadqiadsd.
=faadqiaBsD.
atspdgidesh.
mhydaqT49E .
adfaddriBgh.
medftedqtak.
medfredqtak.
cdtsenqta £,
cdfseegta .E.
eexnvim130D.
prlsgdeiBdD.
plsqdeiged.
mmengl752E.
mEnRY§E 100K,
meanadqi7eE.
menttp226HE
maaskrrl123E,
sgltkdeiBsE.
mdpagy2331E.
prqmehamdSa.
nemgi79SE.
pagmehamddi
meyqeau2204.
mptviapboss.
fvdvpkre 3D,
mvdvpkred3n.
maanllfilik.
pegiehamdIh .
nkdkapyi22E.
psgmehamdgA .
mgesgakITOD.
4ysudnrviol,
qrlirir2siT.
Ruiiarnbs2s.
mflvnsf142T.

21 1 41 51
. LLL.LLLL.
aerers
CKe LI
.F.REAF5.L . L GDG.TITT.

JF.HASFN. .. RTG-NXDC

-L-SRWTE.G. . .8DG.RIRC. ..
.L.ARFFR. . .RSR.SLDS.
JFLRAAFD. LGEG.BISK
.L.OKAFD. . .SRG.FITP..
A.RRIFE. . RKG.RIEN..
F.RSSFR. GOG.RITS
.. 1.EFTFD.F. . JRDG.SION. .
.1.KDAFD.N. . .GDE.QITS...
. F.REAFT.I. ..RDG.FIDK. ..
..F.KEAFL. ..GDS.KITL. ..
..L.KQEFR. ..KDG.TVSC..,
..L.VADFR.K. ..SHG.TLSA. ..
.L.REGFR.¥. . .GQK-TISTpm.
.C.ERIFD. - AEN.IAPY. ..
-L.=HYFR.N. . GNN.LLDG. ..
.L.KKRFD.R. ..GNG.ALER. .
.L.RELFK. . NSGLTITF...
L1.YEAFS. . .MDG.FLDY . ..
_C.RSRVA. JITG RLGF
.L.GRRFR. ..NSG.SLSY...
F.FET¥H- .GNG.YNDG. ..
.F .REAFF. . .GRG_TIST. ..
.L.IDVFH, - .CORSKLEK. ..
H.XHNFN.F. <N HNG.KISL.. .
..R.IELFK.K.F.. - RN ETG.KLCY...
.Y.KEAFS.L.F.. LoD RD...GDG.OITT. ...
F.VEGLR.V.F...... vo..D. . KE...GNG.TVRG. .
F.VEGLR.¥.F.. . .GNG.TVAG.. .
.F.VECLR.V. LLENG.TVRG. ..
CF.VEELR.V.F..,....... . .GNG.TYNG. ..
.F.VEGLR.¥.F.. . .GNG.TVAS..
.F.VEGLA.V. - GAG.TVNG. .
F.VEGLR.V. . .GNG.TVNG. ...
.F.VEGLR. . .GEG.TVRG. .
.F.VEGLR.V. 0. . JSNG.TVMG

-F VECLR ¥.F.. ] _.SNC.TVRG. ..
-F.VEGLR. ...D....HE...S¥G.TVRG...
.F.VEGLR.V.F.. D....RE...GNG.LVNG._
JF.VEGLE.V.F.. c.DoL L RE.. GNG.TVRE..
JY.LEGFR.Y.F..........0.. .KE...GNG.RVKG....
.F.VEGLE.¥.F.. LD EE...GNG.TVKG....
-F.VEGLR.V.F.. oD . KE...GNC.TYRG...
JFVEGLR.V.F..........0....KE...GNG.TVNG. ...
.F.VEGLR.V.F.. ..D....RE...CEG.TVRG...
CF.RASFN.H.F .D....RD...HSG.TLGP
(F.VEGLR.V.F.. L D-...RE...NNG.RING...
CF.MEAFQ.L.F.. D....RT...GDG.EILY. ..
.F.REAFQ.L.F .D....RT...GHG.KILY
JF.REAFQ.L.F D....RT..GDG.RILY. ..
.F.REAFG.L.F D....RT...GDG.RILY. ..
F.VEGLR.¥.F 0. .SNG.TVRG
JYLREAFR.T.F.. ..GOG.FISG. ..
Y. NEAFK.T.F D....RE...GDG.FISG...
.F.RSSFN.H.F U....RN...RTG.RLSP. ..
L.EWAFS.L.F D....¥D...RNG.EVSR.
JELDAFR.A.L..........D....KE...GHG.TIOG. ..
LF.SNKFK.H.F.. D....KD...RSG.KLNE. ..
.L.KEAFE.L.F.._. .D....KD...ATG.FIRK.. .
.F.NEAFR.T.F..........D....RE.. .GQC.LIS5...
.F.SKNFK.H.F.. - ASG.RLNE. ..
V.DKINE.D.L ..RDG. KVGF
JF.ARINS,L.V..... L. .GRE.TVTF...
LV.DRIMR.DL.. . .RDE.KVGF ...
L. VADFR.K.I -.5MG.TLSR.
LC.ASNIA.L.N.. ..GSG.RLAL...
E.IEGLE.L ¥ .. ENG.THLL...
F.IECLE LY - . ENG.TRLL. ..
T.RENIE.K.4 ..0....FP.. .NDG.KCSL. ..
.V.DRIFR.D. b....QC...RDG.RVGF ..
JN.RGAFL H.Y... D....KQ...KTG.FVTK. ..
LW.DKINR.D.L... <D Q€. L LADGLRVGF. ..
LA TIVFN.E. Do, . TH.. GSE.WVTF...
.¥.NELAE.L. ..D...FN...KDG.E¥TI ..
LC.KIRVD.N.L... b....5D...GTG.KLGL. ..
LC.RSNIALL.N..........B....TD...GSG.KLFL...
C.RSHVAY DL ..5D.L L TTGLKLGF .. .

oo H.HH HHHBHHA. . ..

.- -K.EL.GTVARSL~.

.. R.EL.ORGLAEL-

..E.TV.CIILRAN-
- T.DC.VPNITEA-.

..E.DF.ZENINRY-. .

3] 1

E.DF.RACLISN-.
-D.EF ERIYGMF-. ... .....

R-EL.GTYNRNL-. ..

