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Abstract. Current methods for automatically classifying
protein sequences into structure/function groups, based
on their hydrophobicity profiles, have typically required
large training sets. The most successful of these methods
are based on hidden Markov models, but may require
hundreds of exemplars for training in order to obtain
consistent results. In this paper, we describe a new
approach, based on nonlinear system identification,
which appears to require little training data to achieve
highly promising results.

1 Introduction

Stochastic modeling of hydrophobicity profiles of pro-
tein sequences has led to methods being proposed for
automatically classifying the sequences into structure/
function groups (Baldi et al. 1994; Krogh et al. 1994;
Regelson 1997; Stultz et al. 1993; White et al. 1994).
Various linear modeling techniques for protein sequence
classification, including a Fourier domain approach
(McLachlan 1993), have been suggested but most have
not shown impressive performance may in experimental
trials (about 70% in two-way classifications). A hidden
Markov modeling approach (Baldi et al. 1994; Krogh
et al. 1994; Regelson 1997) has been more effective in
classifying protein sequences, but its performance may
depend on the availability of large training sets and
require a lengthy training time. This is because thou-
sands of parameters might be incorporated into each
hidden Markov model to obtain reasonable classifica-
tion accuracy (Baldi et al. 1994; Regelson 1997). Hence,
a potential drawback of the hidden Markov modeling
approach to classifying proteins is the possible need of
using large training sets (i.e., hundreds of exemplars) in
order to obtain consistent results (Regelson 1997).
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Here, in a pilot study, we propose classifying protein
sequences by means of a technique for modeling dy-
namic nonlinear systems, known as parallel cascade
identification (Korenberg 1991), and show that it is
capable of highly accurate performance in experimental
trials. This method appears to be equally or more dis-
criminating than other techniques (Krogh et al. 1994;
McLachlan 1993; Regelson 1997; Stultz et al. 1993;
White et al. 1994) when the size of the training sets is
limited. Remarkably, when only a single sequence from
each of the globin, calcium-binding, and kinase families
was used to train the parallel cascade models, an
overall two-way classification accuracy of about 79%
was obtained in classifying novel sequences from the
families.

This paper is addressed to managers of large protein
databases to inform them of an emerging methodology
for automatic classification of protein sequences. It is
believed that the proposed method can usefully be em-
ployed to supplement currently used classification tech-
niques, such as those based on hidden Markov models.
This is because, as detailed below, the new method ap-
pears to require only a few representative protein se-
quences from families to be distinguished in order to
construct effective classifiers. Hence, for each classifica-
tion task, the accuracy may be enhanced by building
numerous classifiers, each trained on different exemplars
from the protein families, and have these classifiers vote
on new classification decisions (see Discussion). Because
the proposed method appears to be effective while dif-
fering considerably from that of hidden Markov models,
there are likely benefits from employing them together.
For example, when the two methods reach the same
classification decision, there may well be increased con-
fidence in the result.

It is also hoped that individual scientists involved in
various aspects of protein research will be interested in
the new approach to automatically classifying protein
sequences. For this reason, some detail is provided
about the parallel cascade identification method, and
also the construction of one particular protein sequence
classifier (globin versus calcium-binding) is elaborated
upon as an example.
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2 System and methods

For managers of large protein databases, discussion of
the modest requirements of computer memory and
processing time is not crucial. However, the individual
researcher who might wish to investigate this approach
further may be interested in knowing that the protein
sequence classification algorithm was implemented (in
Turbo Basic source code) on a 90-MHz Pentium. Only
640 kilo-bytes of local memory (RAM) are actually
required for efficient operation. Training times were only
a few seconds while subsequent classification of a new
protein sequence could be made in a fraction of a
second.

Our data consisted of hydrophobicity profiles of se-
quences from globin, calcium-binding protein, and
protein kinase families. The particular mapping of
amino acid to hydrophobicity utilized is the ‘““Rose”
scale shown in Table 3 of Cornette et al. (1987), and the
resulting profiles were not normalized. The protein se-
quences were taken from the Brookhaven Protein Data
Base of known protein structures.

