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Abstract—A key element of bioinformatics research is the provided by demonstrating its success in predicting protein-
extraction of meaningful information from large experimental \yater interactions.
data sets. Various approaches, including statistical and graph Water molecules bound in ligand-binding sites of proteins

theoretical methods, data mining, and computational pattern S .
recognition, have been applied to this task with varying degrees of often form hydrogen bounds with ligands, making them an es-

success. Using a novel classifier based on the Bayes discriminang€ntial part of the protein surface with respect to ligand design,
function, we present a hybrid algorithm that employs feature docking, and screening [1,4]. Furthermore, surface-bound
selection and extraction to isolate salient features from large water molecules contribute to the formation and stabilization
medical and other biological data sets. of surface grooves [5,6], while internal water molecules

We have previously shown that a genetic algorithm coupled k ignificant tribution to th I structural
with a k-nearest-neighbors classifier performs well in extracting can make a significant contribution fo the overall structura

information about protein-water binding from X-ray crystallo-  Stability of the protein [7]. While water is clearly important
graphic protein structure data. The effectiveness of the hybrid to protein structure and function, the identification of protein
EC-Bayes classifier is demonstrated to distinguish the features of surface sites favorable for solvent binding (as opposed to bulk
this data set that are the most statistically relevant and to weight  gqyent interactions) has proven difficult, in part because the
these features appropriately to aid in the prediction of solvation . . . -
sites. majority of residues as protein surfaces are hydrophilic.
Empirical methods for determining the favorability of a
solvation site do so by analogy with known sites. A site is
evaluated and compared to a database of known solvation and
non-solvation sites, and predicted as being more similar to
|. INTRODUCTION one than the other. A set of features to observe and compare
) i ) . ) . between the solvation sites and non-solvated sites must be
Extraction of meaningful information from large biological

A _, ) selected prior to classification. We use our novel classifier
datasets is a central theme of many bioinformatics reseaggNyistinguish the features of the data set that are the most

problems. We have previously demonstrated a hybrid alggistically relevant and to weigh these features appropriately

rithm consisting of a nearest-neighbors classifier in conjungs 4iq in the classification of possible water coordination sites.
tion with an evolutionary computation (EC) feature extraction 1,4 paper is organized as follows. In Section Il we present

method that performs well in the prediction of conserved watgf, o erview of the main results of the paper and give a

binding to protein surfaces [1,2], and in the classification @jef review of the fundamental concepts and related work.
qther biological data sets [3]. H_e're, we presgr)t a nqvel alg§éction Il introduces the Bayesian discriminant function with

rithm based on the Bayes classifier that exhibits an improvgdy, jinear weighting and details a Gaussian smoothing factor
capability to eliminate spurious features from large datasefﬁtroduced to mitigate biasing sampling anomalies. Section
aiding researchers in identifying those features that are relajgd yqtails our EC-based approach, while Section V reports
to the particular problem being studied. The effectivenegg, oyperimental results of this approach on several medical
of this new technique for feature selection and extractifhyagets and on the prediction of water solvation sites for

is demonstrated on several biological and medical data S%S’and docking. We conclude with a discussion of these results
A concrete example of the effectiveness of this approach;§ gaction viI.

Index Terms— Evolutionary computing, genetic algorithms,
pattern recognition, bioinformatics
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w; in the samples. If no feature information is available, thB. Feature Costs and the Curse of Dimensionality

probability that a new sample will be of classis P(wi)—this  The selection of features to measure and include in the
probability is referred to as tha pri(_)ri or prior probabili';y. feature vector can have a profound impact on the accuracy
Once the feature values are obtained, we can combine fi&ne resulting classifier, regardless of what specific classifi-
prior probability with the class-conditional probability for thexation rule is implemented. A common approach is to have
feature vectorp(Z|w;), to obtain thea posteriori probability  yman experts provide as many features as possible that are
that a pattern belongs to a particular class. This combinatigtily measurable and likely to be related to the classification

is done using Bayes rule [8]: categories. Unfortunately, there are several disadvantages to
. p(Z|w;)P(w;) evaluating a profuse number of features in classification.
Plwjl) = =& 2o ) P @) First, each additional feature generally incurs an additional
21:1 p(Z|w;) P(w;)

cost in terms of measurement time, equipment costs, and
Once the posterior probability is obtained for each clasgorage space. In addition, the computational complexity of
classification is a simple matter of assigning the pattern ¢ssification grows with each additional feature. For some
the class with the highest posterior probability. The resultingassifiers, the cost of each additional feature in computational
decision rule is Bayes decision rule: complexity can be significant. In addition, the inclusion of
spurious features (features unrelated to the classification cate-
. . , gories) is likely to reduce classification accuracy. In fact, it is
Plwil) > P(wj|7) V) sometimes the case that the inclusion of features that do, in
fact, contain information relevant to classification can result