E.EL.KAAFRSI

-K.EL .RSVAKSL-
NLDL RDTFAAL-.
.5.QV.GOVLRAL~.
.4 .EL . VELXNWT-
-K.EF ,REHFVRL~.
E.EV.SALMASY-. .
5. DT NDALTRL-. ... ...
-L.EL.STAITHV-.
. A.OF .EKEAQHI-. .
-D.EL.ROGLRRY-. ... .....
<H.EL, RVANEAL-
.E.EF .KYLWRNI-,
-E.EF.N5~LPEL-..
K.EL.QVFIQEL-. ... .....
K.EL.G1ANRSL-
.5.EL.KELTWRE-.........
JDLENLYYRASDI-. . ... ...
JD.EV.HSECLEV-. .. . .....
K.EL.GTVNRSL-gqupses1dd
A.EL.RHVLATL~gekmkecedS
A -EL .RHVLATL-geknkeeads
AEL.RHVLATL-gerltede3s
.&.EL.RHVLRTL-gerlteeeds
A.EL.RHVLATL-geriteds}s
(EL.RHVLATL-gekmtaze 35
A.EL.RHVLATL-gekmkece 35
A.EL.RAVLATL-geknkees 35
JEL.RHVLATL=yekmteae 35
A EL.RHVLATL-gekmeean35
A.EL.RHVLATL-gebmoeaeds
#.EL.RHVLYTL - gokmtene35
-EL.REVLATL-geXmbeee3s
A.EL . RHVLTTL-gekmtereds
A.EL.RHVLATL-gekmEeeads
A EL RHYLATL-gekmkeee35
A-EL.REVLATL-gekmkeeeld
A .EL.RHVLATL-gekmteeels
\E.EF _RACLISL-gydigndl 14
A-EL REVLSTL-gekmseee3s
.5.0C .GOVNRAL-gquptoal1?
.$.GC.GDVARAL-gqaptasl |2
6.0 . GDYNAAL-gquptnali2
.5.GC. SOVNRAL-gqupteal 12
L A-EL.RAYLATL-gekmteqeds
ALEL.RHVLTAL-gerltdee4d
L ALEL . RHVLTAL-gerlsded43d
LE.EF.RSCLYSL~gysigkel 14
.5.EV.LEITTAI-fEmiperetd
-A.EL.ROLLTIL-gdylataebs
.4.EF . ASCLRAL-gydlpmyl 18
LD AL.RITCRQF-gvivmed1 09
A EI.RNVLENL-zeritedqts
-Q-EF .KSCLRSL-gydlpmvi 17
.Q.5F.LELVAGL-tiacndyf 18
.Q.5F . IDFATRE-tadtdtae?d
.Q.5F LSLYAGL-ijacudyf1g
.K.EF . REHFVRL~g1dkksv]06
.Q.EF  HHLWRKI-Xawqk ifk97
A-EL.QHALLAL-geslddeqt3
hEL.QHALLAL~geslddeqd3
JE-EF.VKNVENF-c.........
Q. 5F.FSLIAGL-tiacadyf18
CK.QF . TELFATG-gecatpendd
.Q.5F.FSLIAGL-tiacndyt)7
-D.EF.SCWAYTR-kiquugdpdd
.B.EF ARAVONV-cvgkafals
SR EF.YVLWTRI-qeyqhiyr 36
0 EF  HHLWNKI-kayok ik 97
E.EF KYLWNNI-krwqaiykd7
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70 CAPZHUMAN  magiaak®757..C.RINVD.K.L..
B0 KDGLPIG mekergl1S71. L.QENKR.E. I
81 SCPAPENSP  ayawdnr3O3F..1.ANGFE.A.I
82 SCPH.PEMSP  ayaudnrvsoL..W.NEIAE.L.A.
83 IPYRARATH  maeikdel63E..1.RAFFE.D.Y.
64 SCPLBRALA  glndfqalosh..I1.PFLFL.G.A,
85 SCP2.8RALA  glndfqkiOSR. . I.PFLFR.G.X..
86 PIPSRAT ndagrdf 1430, . I.HSCLR.K. 4.
87 AMCT.GHICK  mdnhydp?eE..F. ARINS.I.Y.
86 CABMOUSE  marpleeaS3n..F.QRVES.NV.L.
89 TEGUSCHAA  mavetklsiiB. .F.IRAFL.E.I
S0 CABLRAT marplesasah. .F.GRLAN N L. .
91 GISPHUAAN  milplllZ{JE..LaADAFK.E.L.
92 TCHLAMATE  .......... e
93 KDGL.HUNAM  makergliSel..L.QEXNK.E
94 PIP3BOVIN  penqlisiB2N..1.HSCLA.K.
95 CALMLYTPI  kkmkdcdheeE..I.REAFR.¥F...
96 CAPIHUNAN  mseeiit$685..C.RSHVA.L.X. ..
97 CICICYPEA  mesgagid21E. .F KRIWA E.
98 GUNFLCLOTN  mhkkilat§9SE. .H.QRFIA.A 4.
99 CICIRAIIT  mepsspl40BE. .F.RAIVA.E.Y.
100 VE7TABPT4  mueqrveqdDT. .L.AEIAR.A.V...
301 CALGCHICK  cllavEqr43V..V.DRNAK.R.L..
102 XIFHNOSCO  mdbyvprdseE..L.EELLIE.F.
103 ARFLDRCHE  mggvleyfasa..I.TYVVD.S A,
104 AROAKLEPY  mesltlqiblR. L.RGEFT.G.G.
105 RELLHUNAN  mpriflfh96E. .L.KAALS.E.
106 K11.BOVIF  wetapaap4il..I.TRAVA.4s
107 YCSICHLPY  malenillSEX. .L,IEFLD.X
108 DP3XECOLI  mayqvla2125..L.RDALS.L.T
109 ARCASALTY  mesltlgiSiR..L.REGFT.G.G
110 ANXI_CA¥CY  memveef102H. .L.EEVVL.A.L..
111 CICCRAT miratal524E. .F KRIVA.E.Y. .
112 GICCRABIT  mlralv1425E..F.RRINA.E.Y
113 LACALACLA  maivvgad2iL..V.EBGFE.¥.3
114 AROABORPE  maglaylddil..L.LAALA.E.G
115 AROASALTI  mesltlqiSik. L.KGEFI.G.G..
516 AROASALGL  mealtlqiSik..L.RGEFI.G.G..
117 CAPLCHIGK  mptggia6085. .W.LTIFR.G.T
156 PRIOGCAVPD  ..........—..-.-EI¥K.H.F..
119 SCIRAT mkav111593Ehe }. TRFFE.E.C. .
120 QRICOT2K  mhrvll1§35EhcI.TREFQ.E.C..
121 RS3TMEUCR  gkrkkkv22R..L.-AVLE.Y.Y..
122 TTR1SPIAU  memdhdind9P..T.KFVAS.I.A
123 SPCB.HUNAK  kfedf1g225E..L.GELFA.Q.V
124 CTNCNOUSE  peravif4261Eh¢T.TRFFE,T.C