2.1 Algorithm description

Consider a discrete-time dynamic (i.e., has memory)
nonlinear system described as a ““black box”, so that the
only available information about the system is its input
x(i) and output y(i), i=0,...,I. Parallel cascade
identification (Korenberg 1991) is a method for con-
structing an approximation, to an arbitrary degree of
accuracy, of the system’s input/output relation using a
sum of cascaded elements, when the system has a Wiener
or Volterra functional expansion. Each cascade path
comprises alternating dynamic linear and static nonlin-
ear elements, and the parallel array can be built up one
cascade at a time in the following way.

A first cascade of dynamic linear and static nonlinear
elements is found to approximate the input/output re-
lation of the nonlinear system to be identified. The res-
idue — i.e., the difference between the system and the
cascade outputs — is treated as the output of a new dy-
namic nonlinear system, and a second cascade is found
to approximate the latter system. The new residue is
computed, a third cascade can be found to improve the
approximation, and so on. These cascades are found in
such a way as to drive the input/residue crosscorrela-
tions to zero. It can be shown (Korenberg 1991) that any
nonlinear system having a Volterra or Wiener functional
expansion (Wiener 1958) can be approximated to an
arbitrary degree of accuracy in the mean-square sense by
a sum of a sufficient number of the cascades. For gen-
erality of approximation, it suffices if each cascade
comprises a dynamic linear element followed by a static
nonlinearity, and this cascade structure was used in the
present work. However, additional alternating dynamic
linear and static nonlinear elements could optionally be
inserted into any cascade path.

If y(i) denotes the residue after adding the kth cas-
cade, then for k£ > 1,

(i) = yi1(0) = 26 (0) (1)

where y, (i) = y(i). The parallel cascade output, z(i), will
be the sum of the individual cascade outputs z(i). The
(discrete) impulse response function of the dynamic
linear element beginning each cascade can, optionally,
be defined using a first-order (or a slice of a higher-
order) crosscorrelation of the input with the latest
residue (discrete impulses 6 are added at diagonal values
when higher-order crosscorrelations are utilized). When
constructing the kth cascade, note that the latest residue
is y—1(i). Thus, the impulse response function #(j),
j=0,...,R, for the linear element beginning the kth
cascade will have the form

hk(]) = d)xyk,l (,]) ; (2)
if the first-order input/residue crosscorrelation ¢,,,  is
used, or

hk(,/) = ¢xxyk—1 (ij) + Cé(] - A) s (3)

if’ the second-order crosscorrelation ¢,,,, , is used, and
similarly if a higher-order crosscorrelation is instead
employed (Korenberg 1991). In (3), the discrete impulse
function 6(j — 4) = 1if j = 4, and equals 0 otherwise. If
(3)is used, then 4 is fixed at one of the values 0, ..., R, and
C is adjusted to tend to zero as the mean-square of the
residue approaches zero. The linear element’s output is

R
we(i) =D h()x(i = Jj) - (4)
=0

Next, the static nonlinearity, in the form of a polyno-
mial, can be best-fitted, in the least-square sense, to the
residue y_ (7). If a higher-degree (say, >5) polynomial is
to be best-fitted, then for increased accuracy scale the
linear element so that its output, u; (i), which is the input
to the polynomial, has unity mean-square. If D is the
degree of the polynomial, then the output of the static
nonlinearity, and hence the cascade output, has the form

D
(i) = ) arau (i) - (5)
d=0

The new residue is then calculated from (1). Since the
polynomial in (5) was least-square fitted to the residue
Ve—1(i), it can readily be shown that the mean-square of
the new residue y, (i) is

AORSSIOEE AU (6)

where the bars denote the mean (time average) opera-
tion. Thus, adding a further cascade to the model
reduces the mean-square of the residue by an amount
equal to the mean-square of the cascade output.