When the class-conditional probability density for the featurlfen reducgd accuracy Whgn the ngmber of training samples is
. L ixed. This phenomenon is sometimes referred tthascurse
vector and the prior probabilities for each class are known

e : : of dimensionalityf12]. This effect was illustrated for a specific
the Bayes classifier can be shown to be optimal in the sense . ) N
o S 0-class problem with Gaussian distribution of feature values
that no other decision rule will yield a lower error rate [9 Trunk [13]
pp. 10-17]. Of course, these probability distributions (botl%y '
a priori and a posterior) are rarely known during classifier
design, and must instead be estimated from training daa. Feature Selection
Class-conditional probabilities for the feature values can bea number of techniques have been developed to address
estimated from the training data using either a parametric of2 problem of dimensionality, including feature selection
non-parametric approach. A parametric method assumes thad feature extraction. The main purpose of feature selection
the feature values follow a particular probability distributiofls to reduce the number of features used in classification
for each class and estimate the parameters for the distributighile maintaining an acceptable classification accuracy. Less
from the training data. For example, a common parametidgscriminatory features are eliminated, leaving a subset of
method first assumes a Gaussian distribution of the featyk@ original features which retains sufficient information to
values, and then estimates the parameterando; for each discriminate well among classes. For most problems, the
class,w;, from the training data. A non-parametric approachryte-force approach is prohibitively expensive in terms of
usua"y inV0|VeS COhStI’UCtion Of a hiStOgram from the trainingomputation time. Cover and Van Campenhout [14] have
data to apprOXimate the class-conditional distribution of t@]own that to find an 0pt|ma| subset of sizérom the Origina|
feature values. d features, it is necessary to evaluate (z%l) possible subsets
Once the distribution of the feature values has been apprgahen the statistical dependencies among the features are not
imated for each class, the question remains how to combigown. Furthermore, when the size of the feature subset is not
the individual class-conditional probablllty denSity fUnCtiongpeciﬁed in advance, each of th“éd) subsets of the 0rigina|
for each featurep(z:|w;), p(22|w;)...p(zalw;) to determine g features must be evaluated. In the special case where the
the probability density function for the entire feature vectogddition of a new feature always improves performance, it
p(Z|w;). A common method is to assume that the featuig possible to significantly reduce the number of subsets that
values are statistically independent: must be evaluated using a branch and bound search technique
S 15]. Unfortunately, this sort of monotonic decrease in the
P(Flwi) = pl@rfws) x plealwi) X . X plaalws) () [err(])r rate as new %/eatures are added is often not found in real-
The resulting classifier, often called timgive Bayes clas- world classification problems due to the effects of the curse
sifier, has been shown to perform well on a variety of dataf dimensionality and finite training sample sizes.
sets, even when the independence assumption is not strictharious heuristic methods have been proposed to search for
satisfied [10]. The selection of the prior probabilities for theear-optimal feature subsets. Sequential methods, including
various categories has been the subject of a substantial bodgexuential forward selection [16] and sequential backward
literature [11]. One of the most common methods is to simpbelection, involve the addition or removal of a single feature
estimate the relative frequency for each class from the trainingeach step. “Plués— take awayr” selection combines these
data and use these values for the prior probabilities. Awo methods by alternately enlarging and reducing the feature
alternate method is to simply assume equal prior probabilitisabset repeatedly. The sequential floating forward selection

for all categories by setting(w;) = %, i=1...C. algorithm (SFFS) of Pudit al.[17] is a further generalization