125 CALG.RABIT dgh.......5..V.-=-~-

..D....5D .. .BSE.KLGL. .. K.EF.YILWTRI~qkyqkiyrd

- EW.LRAGATT~vpllvilodd
. .GDG.KVGL. .. .D.EYrLOCTIRSvafaevkeiss
- .KDG.EVTV....D.EF.RQAVQKN-ckgkatalG4
LPAQAAL~daikdemdEs
CQNYCENF-gqlgcadvpSl
.QNYCANF-qiqeadvpsi
. KDFLKEL-niquddg584
. IDFASRE-tadtdrad?d
.CVFLSCI-ammeuett s
LIRYCORY-r1dmk11150
SCVFLSCI-ammenet£19
.QTH-PEL-drdgdga267?
LREVIRAL-sptaspea2’
SYRAGATT-vpllv1lE4s
GNFLREL-piqvdds58a

NILWNRI-ruylsifr9?
VTLLRRI-qpp1gigd02
VL--MR-yilkliekid
LVTLLARI-gpplgtgitd
VEAVRML-taesadeal2
.TAMLVGE~tateap....
.LYNLREE-e Lagai1ve?
~TALLNAS-plapqdr247
-KKLIRER-qeesadsn4d
.KRALAAN-gydveknn3b
.QSVLOQAI-k1lonsqke2s

LD, ... QAasGDG.QUST. .. .Q. AV.SAALGIL-dddqaladd9
D....IE...¥DG.S¥SS. .. .Q.FL.TALLNTA-plapkd 247

. KT...PA-.OLDA. . ..D.EL.RAANKGL-grdedt1216
PE.. AKG.RIXH....L DY.VILLRRI-qpplyfy616
PE...ARG.RIKH....[.DV.VTLLRRI-qpplgEg617
¥T...KDG.Q-DF....¥.DV.TLAVASE-vnkdeqald2
..TE...ITE.LLDS. . ..D.DT.R¥ALAAL-rqlgvav3a2
IE.. ¥BG.SVSS. .. Q.FL. TALLATA-plapedt4T
..IE...¥BG.SVSS. . .Q.FL.TALLETA-plapkdt247
..LD. . KSG.TMSS. ... T.EN.ANALESA~gfklnnkl€7
. AD.. ENG.YIEG....K.FN.QKY--DE-asdqhvgeéd
PN...KORHITL....NK.EN.GHCFG Ih-cedidenllt
..6D...QOK.LITL. .. . K.E¥.CHCFAIR-sedinenllt
¥D...SDG.XIER. .., ~.--.-—-LRRE-cpuetcgads
. o==C.RVTF .. . R.FF.¥PLGLRL-daktplave6
.. .CDA.DLSI. .. EXRF LPLLEFL-grrkiqlels

. NDE.YIAL. .. .E.E¥.AGCFGIR-eqdinkdlvi
.v.m==.ILSK....T.EF .LSFANTE- Laafthdpl6
-+ .RDRARVER. .. E EL.QERLAGF-vqhwek 1k24

126 SPCANOUSE  rvodgdei99A..¥.QWVLD.T.4
127 OTNCHUNAN  erawiff262EhcT.TRFFE.T.C . .FDK.YIAL. ... .D.EW.AGCFGIN-qkdidkdlvi
128 OTNCBOVIN  mrawif$263EhcT.TRFFE.T.C.. YTAL. .. D.E¥.AGCFGIR-ekdidkdlvi
129 Y493.BPT4 mi........E..L.MEQI1IfL.G.. CEYKL. . L TLEY ONIWLARA-egiddvvesd
130 KDGL-ECOLI  amnttgtv4B0..V.DAITR.V.L.. LLISS. ... V.RL.¥NTVEIL-nsaieawv50
131 SPCAHUMAN  etwvesw128E..L.RELWD.L.L.. LELTL. ...E.RC.DQLLRAL-kiqqyvqtdd
132 INNC_ECDLI  mglklhihlSE..F.RG--G.E.Y ———— == .GSYIESL-gmplkdni4s
133 DGALECOLI  mukhvlr283Q..A.KATFD.L.A AADG.. . .T.NN.RID—-HR-vvrupyvg20
134 SFCEROVWSE  1gaflqdlB9A..L.RRAVE.S.R LCLGF. .. Q.EF.QRDAKQA-+4ilanqi1d
135 SP10.YEAST  mkitsvlaSiT..T.TTLFN.5t-.. .. JTLNIL. .. T.QL.YQIATQV-nqrlqae2s)
136 SRCH-HURAN mghhrpuSaZR. RCGEEAGG.A.S. ..., .. ..F_SG.ED'IGquAQ.E\'.GH"QPGS-I&E}H’.If:?i
137 SACHRABIT  mgcrgpuwit4D..L.AERGS.K.Ghghee. .. .. . .ED-.VISS....E.RP RHVLRRA-prghgEe676

A (cont)

Fig. 13.

nated as EF-hands by the HMM but were classified
gso by PROFILESEARCH, PROSITE or the
keyword search. Of these, 19 were classified as such
by only one of these methods. This includes five
fragments where the EF-hand motif is missing:
human and murine spectrin alpha- and beta-chains
(123, 126, 131, 134) and rabbit calgizzarin (125).
Inspection of the HMM produced alignment and
examination of the putative -calcium-binding
ligands (Fig. 13) for the 20 sequences immediately
below the cutoff (97 to 116) and the false negatives
and positives suggests that many possess potential
EF-hand motifs, This includes six sequences whose
Z-scores lie above our cutoff but are not classed as
EF-hands by any other method: chicken myosin
light chain alkali, smooth muscle (52); bovine
calpactain I light chain (71); Arabidopsis thaliana

inorganic pyrophosphatase (83); rat placental
calcium-binding protein (90) (note however that
the mouse protein, sequence 88, is designated
an EF-hand by the keyword search); and rat
and bovine 1-phosphatidylinositoi-4,5-bisphosphate
phosphodiesterase IIT (86 and 94). A notable
example among the false negatives is the «-1 sub-
unit of L-type calcium channels from carp and
rabbit skeletal muscle (97, 99) and rat and rabbit
cardiac muscle {111, 112). These proteins play an
important role in excitation-contraction coupling
and carry the calcium antagonist binding domains
(reviewed by Grabner et al., 1991). They possess a
highly conserved and evolutionarily preserved puta-
tive intracellular region of 155 residues near the
carboxyl terminus immediately following the fourth
internal repeat. This region has been suggested to
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1D Length NLL-score Z-score HMM PROFILESEARCH Keywerd Prosite
Gribskov HMM