In the simple procedure used in the present study, the
impulse response of the dynamic linear element begin-
ning each cascade was defined using a slice of a cross-
correlation function, as just described. Alternatively, a
nonlinear mean-square error (MSE) minimization tech-
nique can be used to best-fit the dynamic linear and



static nonlinear elements in a cascade to the residue
(Korenberg 1991). Then, the new residue is computed,
the minimization technique is used again to best-fit an-
other cascade, and so on. This is much faster than using
an MSE minimization technique to best-fit all cascades
at once. A variety of such minimization techniques, e.g.,
the Levenberg-Marquardt procedure (Press et al. 1992),
are available, and the particular choice of minimization
technique is not crucial to the parallel cascade approach.
The central idea here is that each cascade can be chosen
to minimize the remaining MSE (Korenberg 1991) such
that crosscorrelations of the input with the residue are
driven to zero. Alternatively, various iterative proce-
dures can be used to successively update the dynamic
linear and static nonlinear elements, to increase the re-
duction in MSE attained by adding the cascade to the
model. However, such procedures were not needed in
the present study to obtain good results.

A key benefit of the parallel cascade architecture is
that all the memory components reside in the dynamic
linear elements, while the nonlinearities are localized in
static functions. Hence, approximating a dynamic sys-
tem with higher-order nonlinearities merely requires es-
timating higher-degree polynomials in the cascades. This
is much faster, and numerically more stable than, say,
approximating the system with a functional expansion
and estimating its higher-order kernels. Nonlinear sys-
tem identification techniques are finding a variety of
interesting applications and, for example, are currently
being used to detect deterministic dynamics in experi-
mental time series (Barahona and Poon 1996; Korenberg
1991). However, the connection of nonlinear system
identification with classifying protein sequences appears
to be entirely new and surprisingly effective, and is
achieved as follows.

Suppose that we form an input signal by concate-
nating one or more representative hydrophobicity pro-
files from each of two families of protein sequences to be
distinguished. We define the corresponding output sig-
nal to have a value of —1 over each input segment from
the first family, and a value of 1 over each segment from
the second. The fictitious nonlinear system which could
map the input into the output would function as a
classifier. Nothing is known about this nonlinear system
save its input and output, which suggests resorting to a
“black box™ identification procedure. Moreover, the
ability of parallel cascade identification to conveniently
approximate dynamic systems with high-order nonlin-
earities can be crucial for developing an accurate clas-
sifier and, in fact, this approach proved to be effective, as
is shown next.

3 Implementation

Using the parallel-cascade approach, we wished to
investigate how much information about a structure/
function family could be carried by one protein sequence
in the form of its hydrophobicity profile. Therefore, we
selected one protein sequence from the globin family
(Brookhaven designation lhds, with 572 amino acids),
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one from the calcium-binding family (Brookhaven
designation lscp, with 348 amino acids), and one from
the general kinase family (Brookhaven designation 1pfk,
with 640 amino acids). These profiles are unusually long
since they are multidomain representatives of their
respective families, e.g., the average length of globin
family proteins is about 175 amino acids. The lengthier
profiles were selected to enable construction of suffi-
ciently elaborated parallel cascade models. Alternative-
ly, one could of course concatenate a number of profiles
from the same family together, but we were interested in
exploring the information content of single profiles.

Only two-way (i.e., binary) classifiers were con-
structed in the present work; a multistate classifier can
readily be realized by an arrangement of binary classi-
fiers. To build a parallel cascade classifier to distinguish
between, say, globin and calcium-binding protein fami-
lies, begin by splicing together the two selected profiles
from these families (forming a 920-point training input).
Define the corresponding training output to be —1 over
the globin portion and 1 over the calcium-binding
portion of the input. The system to be constructed is
shown in block-diagram form in Fig. 1, and comprises a
parallel cascade model followed by an averager. Fig-
ure 2a shows the input and corresponding output used
to train the globin versus calcium-binding classifier.

The input output data were used to build the parallel
cascade model, but a number of basic parameters had to
be chosen. These were the memory length of the dynamic
linear element beginning each cascade, the degree of the
polynomial which followed, the maximum number of
cascades permitted in the model, and a threshold based
on a correlation test for deciding whether a cascade’s
reduction of the MSE justified its addition to the model.
These parameters were set by testing the effectiveness of
corresponding identified parallel cascade models in
classifying sequences from a small verification set.

