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Abstract

Motivation: Modeling families of related biological sequences
using Hidden Markov models (HMMs), although increasingly
widespread, faces at least one major problem: because of the
complexity of these mathematical models, they require a
relatively large training set in order to accurately recognize a
given family. For families in which there are few known
sequences, a standard linear HMM contains too many para-
meters to be trained adequately.
Results: This work attempts to solve that problem by gene-
rating smaller HMMs which precisely model only the con-
served regions of the family. These HMMs are constructed
from motif models generated by the EM algorithm using the
MEME software. Because motif-based HMMs have relatively
few parameters, they can be trained using smaller data sets.
Studies of short chain alcohol dehydrogenases and 4Fe-4S
ferredoxins support the claim that motif-based HMMs exhibit
increased sensitivity and selectivity in database searches,
especially when training sets contain few sequences.
Availability: http://www.sdsc.edu/MEME
Contact: bgrundy@cs.ucsd.edu

Introduction

A hidden Markov model describes a series of observations by
a 'hidden' stochastic process. Although introduced relatively
recently to computational molecular biology (Churchill,
1989), HMMs have been in use for speech recognition for
many years (Baker, 1975). In speech recognition, the series of
observations being modeled is a spoken utterance; in com-
putational biology, the series of observations is a biological
sequence. One immediately apparent difference between
these two domains is the amount of available training data.
Training sets for state-of-the-art speech recognition systems
can contain many gigabytes of recorded speech; in contrast,
families of related biological sequences usually consist of
kilobytes or even hundreds of bytes of characters. Even for
speech recognition systems, for which the training set size is
relatively large, researchers attempt to simplify their models
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in order to reduce the number of trainable parameters
(Woodland et al., 1994). When modeling biological sequences,
the need for smaller models is even more pronounced. This
paper addresses that need by developing hidden Markov models
which precisely model only the highly conserved regions of a
family of sequences.

These motif-based HMMs consist primarily of motif models
generated by MEME (Multiple EM for Motif Elicitation)
(Bailey and Elkan, 1995a; Bailey and Elkan, 1995b). Meta-
MEME is a software tool for combining MEME motif models
within a standard linear HMM framework. Because Meta-
MEME operates in an automated fashion, it is particularly
useful for analyzing the increasingly large sequence data-
bases becoming available.

In addition to being trainable from smaller data sets, motif-
based HMMs are well suited for recognizing distant homo-
logies. By modeling the spacer regions between motifs in a
very simple way, these models selectively discard informa-
tion from the training set about the contents of spacer regions.
This discarding of information is beneficial for distantly
related sequences, because distant homologs typically show
conservation only in functionally or structurally important
portions of their sequences. Meta-MEME focuses on these
regions and does not attempt to model the less-conserved,
intermediate regions in detail.

In many ways, Meta-MEME resembles the BLOCKS
method for protein family classification (Henikoff and Heni-
koff, 1994b; Henikoff and Henikoff, 1996). The BLOCK-
MAKER program discovers highly conserved regions of
protein families by combining motifs found by either the
MOTIF algorithm (Smith et al., 1990) or the Gibbs sampling
algorithm (Lawrence et al., 1993). Individual blocks may be
represented as ungapped position-specific scoring matrices,
similar to the motif models created by MEME. However,
MEME is more likely than BLOCKMAKER to split a motif
in two if any of the sequences contains an insertion or deletion,
so MEME motifs tend to be shorter than BLOCKMAKER
blocks. Since motifs (and blocks) are supposed to model
ungapped regions, MEME generally produces more accurate
models. The BLOCKS database (Blocks, 1996) contains, for
each known protein family, an ordered set of blocks along
with the minimum and maximum observed spacings between
the blocks in the training set. The BLIMPS program (Heni-
koff et al., 1995) searches this database using a single sequence
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as a query, thus taking into account the order and spacing of
blocks. Clearly, Meta-MEME and the BLOCKS method
share many features. In general, however, a hidden Markov
model approach is more attractive because of its well-
founded underlying probabilistic theory.

Hidden Markov models

A hidden Markov model is a mathematical framework which
models a series of observations based upon a hypothesized,
underlying but hidden process. The model consists of a set of
states and transitions between these states. Each state emits a
signal based upon a set of emission probabilities and then
stochastically transitions to some other state, based upon a
set of transition probabilities. These two probability distri-
butions, when combined with the initial state distribution,
completely characterize an HMM.

A useful HMM tutorial was written by Rabiner (Rabiner,
1995), and more detailed information is available in (Rabiner
and Juang, 1993). The tutorial describes three basic problems
for HMMs: given an observation sequence and a model, how
do we (1) efficiently compute the probability of the obser-
vation sequence, given the model, (2) choose a corresponding
state sequence which is optimal in some meaningful sense (i.e.,
best 'explains' the observations), and (3) adjust the parameters
of the model to maximize the probability of the sequence,
given the model? In computational biology, an HMM models
a family of related sequences. Thus, Rabiner's three problems
correspond to (1) determining whether a given sequence
belongs to the modeled family, (2) finding an alignment of the
given sequence to the rest of the family, and (3) training the
model based upon known members of the family.

Standard HMMs for molecular biology

Hidden Markov models were first applied to problems in
molecular biology by (Churchill, 1989). (Krogh et al., 1994)
applied HMMs to protein modeling and brought widespread
recognition to the approach. We refer to the linear HMMs
described in that paper as 'standard HMMs'. The structure of
these HMMs attempts to reflect the process of evolution.

Delete

Insert
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Fig. 1. Outline of the topology of a standard linear HMM. Emission probability distributions for match and insert states are not shown.

The core of the standard model is a sequence of states,
called 'match states', which represent the canonical sequence
for this family. Each match state corresponds to one position
in the canonical sequence. This series of states is similar to a
profile (Gribskov et al., 1990), since each state contains a
frequency distribution across the entire alphabet. The prob-
abilities that a given state emits each possible base are taken
from this frequency distribution and are called the 'emission
probabilities' for that state.

To model the process of evolution, two additional types of
states—insert and delete states—are included in the HMM.
One delete state lies in parallel with each match state and
allows the match state to be skipped. Since delete states do
not emit characters, aligning a sequence to a delete state
corresponds to the sequence having a deletion at that position.
Insert states with self-loops are juxtaposed between match
states, allowing one or more bases to be inserted between two
match states. These three series of states are connected as
shown in Figure 1. The topology of the model is linear: once a
state has been traversed, it cannot be entered a second time.
Although this type of model may fail to accurately model
genetic copying events, the enforced linearity allows for
efficient training of the models.

Standard HMMs have been most successfully applied to
the task of recognizing families of proteins containing a
relatively large number of known sequences (Krogh et al.,
1994; Baldi et al., 1994; Eddy, 1995). For families for which
fewer known sequences are known, a standard HMM contains
too many parameters to be trained to precision. A standard
HMM of length n using an alphabet of size 20 contains 6
transition probabilities and 19 match state emission prob-
abilities for each of n positions, as well as 19 insert state
emission probabilities, yielding a total of 25n + 19 trainable
parameters. For a short sequence of length 100, such a model
contains 2519 parameters. Many small families of biological
sequences contain less than this number of characters in all
known family members combined.

Small families such as these cannot effectively train a
standard linear HMM because reliable training requires that
the number of samples greatly exceeds the number of free
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