28 CALM_ASPNI 148 398.961 12.975 + - - + T
29 MLEI_HUMAN 193 542,924 11.662 + + + - %
30 MLEI_RABIT 191 537.011 11.661 + + + - %
31 MLEV_HUMAN 194 546.027 11.631 + + + - Yo
32 MLEC_CHICK 193 543.085 11.608 + + + - %
33 MLEV_HAT 199 561.007 11.561 + + + - %
34 MLEl _CRICK 190 534 042 i1.516 + + + - %
35 MLEL_RAT 188 528.051 11.262 + + + - %
36 MLEI_MGUSE 187 525.056 11.224 + + + - %
37 MLEF_HUMAN 194 554.316 11.005 + + + - %
38 MLEF_RAT 192 542.332 10.892 + + + - %
39 MLEF_.MQUSE 192 542.332 10.892 + + + - %
40 MLEX_CHICK 185 521.797 10.342 + + + - %
41 MLE3_HUMAN 149 411.100 10.201 + 4+ + - %
42 MLEY_HUMAN 208 588.847 EO. 194 + + + - %
43 MLE3_RABIT 149 411.179 10177 + + + - %
44 MLE3_RAT 14% 411.207 10.169 + + + - %
45 MLE3_MOUSE 149 411.208 10.169 + + + - %
46 MLE3_CHICK 149 411.206 10.169 + + + - %
47 AACT_HUMAN B2 26472 237 9.957 + - + + T
48 MLE_HALRO 151 418.497 9,918 + + + - %
49 MLES_HUMAN 151 418.627 9.879 + + + - %
50 MLEN_HUMAN 151 418.627 9.879 + + + - %
%1 MLEN_CHICK 150 415.631 9.798 + + + - %
52 MLEM_CHICK 150 415.631 9.798 + . - - %
53 MLEG. HUMAN 94 248.725 9.735 + + + - %
54 MLE_PATYE 156 433.703 9.629 + + + - %
55 MLE.AEQIR 156 433.703 9.629 + + + - %
56 AACT_DROME 895 2653.286 9.130 + - + + T
57T RECO_GHICK 192 548.396 8.848 + - - + T
58 MLE_DICDI 166 465.170 3.B34 + + + - T
53 SPCA_DROME 2415 7205.568 8 787 + - + + T
50 MLR_DICDI 161 451967 8.678 + + + + .
61 MLE_TODFA 159 446.408 B.616 + + + - %
62 3PCN.CHICK 2477 7392.895 8.157 + - + - T
63 CLIL MQUSE 96 263.095 7.516 + + + - %
64 AAGS_.CHICK 897 2663.548 7.446 + - - + .
65 GLIL.RAT 94 257.103 7.423 + + + - %
66 LAVI_PHYPOC 355 1639.236 7.298 + - + - T
67 CAP3_RAT 821 2436.445 7.150 + . + + ™
68 MLEFP_DROME 155 439.713 7.053 + + + - %
69 MLEL_DROME 155 439.713 7.053 + + + - %
70 3P2D STRPU 141 397.63% 5.950 + + + + -
71 CLIL.BOVIN 96 265.582 6.819 + - - - %
72 EHF5_TRYBB 192 554.452 6.797 + + + - -
73 CLIL_PIG 95 262.586 6.763 + + + - %

74 FCAB_TRYBB 233 676.012 6.684 + - - + T
75 SCP1_ASTFO 192 554.824 6.681 + - + + T
76 CAP2_RABIT 422 1242.278 6.589 + - + + T
T7T CAPI_HUMAN 78 2307 439 6.577 + - + + T
78 CAPS_.HUMAN 268 7582.852 6.383 + - + + T
79 CAP2_.HUMAN 700 2074.486 6.305 + - - + T
80 KDGL_PIG 734 2176.760 6.160 + - - + T

B
Fig. 13.

contain functional domains that are typical or  inferred EF-hands for these proteins oceur within
essential for all L-type calcium channels regardless this conserved 155-residue segment.

of whether they couple to ryvanadine receptors,

The above results were for an HMM trained on all

conduct ions or both (Grabner ef al, 1991). The 885 KF-hand motifs from the Kretsinger database.
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1D Length NLL-.score Z-scare HMM PROFILESEARCH Keyword Prosite T
Gribskov HMM

81 SCPA_PENSP 192 556.636 6.071 + - + +
22 3CPB_PENSP 192 557.071 5.924 + . + + T
83 IPYR_ARATH 263 769.241 5.909 + - - - -
84 SCP1_BRALA 185 535.787 5.827 + - + + T
85 SCP2_BRALA 185 535.816 5.818 + - + + T
86 PIP3_RAT 756 2244.255% 5.713 + - - - ?
BT AACT_.CHICK 838 2641.41) 5.684 + - - + N
88 CAB_MOUSE 101 284.695 5.589 + - - + -
89 TEGU.SCHMA 190 552.242 5.469 + - + - ?
90 CAB_RAT 101 285.488 5.369 + - - . -
91 GISP_HUMAN 527 1560.198 5.330 + - - - T
92 TCH2_ARATH 45 116.235 5.321 + . - + T
93 KDGL_HUMAN 738 2182.343 5.301 + . - + T
94 PIP3I_BOVIN 695 2063.206 5.034 + - - - 7
35 CALM_LYTPI aa 67.341 4.942 T . B + P
46 CAPI.HUMAN Tid 2120.342 4.924 + . 4 + T
97 CICL_.CYPCA 1852 5530.321 4.714 - + - - -
98 GUNF_CLOTM 739 2196.818 4.602 . - - - ?
99 CICI.RABIT 1873 5593.640 4.550 - + - - .
100 V57TA_BPT4 80 224.359 4.470 - - - - .
10t CALG_CHICK 55 178.208 4.438 - + + + T
102 NIFH_NOSCO 86 243.356 4.347 - - - - -
103 ARFL.DROME 180 524.609 4.300 - - - - -
104 AROA_KLEFPN 427 1264.280 4.296 - - - - -
105 REL:_HUMAN 18% 540.676 4.249 - . - - .
106 H11 BOVYIN 104 298.227 4.240 - - - - -
107 YOSX_.CHLPY 110 316.022 4.210 - - - - -
108 DP3X_ECOQLI 643 1910.667 4.186 - - - - -
109 AROASALTY 427 1264.760 4.130 - - - - -
110 ANX1.CAVCU 346 1022.514 4.043 - - - - -
111 CICC_RAT 2169 £48].468 4.011 - + - - -
112 CICC_RABIT 2171 6487.460 4.010 - + N - -
113 LACA_LACLA 141 407.967 3.986 - - - - .
114 AROA_BORPE 442 1310.475 3.985 - - - - -
115 AROA_SALTI 427 1265.295 3.945 - - - - -
116 AROA_SALGL 427 1265.295 3.945 . - - - -
117 CAP1_CHICK 704 2093.590 3.888 - . - + T
118 PR10_CAVFO 92 267.751 2.866 - + + + P
119 35C1_RAT 634 1888.351 2.662 - . - - T
120 QRI-COTIA 676 2015.770 1.941 - - - - T
21 R337TNEUGR 78 229.363 i.766 - + - - -