This set comprised 14 globin, 10 calcium-binding, and
11 kinase sequences, not used to identify the parallel
cascade models. It was found that effective models were
produced when the memory length was 25 for the linear
elements (i.e., their outputs depended on input lags
0,...,24), the degree of the polynomials was 5 for globin
versus calcium-binding, and 7 for globin versus kinase or
calcium-binding versus kinase classifiers, with 20 cas-
cades per model. A cascade was accepted into the model
only if its reduction of the MSE, divided by the mean-
square of the previous residue, exceeded a specified
threshold divided by the number of output points used
to fit the cascade (Korenberg 1991). For globin versus
calcium-binding and calcium-binding versus kinase
classifiers, this threshold was set at 4 (roughly corre-
sponding to a 95% confidence interval were the residue-
independent Gaussian noise), and for the globin versus
kinase classifier the threshold was 14. For a chosen
memory length of 25, each parallel cascade model would
have a settling time of 24, so we excluded from the
identification those output points corresponding to the
first 24 points of each distinct segment joined to form the
input. The choices made for memory length, polynomial
degree, and maximum number of cascades ensured that
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Fig. 1. Use of a parallel cascade model to classify a protein sequence into one of two families. Each L is a dynamic linear element with settling
time (i.e., maximum input lag) R, and each N is a static nonlinearity. The protein sequence in the form of a hydrophobicity profile x(i),
i=0,...,1,1s fed to the parallel cascade model, and the average model output z is computed. If Z is less than zero, the sequence is classified in the

first family, and if greater than zero in the second family
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Fig. 2. a The training input and output used to identify the parallel cascade model for distinguishing globin from calcium-binding sequences. The
input x(i) was formed by splicing together the hydrophobicity profiles of one representative globin and calcium-binding sequence. The output y(7)
was defined to be —1 over the globin portion of the input, and 1 over the calcium-binding portion. b The training output y(i) and the calculated
output z(i) of the identified parallel cascade model evoked by the training input of (a). Note that the calculated output tends to be negative
(average value: —0.52) over the globin portion of the input, and positive (average value: 0.19) over the calcium-binding portion

there were fewer variables introduced into a parallel
cascade model than output points used to obtain the
model. Training times ranged from about 2 s (for a
threshold of 4) to about 8 s (for a threshold of 14).

In more detail, consider how the classifier to distin-
guish globin from calcium-binding sequences was ob-

tained. Using the training input and output of Fig. 2a,
we identified a parallel cascade model via the procedure
(Korenberg 1991) described above, for assumed values
of memory length, polynomial degree, threshold, and
maximum number of cascades allowable. We then tested
the identified model for its ability to differentiate



between globin and calcium-binding sequences from the
small verification set. We observed that the obtained
models were not good classifiers unless the assumed
memory length was at least 25, so this smallest effective
value was selected for the memory length.

For this choice of memory length, the best globin
versus calcium-binding classification resulted when the
polynomial degree was 5 and the threshold was 4, or
when the polynomial degree was 7 and the threshold was
14. Both these classifiers recognized all 14 globin and 9
of 10 calcium-binding sequences in the verification set.
In contrast, for example, the model found for a poly-
nomial degree of 7 and threshold of 4 misclassified one
globin and two calcium-binding sequences. Hence, to
obtain the simplest effective model, a polynomial degree
of 5 and threshold of 4 were chosen. There are two
reasons for setting the polynomial degree to be the
minimum effective value. First, this reduces the number
of parameters introduced into the parallel cascade
model. Second, there are less numerical difficulties in
fitting lower-degree polynomials. Indeed, extensive test-
ing has shown that when two models perform equally
well on a verification set, the model with the lower-de-
gree polynomials usually performs better on a new test
set.

It remained to set the maximum number of cascades
to be allowed in the model. Since the selected memory
length was 25 and polynomial degree was 5, each dy-
namic linear/static nonlinear cascade path added to the
model introduced a further 25 + 6 = 31 parameters.
As noted earlier, the training input and output each
comprised 920 points, and we excluded from the iden-
tification those output points corresponding to the first
24 points of each segment joined to form the input. This
left 872 output points available for identifying the par-
allel cascade model, which must exceed the number of
(independent) parameters to be introduced. Hence at
most 28 cascade paths could be justified, but to allow
some redundancy, a maximum of 20 cascades were al-
lowed. This permitted 620 parameters in the model,
slightly more than 70% of the number of output points
used for the identification. While normally such a high
amount of parameters is inappropriate, it could be tol-
erated here because of the low-noise “experimental”
conditions. That is, well-established hydrophobicity
profiles were spliced to form the training input, and the
training output, defined to have the values —1 and 1, was
precisely known as explained above.