given ¥, decidew; if
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of the plusl, take awayr methods, wheréandr are not fixed, given set of patterns. Deriving{ in this way maximizes the
but rather are allowed to “float” to approximate the optimaleparation between class means relative to the covariance of
solution as much as possible. the classes [9]. In the general case, the médttils chosen to
In a study of current feature selection techniques, Jain amdximize some criteria, typically related to class separation
Zongker [18] evaluated the performance of fifteen featumr classification accuracy for a specific classifier. In this view,
selection algorithms in terms of classification error and rueature selection is a special case of linear feature extraction,
time on a 2-class, 20-dimensional, multivariate Gaussian dathere the off-diagonal entries &f are zero, and the diagonal
set. Their findings demonstrated that the SFFS algorithentries are either zero or one.
dominated the other methods for this data, obtaining featureWhile feature extraction methods often outperform feature
selection results comparable to the optimal branch-and-bouwselection techniques in terms of classification accuracy, feature
algorithm while requiring less computation time. extraction generally does not completely remove features from
When classification is being performed using neural netensideration by the classifier, because each extracted feature
works, node pruning technigues can be used for dimensional#ycalculated from some combination of the original features.
reduction [19]. After training for a number of epochs, nodeAs a result, all of the original features must be measured,
are removed from the neural network in such a manner thegticulated, and/or stored for the trained classifier. Feature
the increase in squared error is minimized. When an inpsgtlection methods have the advantage of reducing the costs
node is pruned, the feature associated with that node is associated with feature measurement and storage. Hybrid
longer considered by the classifier. Similar methods have beaethods attempt to reduce the number of features considered
employed in the use of fuzzy systems for pattern recognitidry a classifier, while recombining the remaining features to
through the generation of fuzzy if-then rules [20, 21]. Somiecrease classification accuracy.
traditional pattern classification techniques, while not specif-
ically addressed to the problem of dimensionality reductiog. Evolutionary Computation in Feature Selection and Extrac-
can provide feature selection capability. Tree classifiers [22jon
for example, typically partition the training data based ON A direct approach to using EC for feature selection was

a single feature at each tree node. If a particular feature;is.,q,.ced by Siedlecki and Sklansky [24]. In their work, an
not tested at any node of the decision tree, it is e1°fect|ve!§,'C is used to find an optimal binary vector, where each bit
eliminated from classification. Additionally, simplification Ofis associated with a feature (Figure 1). If tH& bit of this
the final tree can provide further feature selection [23]. vector equals 1, then th&" feature is allowed to participate
. in classification; if the bit is a 0, then the corresponding

D. Feature Extraction feature does not participate. Each resulting subset of features

Feature extraction, a superset of feature selection, invohisevaluated according to its classification accuracy on a set of
transforming the original set of features to provide a netwesting data using a nearest-neighbor classifier [25].
set of features, where the transformed feature set usually

consists of fewer features than the original set. While bothy | 1 | g 111
linear and non-linear transformations have been explored;—— -
most of the classical feature extraction techniques involVe d bits

linear transformations of the original features. Formally, the

biective for i font traction techni be stated Feature 2 isincluded in the classifier.
objective for linear feature extraction techniques can be state . . . e
asjfollows ques canbe stated . Feature 1 is not included in the classifier.

Given ann x d pattern matrix4 (n points in ad- Fig. 1. A d-dimensional binary vector, comprising a single member of the
. . . . EC population for EC-based feature selection.

dimensional space), derive anx m pattern matrix

B, m < d, whereB = AH andH is ad x m

, , This technique was later expanded to allow linear feature
transformation matrix.

extraction, by Punclet al. [26] and independently by Kelly
According to this formalization, many common methodand Davis [27]. The single bit associated with each feature
for linear feature extraction can be specified according to tieeexpanded to a real-valued coefficient, allowing independent
method of deriving the transformation matri, For unsuper- linear scaling of each feature, while maintaining the ability
vised linear feature extraction, the most common techniquetésremove features from consideration by assigning a weight
principal component analysis [9]. For this method, the columiné zero. Given a set of feature vectors of the fodh =
of H consist of the eigenvectors of thex d covariance matrix {z1,z2,...z4}, the EC produces a transformed set of vectors
of the given patterns. It can be shown that the new featuresthe formX’' = {wz1, woxs...wqxq} Wherew; is a weight
produced by principal component analysis are uncorrelatagsociated with feature Each feature value is first normal-
and maximize the variance retained from the original featuized, then scaled by the associated weight prior to training,
set [9]. The corresponding supervised technique is line@sting, and classification. This linear scaling of features prior
discriminant analysis. In this case, the columns?ofare to classification allows a classifier to discriminate more finely
the eigenvectors corresponding to the nonzero eigenval@dsng feature axes with larger scale factors. kAearest-
of the matrixSV‘Vlsg, where Sy is the within-class scatter neighbors (knn) classifier is used to evaluate each set of feature
matrix and Sg is the between-class scatter matrix for theveights. Patterns plotted in feature space are spread out along



IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS 4

feature axes with higher weight values, and compressed aldhg class-conditional probabilities considered by the classifier,
features with lower weight values. The valuefofor the knn as illustrated in Figure 2. Direct scaling of the marginal
classifier is fixed and determined empirically prior to featunerobabilities is also ineffective for the iv& Bayes classifier,
extraction. since the joint class-conditional probabilities are simply the
In a similar approach, Yang and Honavar [28] use a simppgoducts of the marginal probability values.