122 YTR15PIAU 140 412.844 1.753 - + - -
123 SPCB_HUMAN 274 814.811 1.610 - - - + -
124 OTNC_MOUSE 02 899.470 1.146 - - - + T
125 CALG_RABIT 35 106.946 1.126 - + + + P
126 SPCA MOUSE 253 753.490 1.101 - - - + -
127 OTNC_HUMAN 303 902.914 0.388 - - - + T
128 OTNC_BOVIN 304 905.856 0.983 - - - + T
129 Y493_BPT4 102 305.597 0.603 - + - - -
130 KDGL_ECOLI 121 362.137 0.547 - - . + -
131 SPCA_HUMAN 595 1779.087 0.039 - - - + -
132 IMMC_ECOLI 85 257.089 0.025% - + - - -
133 DGAL_ECOLI 332 992.734 -0.028 - + - - .
134 SPCB_MOQUSE 238 706.853 -0.161 - - - + -
135 SPI10_YEAST 326 978.184 -1.203 - - - + -
1236 SRCH_HUMAN 5§99 2098.086 -2.613 - - - + -
137 SRCH_RABIT 852 2556.715 -3.145 - - - + -

B

Figure 13. A, Multiple sequence alignment generated by our EF-hand HMM of some of the sequences used to train the
HMM (1 to 27) and test sequences from the SWISS-PROT 22 database (28 to 137) (see Results section (c)). In Structure,
H and L denote residues in an o-helieal or loop conformation based upon EF-hands of known structure (Nakayama ef al.,
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There is considerable overlap between this training
set and the EF-hand motifs found in SWISS-PROT
22 g0 in order to provide some clearer cross valida-
tion of our results we also did another series of
experiments. In these experiments, models were
estimated using training sets consisting of different
numbers of randomly chosen EF-hand sequences
from the database of 885 EF-hand sequences. For
training sets consisting of &, 10, and 20 random
EF-hand sequences, 15 models were estimated, each
using a different randomly chosen training set. For
training sets consisting of 40, 80, 100, 200, and 400
random EF-hand sequences, five models were esti-
mated. Tn all, 70 models were estimated. A model’s
performance after training was gauged on how well
it performed on a test set which consisted of motifs
from the database of 885 sequences that were not
used in the training set. Thus for each model, two -
NLL-scores were computed (see Methods section v S
{f)). one for the training set and one for the test set.
These NLL-scores serve as a quantitative measure
of how well the model is representing the sequence
data. Figure 14 shows that for small training set
sizes, the model overfits the training data. This is
shown by low training NLl.-scores but very high
testing NLL-scores. This effect largely disappears
when the training set size reaches about 100

Average NLL acore

Train Set

5ot — — .TestSet

Training Set Size

Figure 14, Average NLL scores for test and train sets
for models with training sets of size 5, 10, 20, 40, 80, 100,
200 and 400. Error bars represent one standard deviation,

sequences.

A model’s performance was also gauged on how
well it searches a database for sequences containing
the EF-hand motif. For each training set size, one
model was randomly chosen to  search
SWISS-PROT 22. A histogram of the resultant
Z-scores was plotted and a cutoff was chosen by eye.
The number of false positives was computed, as

described earlier in this section, by taking a list of
certain EF-hands (i.e. determined to contain the
E¥F-hand motif by the 3 independent sources) and
counting the number of sequences above the Z-score
cutoff in the HMM database search that were not in
the certain EF-hand list. Figure 15 shows that
models built from small training sets have large
numbers of false positives. Again, this effect dis-

1992). PROSITE denotes the positions used to generate the pattern EF-HAND. Ca-binding identifies the 6 residues
involved in octahedrally coordinating the calcium ion {denoted by X, Y, Z, x, z and y). The oxygen atom at position y
comes from the main-chain and so can be supplied by any amino acid. Sequences 1 to 27 are representatives of the
various EF-hand subgroups in the June 1992 database of EF-hand sequences maintained by Kretsinger and co-workers
{Nakayama et af., 1992). These sequences are: CAMHS, Homo sapiens calmodulin; aACTGG, (allus gallus a-actinin;
VISININ, &, gallus visinin; TPP24CF, Canis familiaris p24 thyroid protein; TPHUCS, H. sapiens skeletal troponin-C;
TPAP1, Aslacus pontasiicus troponin-C-1; TCBP25, Tetrahymena thermophile TCBP-25; SPEC2A, Shrongylocentrotus
purpuwratus spec2a; SCBPBL1, Branchiostoma lanceolatum SARCY; QUIDLN, Lolige pealei squidulin, MOHSCR, H.
sapiens myosin {RLC-ventricle); MOHSAL, H. sapiens myosin (ELC-Ll-skeletal); LPSLA, Lytechinus picius a-Lpsl;
LAV, Physarum polycephalum LAV1-2; EFHS, Trypanosome brucei putative caleium binding protein; CVP, B.
lanceclatum caleium vector protein; CRGHS, H. sapiens calmodulin-related gene; CMSE, Saccharopolyspora erythraea
bactertal-UAM; CDPK, Glycine max calcium dependent protein kinase; CDC31, Saccharomyces cerevisiae cell division
control protein 31; CALPLHS, H. sapiens calpain (light); CALCIB, Bos taurus calcineurin-B; CALBNGG, G. gallus
calbindin; CALICE, Caenorhabditis elegans cal 1 gene; BCHS, H. sapiens § 8-100 protein; AEQAV], dequorea victoria
aequorin-1; and 1F8, Trypanosoma cruzi flagellar caleium binding protein. 28 to 96 are the SWISS-PROT 22 sequences
designated as EF-hands by our HMM (Z-score >4'75) but not by all 3 other methods, PROSITE, PROFILESEARCH
and the keyword search. Note that sequences identified as EF-hands by all 4 methods are not shown. 97 to 116 are the
top 20 sequences below our cutoff of 475; 117 to 137 are sequences that were not classified as EF-hands by the HMM but
were 50 by one or more (but not all) of the 3 other methods. B, Details on sequences 28 to 137 shown in the alignment
{arranged in order of decreasing Z-score). NLL-score and Z-score are measures of how well the EF-hand HMM fits these
database test sequence that were not present in the training set {see Results section (¢) for more details). In HMM,
PROFILEBEARCH, Keyword and PROSBITE + and — denote sequences that are and are not, respectively, classified
as containing an EF-hand motif by the 4 specified methods. For PROFITLESEARCH, Gribskov and HMM indicate
results based upon profiles generated from four EF-hand sequences and our HMM alighments. T, N, P and ? in

PROSITE have the same meaning as in Fig. 11. 9} indicates sequences which possess an EF-hand motif but de not bind
caleium.
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Figure 15. EF-hand database search false positives for
models trained with 5, 10, 20, 40, 80, 100, 200, 400 and
885 sequences.

appears substantially when the training set size
reaches about 100 sequences.