In this way, we employed the small verification set to
determine values of memory length, polynomial degree,
threshold, and maximum number of cascades allowable,
for the parallel cascade model to distinguish globin from
calcium-binding sequences. Recall that the training in-
put and output of Fig. 2a had been used to identify the
model. Figure 2b shows that the calculated output of the
identified model, when stimulated by the training input,
indeed tends to be negative over the globin portion of
the input, and positive over the calcium-binding portion.

A test hydrophobicity profile input to a parallel cas-
cade model is classified by computing the average of the
resulting output post settling time (i.e., commencing the
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averaging on the 25th point). The sign of this average
determines the decision of the binary classifier (see
Fig. 1). More sophisticated decision criteria are under
active investigation, but were not used to obtain the
present results. Over the verification set, the globin
versus calcium-binding classifier, as noted, recognized all
14 globin and 9 of the 10 calcium-binding sequences.
The globin versus kinase classifier recognized 12 of 14
globin, and 10 of 11 kinase sequences. The calcium-
binding versus kinase classifier recognized all 10 calci-
um-binding and 9 of the 11 kinase sequences. The same
binary classifiers were then appraised over a larger test
set comprising 150 globin, 46 calcium-binding, and 57
kinase sequences, which did not include the three se-
quences used to construct the classifiers. The globin
versus calcium-binding classifier correctly identified 96%
(144) of the globin and about 85% (39) of the calcium-
binding hydrophobicity profiles. The globin versus ki-
nase classifier correctly identified about 89% (133) of the
globin and 72% (41) of the kinase profiles. The calcium-
binding versus kinase classifier correctly identified about
61% (28) of the calcium-binding and 74% (42) of the
kinase profiles. Interestingly, a blind test of this classifier
had been conducted since five hydrophobicity profiles
had originally been placed in the directories for both the
calcium-binding and the kinase families. The classifier
correctly identified each of these profiles as belonging to
the calcium-binding family. Out of the 506 two-way
classification decisions made by the parallel cascade
models on the test set, 427 (=84%) were correct, but the
large number of globin sequences present skews the re-
sult. If an equal number of test sequences had been
available from each family, the overall two-way classi-
fication accuracy expected would be about 79%. The
two-way classification accuracies for globin, calcium-
binding, and kinase sequences (i.c., the amount correctly
identified of each group) were about 92%, 73%, and
73%, respectively. These success rates cannot be directly
compared with those reported in the literature (Krogh
et al. 1994; Regelson 1997) for the hidden Markov
model approach because the latter attained such success
rates with vastly more training data than required in our
study (see Discussion).

Using 2 x 2 contingency tables, we computed the chi-
square statistic for the classification results of each of the
three binary classifiers over the larger test set. The null
hypothesis states that the classification criterion used by
a parallel cascade model is independent of the classifi-
cation according to structure/function. For the null
hypothesis to be rejected at the 0.001 level of significance
requires a chi-square value of 10.8 or larger. The com-
puted chi-square values for the globin versus calcium-
binding, globin versus kinase, and calcium-binding
versus kinase classifiers are =129, =75, and 12.497,
respectively, indicating high statistical significance.

How does the length of a protein sequence affect its
classification? For the 150 test globin sequences, the
average length ( £+ the sample standard deviation o)
was 148.3 ( £ 15.1) amino acids. For the globin versus
calcium-binding and globin versus kinase classifiers, the
average length of a misclassified globin sequence was
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108.7 ( £ 36.4) and 152.7 ( £ 24) amino acids, respec-
tively, the average length of correctly classified globin
sequences was 150 ( = 10.7) and 147.8 ( £ 13.5), re-
spectively. The globin versus calcium-binding classifier
misclassified only six globin sequences, and it is difficult
to draw a conclusion from such a small number, while
the other classifier misclassified 17 globin sequences.
Accordingly, it is not clear that globin sequence length
significantly affected classification accuracy.