EC for feature subset selection in conjunction wiistAl, a
neural network-based pattern classifier [29]. As in other EC8
based feature selectors, a simple binary representation \%&
used where each bit corresponds to a single feature. The dse p(x > 14, X<16) = 0.045
of the EC for feature subset selection improved the accural) \ —
of the DistAl classifier for nearly all of the data sets ex-g
plored, while simultaneously reducing the number of featurg_“s
considered. Their hybrid classifi€gADistAl, outperformed a g
number of modern classification methods on the various d%

sets presented. S

Vafaie and De Jong [30] describe a hybrid technique |§ H Hﬂ [] H B
which EC methods are employed for both feature selection o 2 4 6 s 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 4o+
and extractioh in conjunction with the C4.5 decision tree Feature value

classifier system [31]. Again, a binary representation is uséa)
for feature subset selection using traditional EC techniqueg.
In this system, however, the features seen by the classif@er
are functions of the original features composed of simplg p(x > 140, x<160) = 0.045
arithmetic operations. For example, one such feature might pe
{(F1—-F2) x (F2—F4)}, whereF1, F2, and F'4 represent &
values from the original feature set. E

In our previous work, it was demonstrated that a kn®
classifier can be hybridized with an EC-based feature selectibn
and extraction technique to reduce the number of featurgs
considered by the classifier while maintaining or increasing sl
ClaSS!f!Catlon aCCUracy [3] Her'e we present a nEWhybl% 0 20 40 60 80 100 120 140 160 180 200 220 240 260 280 300 320 340 360 380 400+
classifier loosely based on the idea of EC feature weighting. Feature value
A parameterized discriminant function based on the Bay
classifier is developed, and an EC optimizer is used to tune the
parameters of the new discriminant function. We show that ﬂf@ 2. The Bayes decision rule is invariant to linear transformations of the

. . . ' . . _Teature space. For the feature shown here, the raw feature vajues/é been
new hybrid system is effective at feature selection for varioy§,iplied by 10 in b). Using a nonparametric Bayes classifier, we find that
medical and biological data sets. the original feature value falls in the bin 14—16 (black rectangle) in the original

histogram. The scaled feature falls in the equivalent bin of histodraend
the histogram values (marginal probabilities) of the two bins are identical, so
[1l. BAYESIAN DISCRIMINANT FUNCTIONS the scaling has no bearing on the classification results.

The Bayesian classifier has a computational advantage over .
the previously-employed knn classifier [3] in that the training 1"€re are, nevertheless, several aspects of the Bayesian
data are summarized. rather than stored. The comparisorFIsts'f'er that, when optimized, can yield better classification
each test sample with every known training sample to filRErformance. One such area is is the manner in which the
nearest neighbors during knn classification is a computatidh@rdinal probabilities for each feature will be combined into
ally expensive process, even when efficient search methodstg,%multlvarlate cla}gs—condltlonal prob§p|l|ty den5|t|e§. Fpr the
employed [32]. In contrast, finding the marginal probabilitf?dVe Bayes cIaSS|f|§r, the clas's.—f:ondltlonal probability is the
associated with a particular feature value is computationaffjeduct of the marginal probabilities for each feature. A more
efficient for both the parametric and nonparametric formfi€neral approach would be to encode the entired covari-
of the Bayesian classifier. Since EC-based hybrid classifiédce matrix describing the interrelationships between all the
require many classifications to be performed during featufgatures being considered, and allow an EC-based optimizer to
selection and extraction,the use of a computationally efficie?ffath f_Of the. covariance matrix w'h|.ch best describes the true
classifier such as a Bayes classifier is indicated. multivariate distribution of the training data. Unfortunately,