4. Discussion

A new method to meodel protein families using
hidden Markov models has been introduced. The
method is capable of tapping into the tremendous
amount of statistical information contained in
many unaligned sequences from the same family.
For the cases of globins, kinases and EF-hands, the
results have shown that by using this method, it is
possible to obtain multiple alignments that mirror
structural alignments, having only the unaligned
primary sequences as input. The results have also
shown that the model can be used successfully in
database searches for putative analogs of sequences
in a given protein family or domain. Finally, we
believe that the model itself is a valuable tool for
representing the family or domain.

The HMM method we have proposed requires
that many sequences be available from the family or
domain one wants to model. Since the number of
sequences in the protein databases is growing
rapidly, this may be less of a problem in the future,
but it will always be a serious issue, Currently, only
a relatively small number of sequences are available
for most protein families and domains. For the
globin family, we found that 400 sequences is
certainly sufficient. Preliminary results indicate
that 200 is enough, and even as few as 70 may
suffice if they are chosen carefully from our data-
base of 628 (70 chosen at random will be neariy all
@- and f-chains). Our experiments using smaller
numbers of KEF-hand sequences for training, as
deseribed in Results section (¢), show a similar
trend. Using careful regularization, these numbers

might even be lowered further. However, there will
be a limit on how small the number of available
sequences can bhe if one hopes to obtain a reasonable
model starting from a tabula rasa.

We believe that the answer to the problem of
small training sets is to add more prior knowledge
into the training process. One way to do this is by
starting with a better initial model. We have per-
formed several experiments in which we have
started with a model obtained from a small set of
aligned sequences, and then trained the model
turther using a larger set of unaligned sequences.
These will be reported in a future paper. We find
that this technique can often give betier results.
This also suggests that one application of HMMs
may be in maintaining multiple alignments as the
number of sequences in the alignment grows. Fach
time new sequences are added to a dataset of homo-
logous sequences, we can begin with the HMM based
on the alignment of the previous set of sequences,
train it with the larger dataset that includes the new
sequences, and then create a new multiple align-
ment for the larger dataset from this HMM. Not
only will the new sequences be included in the new
alighment, but the alignment of the old sequences
may be improved by utilizing the statistical
information present in the larger dataset.t

Another way to add more prior knowledge into
the training process is to use a more sophisticated
Bayesian prior. We are currently exploring the use
of a prier on the probability distribution over the
amino acids in a match state of the model consisting
of a mixture of Dirichlet priors (Brown et al., 1993).
Using such a prior is like “soft-tying”” the distribu-
tions in the states of the HMM. By soft-tying we
mean a combination of the idea of tying states {see
e.g. Rabiner, 1989), in which the number of free
parameters is reduced by having groups of states ail
sharing the same distribution on the output
alphabet (the 20 amino acids in this case), and the
idea of soft weight sharing from Nowlan & Hinton
(1992), in which the regularizer (in this case the
prier for the distribution of amino acids) is also
adaptively moditied during learning. We have
shown that this method can be used to estimate
good EF-hand models using substantially fewer
training sequences. Other types of more sophisti-
cated priors can be obtained by switching from the
alphabet of the primary sequences to a different
representation based more on the structural or
chemical properties of the amino acids in the
sequence. We plan to explore these as well.

It is interesting to note that we have obtained
quite good results in multiple alignment and data-
base searching without using any special weighting
schemes to make up for the statistical bias in our
iraining sets (see e.g. Sibbald & Argos, 1990), or
employing Dayhoff’s matrix or any of its analogs
(see e.g. Waterman, 1989} to take explicit mutation

t This point was suggested to us by an anonymous
referee of one of our previous reports.
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probabilities between amino acids into account. It
also remains to be seen whether or not incorporating
any of these extensions into the HMM approach will
yield even better results.

We also believe that some of the errors made by
our HMM models are due to the fact that these
models are suboptimal, in the sense that their
NLL-scores are not as low as they could be. This is
hecause the EM procedure is not guaranteed to find
the globally optimal model for a given training set.
In other experiments, reported by Haussler et al.
{1993), we trained an HMM for globins beginning
with a model derived from the Bashford et al, (1987)
alignment, and obtained a slightly lower NLL-score
than any model from our experiments using EM on
unaligned training sequences (208 compared to
210-3). Hence, we know that EM is not locating the
globally optimal model in this case. An important
open problem is to find a reliable way to prevent
EM from getting stuck and returning a suboptimal
solution.

Another issue is the adequacy of the hidden
Markov model itself as a statistical model of the
sequence variation within a protein family. Clearly
an HMM provides at best a “first order” model of
sequence variation. There are many kinds of inter-
actions in proteins that are not easily modeled by
HMMs, for example, pairwise correlations between
amino acid distributions in positions that are widely
separated in the primary sequence, but elose in the
three-dimensional structure (see eg. Klinger &
Brutlag (1993)). Tt would be very valuable to have
maore general models that incorporate such inter-
actions while still remaining computationally trac-
table. We are currently exploring ihe potential of
one model class of this type to capture the base-
pairing in RNA families (Sakakibara ef al., 1993),
and hope eventually to incorporate some of the
features of these models into our protein models.