Protein sequence length did appear to influence cal-
cium-binding classification accuracy. For the 46 test
calcium-binding sequences, the average length was 221.2
( = 186.8) amino acids. The average length of a mis-
classified calcium-binding sequence, for the globin ver-
sus calcium-binding and calcium-binding versus kinase
classifiers, was 499.7 ( £ 294.5) with seven sequences
misclassified, and 376.8 ( £ 218) with 18 misclassified,
respectively. The corresponding average lengths of cor-
rectly classified calcium-binding sequences were 171.2
(£ 95.8) and 121.1 ( £ 34.5), respectively, for these
classifiers.

Finally, for the 57 test kinase sequences, the average
length was 204.7 ( &= 132.5) amino acids. The average
length of a misclassified kinase sequence, for globin
versus kinase and calcium-binding versus kinase
classifiers, was 159.5 ( + 137.3) with 16 sequences mis-
classified, and 134.9 ( £ 64.9) with 15 misclassified, re-
spectively. The corresponding average lengths of
correctly classified kinase sequences, for these classifiers,
were 222.4 ( £ 126.2) and 229.7 ( + 141.2), respectively.

Thus, sequence length may have affected classification
accuracy for calcium-binding and kinase families, with
average length of correctly classified sequences being
shorter than and longer than, respectively, that of in-
correctly classified sequences from the same family.
However, neither the correctly classified nor the mis-
classified sequences of each family could be assumed to
come from normally distributed populations, and the
number of misclassified sequences was, each time, much
less than 30. For these reasons, statistical tests to de-
termine whether differences in mean length of correctly
classified versus misclassified sequences are significant
will be postponed to a future study with a larger range of
sequence data. Nevertheless, the observed differences in
means of correctly classified and misclassified sequences,
for both calcium-binding and kinase families, suggest
that classification accuracy may be enhanced by training
with several representatives of these families. Two al-
ternative ways of doing this are discussed in the next
section.

4 Discussion

The most effective current approach for protein se-
quence classification into structure/function groups uses
hidden Markov models, a detailed investigation of
which was undertaken by Regelson (1997). Some of
her experiments utilized hydrophobicity profiles (Rose
scale, normalized) from each of which the 128 most
significant power components were extracted to repre-

sent the corresponding protein sequence. The families to
be distinguished, namely globin, calcium-binding, ki-
nase, and a “‘random” group drawn from 12 other
classes, were represented by over 900 training sequences,
with calcium-binding having the smallest number, 116.
Successful classification rates on novel test sequences,
using trained left-to-right hidden Markov models,
ranged over 92-97% for kinase, globin, and “random”
classes, and was a little less than 50% for calcium-
binding proteins (Table 4.30 in Regelson 1997). These
results illustrate that, with sufficiently large training sets,
left-to-right hidden Markov models are very well suited
to distinguishing between a number of structural/
functional classes of protein (Regelson 1997).

It was also clearly demonstrated that the size of the
training set strongly influenced generalization to the test
set by the hidden Markov models (Regelson 1997). For
example, in other of Regelson’s experiments, the kinase
training set comprised 55 short sequences (128-256
amino acids each) represented by transformed property
profiles, which included power components from Rose
scale hydrophobicity profiles. All of these training se-
quences could subsequently be recognized, but none of
the sequences in the test set (Table 4.23 in Regelson
1997), so that 55 training sequences from one class were
still insufficient to achieve class recognition.

The protein sequences in our study are a randomly
selected subset of the profiles used by Regelson (1997).
The results reported above for parallel cascade classifi-
cation of protein sequences surpass those attained by
various linear modeling techniques described in the lit-
erature. A direct comparison with the hidden Markov
modeling approach has yet to be done based on the
amount of training data used in our study. While three
protein sequence hydrophobicity profiles were used to
construct the training data for the parallel cascade
models, an additional 35 profiles forming our verifica-
tion set were utilized to gauge the effectiveness of trial
values of memory length, polynomial degree, number of
cascades, and thresholds. However, useful hidden Mar-
kov models might not be trainable on only 38 hydro-
phobicity profiles in total, and indeed it is clear from
Regelson (1997) that several hundred profiles could
sometimes be required for training to obtain consistent
results.