Finally, we are encouraged by the guality of the
multiple sequence alignments generated hy the
HMMs and the accuracy of the database searches.
For example, the kinase HMM is able to align
correctly class 111 receptor tyrosine kinases which
possess a domain that differs from other receptor
tyrosine kinases by the insertion of a stretch of 70 to
100 residues (see the insertion between the D and [
helices in sequence 8, the fi-chain of the platelet-
derived growth factor receptor, in Fig. 11A). With
respect to the database discrimination tests, we
would eventually like to see HMMs built for all the
domains and families currently indexed by
PROSITE expressions. In many cases, HMMs for
subfamilics could be constructed automatically
using the method described in Methods section (d).
Once this is done, this might then lead to the
construction of a simple “protein language parser”
using HMMs. This parser could be constructed by
connecting all these individual HMMs in parallel
into a single large HMM with a global BEGIN and
EXD state, and a transition from the KNI state
back to the BEGIN state. In principle, this parser
should be capable of finding all occurrences of each

of the PROSITE-indexed domains in a single long
protein, using the Viterbi aigorithm, The remaining
portions of the sequence could be marked as
“unknown”. While this would not constitute a
complete parse of the sequence, it would be very
useful in providing some antomatic annotation of
new sequences, which is of eritical importance as the
rate of growth of the protein databases continues to
accelerate. A related approach to protein anno-
tation is given by Stultz ef al. (1993), and a related
HMM-based DNA parser for . eoli is described by
Krogh et al. {1993b).

A comparative examination of the HMM
produced kinase multiple sequence alignment and
the erystal structure of the catalytic subunit of
¢AMP-dependent protein kinase (Knighton et al.,
1991) indicates a number of conserved residues in
kinases of unknown structure that may be suitable
for further experimental study (see Results section
(b}). Results from our datahase diserimination tests
suggest the presence of an EF-hand calcium-binding
motif in a highly conserved and evolutionary
preserved putative intragellular region of 155
residues in the -1 subunit of L-type calcium chan-
nels which play an important role in excitation-
contraction coupling (see Results section (c¢)). This
region has been suggested to contain the functional
domains that are typical or essential for alt L-type
calcium channels regardless of whether they couple
to ryanodine receptors, conduct ions or both, Qur
EF-hand HMM indicates the following proteins may
also possess this motif: chicken myosin light chain
alkali (smooth muscle}), bovine calpactain T light
chain, Arabidopsis theliana inorganic pyrophospha-
tase, ral placental calcium-binding protein and rat
and bovine 1-phosphatidylinositol-4,5-bisphosphate
phosphodiesterase ITT.

Although there are many experiments left to be
done, based on our experience, we believe that
HMMs and the EM algorithm have tremendous
polential in the area of statistical modeling of bio-
logical macromolecules. Currently, most of this
potential remains to be realized.
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special thanks to Richard Hughey for implementing our
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same ftp site.



1530

Hidden Markov Models

References

Abe., N. & Warmuth, M. (1990). On the computational
complexity of approximating distributions by
probabilistic automata. In Proceedings of the 3rd
Workshop on  Computational Learning Theory,
pp. 52-66, Morgan Kaufmann, Rochester, NY.

Allison, L., Wallace, C. 8. & Yee, C. N. (1992).
Finite-state models in the alignment of
macromolecules. J. Mol. Evol. 35, 77-89.

Agai, K., Hayamizu, 8. & Onizuka, K. (1993). HMM with
protein structure grammar. In Proceedings of the
Hawaii International Conference on System Sciences,
pp. 183-791, TEEE Computer Society Press, Los
Alamitos, CA.

Bairoeh, A. (1992). Prosite: a dictionary of sites and
patterns in proteins. Nucl. Acids Res. 20, 2013-2018.

Baldi, P. & Chauvin, Y. (1993). A smooth learning
algorithm for hidden Markov models. Neural
Computation, in the press.

Baldi, P., Chauvin, Y., Hunkapiller, T. & McClure, M. A.
{1993). Hidden Markov models in molecular biology:
new algorithms and applications. In Advances in
Neural Information Processing Systems 5 (Hanson,
Cowan & Giles, eds), pp. 747-754, Morgan
Kauffmann Publishers, San Mateo, CA.

Barton, G.J. (1990). Protein multiple sequence alignment
and flexible pattern matching. Methods Enzymol.
183, 403-428.

Barton, G. J. & Sternberg, M. J. (1990). Flexible protein
sequence patterns: a sensitive method to detect
weak structural similarities. J. Mol. Biol. 212 (2),
389-402.

Bashford, D., Chothia, C. & Lesk, A. M. (1987).
Determinants of a protein fold: unique features of the
globin amino sequence. J. Mol. Biol. 196, 199-216.

Berger, J. (1985). Statistical Decision Theory and Bayesian
Analysis. Springer-Verlag, New York.

Bowie, J. U., Liithy, R. & Eisenberg, D. (1991). A method
to identify protein sequences that fold into a known
three-dimensional structure. Science, 253, 164-170,

Brown, M. P., Hughey, R., Krogh, A., Mian, 1. 8,
Sjolander, K. & Haussler, D. (1993). Using Dirichlet
mixture priors to derive hidden Markov models for
protein families. In Pree. First Int. Conf. on
Intelligent Systems for Molecular Biology (Hunter, L.,
Searls, D., Shavik, J., eds}, pp. 47-55, AAAT Press,
Wash. D.C.

Cardon, L. R. & Stormo, G. D. (1992). Expectation
maximization algorithm for identifying protein-
binding sites with variable lengths from unaligned
DNA fragments. J. Mol. Biol. 223, 159-170.

Churchill, G. A. (1989). Stochastic models for
heterogeneous DNA sequences. Bull Math Biol. 51,
79-94.

Dempster, A. P., Laird, N. M. & Rubin, D. B. (1977).
Maximum likelihood from incomplete data via the
EM algorithm. J. Roy. Statist. Sec. B, 39, 1-38.

Dickerson, R. E. & Geis, 1. (1983). Hemoglobin: Structure,
Function, Evolution and Pathology, Benjamin/
Cummings Pub. Co, Menlo Park, CA.

Duda, R. O. & Hart, P. E. (1973). Pattern Classification
and Scene Analysis, Wiley, New York.

Everitt, B. 8. & Hand, D. J. (1981). Finite Mixture
Distributions, Chapman and Hall, London.

Feng, D. F. & Doolittle, R. F. (1987). Progressive
sequence alignment as a prerequisite to correct
phylogenetic trees. J. Mol. Evol. 25, 351-360.

Garbers, D. L. (1992). Guanylyl cyclage receptors and

their endoerine. paracrine and autoerine ligands. Cell,
71, 1-4.

Jeman, S., Bienenstock, E. & Doursat, R. (1992). Neural
networks and the biasfvariance dilemma. Neural
Computation, 4, 1-58.

Grabner, M., Friedrich, K., Knaus, H.-G., Striessnig, J.,
Scheffauer, F., Staudinger, R., Koch, W. J,
Schwartz, A. & Glossmann, H. (1991). Calcium
channels from Cyprinus carpio skeletal muscle. Proc.
Nat. Acad. Sei., U.8. 4. 88, 727-731.

Gribskov, M., Liithy, R. & Eisenberg, D. (1990). Profile
analysis, Methods Enzymol. 183, 146-159.