Therefore, for the amount of training data in our
pilot study, parallel cascade classifiers appear to be
comparable to other currently available protein se-
quence classifiers. It remains open how parallel cascade
and hidden Markov model performance compare using
the large training sets often utilized for the latter ap-
proach. However, because the two approaches differ
greatly, they may tend to make their classification errors
on different sequences, and so might be used together to
enhance accuracy.

Several questions and observations are suggested by
the results of our pilot study so far. Why does a memory
length of 25 appear to be optimal for the classifiers?
Considering that hydrophobicity is a major driving force
in folding (Dill 1990) and that hydrophobic-hydropho-
bic interactions may frequently occur between amino



acids which are well separated along the sequence, but
nearby topologically, it is not surprising that a relatively
long memory may be required to capture this informa-
tion. It is also known from autoregressive moving av-
erage (ARMA) model studies (Sun and Parthasarathy
1994) that hydrophobicity profiles exhibit a high degree
of long-range correlation. Further, the apparent domi-
nance of hydrophobicity in the protein folding process
probably accounts for the fact that hydrophobicity
profiles carry a considerable amount of information re-
garding a particular structural class. It is also interesting
to note that the globin family in particular exhibits a
high degree of sequence diversity, yet our parallel cas-
cade models were especially accurate in recognizing
members of this family. This suggests that the models
developed here are detecting structural information in
the hydrophobicity profiles.

In future work, we will construct multi-state classifi-
ers, formed by training with an input of linked hydro-
phobicity profiles representing, say, three distinct
families, and an output which assumes values of, say,
-1, 0, and 1 to correspond with the different families
represented. This work will consider the full range of
sequence data available in the Swiss-Prot sequence data
base. We will compare the performance of such multi-
state classifiers with those realized by an arrangement of
binary classifiers. In addition, we will investigate the
improvement in performance afforded by training with
an input having a number of representative profiles from
each of the families to be distinguished. An alternative
strategy to explore is identifying several parallel cascade
classifiers, each trained for the same discrimination task,
using a different single representative from each family
to be distinguished. It can be shown that, if the classifiers
do not tend to make the same mistakes, and if each
classifier is right most of the time, then the accuracy can
be enhanced by having the classifiers vote on each de-
cision. To date, training times have only been a few
seconds on a 90-MHz Pentium, so there is some latitude
for use of lengthier and more elaborate training inputs,
and/or training several classifiers for each task.

The advantage of the proposed approach is that it
does not require any a priori knowledge about which
features distinguish one protein family from another.
However, this might also be a disadvantage because, due
to its generality, it is not yet clear how close proteins of
different families can be to each other and still be dis-
tinguishable by the method. Additional work will in-
vestigate, as an example, whether the approach can be
used to identify new members of the CIC chloride
channel family, and will look for the inevitable limita-
tions of the method. For instance, does it matter if the
hydrophobic domains form alpha helices or beta
strands? What kinds of sequences are particularly easy
or difficult to classify? How does the size of a protein
affect its classification? We began an investigation of the
latter question in this paper, and it appeared that se-
quence length was a factor influencing the accuracy of
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the method in recognizing calcium-binding and kinase
proteins, but was less evidently so for globins. This
suggested that using further calcium-binding and kinase
exemplars of differing lengths in training the parallel
cascade classifiers may be especially important to in-
crease classification accuracy.

The present work appears to confirm that hydro-
phobicity profiles store significant information con-
cerning structure and/or function as was observed by
Regelson (1997). Our work also indicates that even a
single protein sequence may reveal much about the
characteristics of the whole family, and that parallel
cascade identification is a particularly efficient means of
extracting characteristics which distinguish the families.
We are now exploring the use of parallel cascade iden-
tification to distinguish between coding (exon) and
non-coding (intron) DNA or RNA sequences. Direct
applications of this work are both in locating genes and
increasing our understanding of how RNA is spliced in
making proteins.
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