Hanks, S. K. & Quinn, A, M. (1991). Protein kinase
catalytic domain sequence database: identification of
congerved features of primary structure and
classification of family members. Methods Enzymol.
200, 38-62.

Hanks, 8. K., Quinn, A. M. & Hunter, T. (1988). The
protein  kinase family: conserved features and
deduced phylogeny of the catalytic domain. Science,
241, 42-52.

Haussler, D. & Krogh, A. (1992). Protein alignment and
clustering. Presented at the conference Neural
Networks for Computing,

Haussler, D., Krogh, A, Mian, 1. 8. & §jdlander, K.
(1992). Protein modeling using hidden Markov
models: analysis of globins. Technical Report
UCSC-CRL-92-23 University of California at Santa
Cruz, Computer Science Dept., Santa Cruz, CA
95064 .

Haussler, D., Krogh, A, Mian, I. 8. & Sjélander, K.
(1993). Protein modeling using hidden Markov
models: analysis of globins. Tn Proceedings of the
Hawaii International Conference on System Sciences,
TEEE Computer Society Press, Los Alamitos, CA.

Hunter, T. {1991). Protein kinase classification. Methods
Enzymol. 200, 3-37.

Jurka, J. & Milosavljevie, A. (1991). Reconstruction and
analysis of human Alu genes. J. Mol Ewol. 32,
105-121.

Kiinger, T. & Brutlag, D. (1993). Detection of correlations
in tRNA sequences with structural implications. In
First International Conference on Intelligent Systems
for Molecular Biology (Hunter, L., Searls, D. &
Shavlik, J., eds), AAAT Press, Menlo Park.

Knighton, D. R., Zheng, J., Eyck, L. F. T., Ashford,
V. A, Xuong, N.-H., Taylor, 8. 8. & Sowadski, J. M.
(1991). Crystal structure of the catalytic subunit of
cyclic adenosine monophosphate-dependent protein
kinase. Science, 253, 407-414,

Krogh, A., Brown, M., Mian, I. 8., Sjélander, K. &

Hausster, D. (1993a). Hidden Markov models in
computational biology: applications to protein
modeling. Technical Report UCSC-CRL-93-32

University of California at Santa Cruz, Computer
Science Dept., Santa Cruz, CA 95064.

Krogh, A., Mian, I. 8. & Haussler, D. (19935). A hidden
Markov model that finds genes in £. coli DNA.
Technical Report UCSC-CRL-93-33 University of
California at Santa Cruz, Computer Science Dept.,
Santa Cruz, CA 95064

Lander, E. 8. & Green, P. (1987). Construction of
multilocus genetic linkage maps in humans. Proc.
Nat. Aead. Seci., U.S.A. 84, 2363-2367.

Lawrence, C. E. & Reilly, A. A. (1990). An expectation
maximization (EM) algorithm for the identification
and characterization of common sites in unaligned
biopolymer sequences. Proteins, 7, 41-51.

Lindberg, R. A., Quinn, A. M. & Hunter, T. (1992).



Hidden Markov Models

1531

Dual-specificity protein kinases: will any hydroxyl
do? Trends Biochem. Sci. 17, 114-119.

Liithy, R., McLachlan, A. D. & Eisenberg, D. (1991).
Secondary structure-based profiles: use of structure-
conserving secoring table in searching protein
sequence databases for structural similarities,
Proteins: Struct. Funct. Genet. 10, 229-239.

Moncrief, N. D., Kretsinger, R. H. & Goodman, M. (1990).
Evolution of EF-hand calcium-modulated proteins.
1. Relationships based on amino acid sequences.
4. Mol Evol. 30, 522-562.

Nakayama, 8., Moncrief, N. D. & Kretsinger, R. H.
{1992). Evolution of EF-hand calcium-modulated
proteins. II. Domains of several subfamilies have
diverse evolutionary histories. J. Mol. Kwol. 34,
416448,

Nowlan, 8. (1990). Maximum likelihood competitive
learning. In Advances in  Neural Information
Processing Systems (Touretsky, D)., ed), vol. 2, pp.
574-582, Morgan Kaufmann, San Mateo, CA.

Nowlan, 8. J. & Hinton, G. E. (1992). Soft weight-
sharing. In Advances in Neural Informalion
Processing Systems 4 (Moody, Hanson & Lippmann,
eds), Morgan Kauffmann Publishers, San Mateo, CA.

Persechini, A., Moncrief, N. D. & Kretsinger, R. H.
(1989). The EF-hand family of ealcium-modulated
proteins. Trends Newrosei. 12 (11), 462-467.

Rabiner, L. R. (1989). A tutorial on hidden Markov
models and selected applications in speech
recognition. Proc TEEE, 77 (2), 257-286.

Sakakibara, Y., Brown, M., Underwood, R., Mian, 1. 8. &
Haussler, D. (1993). Stochastic context-free

grammars for modeling RNA. Technical Report
UCSC-CRL-93-16 University of California at Santa
Cruz, Computer Science Dept., SBanta Cruz, CA
95064.

Sibbald, P. & Argos, P. (1990). Weighting aligned protein
or nucleic acid sequences to correct for unequal
representation. J. Mol. Biol. 216, 813-818.

Stultz, C. M., White, J. V. & Smith, T. F. (1993).
Structural analysis based on state-space modeling.
Protein Sci. 2, 305-315.

SBubbiah, S, & Harrison, S. C. {1989). A method for
multiple sequence alignment with gaps. J. Mol. Biol.
209, 539-548.

Tanaka, H., Ishikawa, M., Asai, K. & Konagaya, A.
{1993). Hidden Markov models and iterative aligners.
In  First International Conference on  Inlelligent
Systems for Molecular Biology, AAAI Press, Menlo
Park.

Taylor, W. R. (1986). The classification of amino acid
conservation. J. Theoret. Biol. 119, 205-218.

Vingron, M. & Argos, P. (1991). Motif recognition and
alignment for many sequences by comparison of dot-
matrices. J. Mol. Biol. 218, 33-43.

Waterman, M. 8. (1989). Sequence alignments. In
Mathematical ~— Methods  for  DNA  Sequences
{Waterman, M. 8., ed.). CRC Press, Boca Raton, FL.

Waterman, M. S. & Perlwitz, M. D. (1986). Line
geometries for sequence comparisons. Bull. Math.
Biol. 46, 567-577.

White, J. V., Stultz, C. M. & Smith, T. F. (1991). Protein
classification by nonlinear optimal filtering of amino-
acid sequences, Unpublished manuscript.

Edited by F. Cohen

{ Received 4 January 1993; accepted 23 September 1993)