Unfortunately, the direct application of feature weighting a&' SearCthSpace involved in finding this covariance matrix
described in [1] is not effective in conjunction with the BayegOWs as2®, even if the elements of the covariance matrix
classifier, because the Bayes decision rule is invariant to liné4f Pinary-valued. For real valued matrix elements, the search
scaling of the feature space. In other words, multiplying tHPace quickly becomes intractable, even for small problems.

feature values for a given feature by a constant has no effect of¥e can simplity the problem somewhat by viewing the
Bayes decision rule as discriminant functior—a functiong

1The authors use the term “feature construction”. of the feature vectof. Consider, by way of example, a two-
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class decision problem. The Bayes discriminant function cannonlinear weighting to each of the marginal probabilities,
be written as: which are then combined to produce a confidence vahie,
o o o for each class. Whilé>* (Z|w;) is no longer a joint probabili
9(7) = Plwr|7) = Plwa|7) (3) distribution, the discrim?nl:\nt)function isgequi\]/alenrt)to thévng
Here, we would decide class 1 ifZ) > 0, and class 2 if Bayes discriminant function whe@i; = Cy; = ... = Cy = 1.
g9(Z) < 0. The classification whem(Z) = 0 is arbitrary. Furthermore, the new function has several desirable features
The discriminant function, then, is uniquely associated witlor hybridization with an EC optimizer. When a particular
a particular classifier, mapping an input feature vector tocmefficient, C;, is reduced to zero, the associated feature
value associated with a particular class. According to Dudalue, z;, is effectively eliminated from consideration by
and Hart: the classifier. This allows us to perform feature selection
We can always multiply the discriminant func- in conjunction with classifier tuning. Furthermore, when the
tions by a positive constant or bias them by an addi- value of a coefficient’; is increased, the marginal probability
tive constant without influencing the decision. More  Vvalue for the associated featurs, has an increased influence
generally, if we replace every;(x) by f(gi(x)), on the value of the confidence value; (Z|w;), for each class.
where f is a monotonically increasing function, the
resulting classification is unchanged. [9, pp. 17-18]. g Gaussian Smoothing
Thus, we can design a parameterized classifier based o
the concept of the discriminant function. We begin with
discriminant function based on the Bayes decision rule. Usi
this function as a model, we can design similar functions
which classify well, but are more easily parameterizable f ¥
hybridization with EC optimization methods. After designin%
f:r%r;ti rtsalylsvtvzgn;;nnaﬂtséu;:tgg tin(()jplidme;Zf{Lne?s;hSa::&a;fr Sp V%RH to reduce the sensitivity of the classifier to changes in

regard to a particular set of training and tuning data. bin' size. Given a feature value;i,. for feature i, a.”d a
classwj, then letb,, (z;) be the bin thatz; occupies in

. I o . the histogram for class;. When the Gaussian smoothing is
A. Nonlinear Weighting of the Bayes Discriminant Functlonapp"ed, the effective marginal probabilipfz;|w;) depends on

EI'he implementation for this discriminant function was
ﬁésed on the previously described nonparametrieenBayes
cfassifier. The marginal probability distributions for each fea-
re were approximated using histograms with 20 bins each.
Gaussian smoothing factor was applied in order to mitigate
ampling anomalies that might introduce classification bias,

Consider the Bayes discriminant function, the histogram value of bih,,, (z;), as well as the histogram
g(@) = P(wi|7) — P(ws|7) values of neighboring bins. Leét, (b.; (z;)) be the histogram
P(Z p ~ p(z p value for binb,, (z;)—that is, the proportion of the training
= (Zwr) ><2 (1) (Twa) x Plws) (4) samples of class; that have values for featuriethat belong
ZP(f‘w') x P(w;) in the binb,,, (x;)—then the effective marginal probability for
— ’ ’ feature valuer; is:
The denominator can be eliminated, since it does not affect o
the sign ofg(7), and thus does not affect the resulting clas-  P(ilw;) = Y (G(k,0) X h (bo, (z:) + k) (9)
sification. Sincen > b = log(a) > log(b), we can apply the k=—o

log function to thea posterioriprobabilities without changing where G(k, o) is the mass density function for the Gaussian
the resulting classification. Thus, the following discriminaryjstribution at; = 0.0, with variances?:

function is equivalent to the inge Bayes discriminant: 1

9(#) = log(P(ilwr) x P(wr)) - (5) Gk, o) = e

2ro
log (P(Z|wz) x P(w2)) The value of o, a run-time parameter, determines the
= (log (P(Z|w1)) + log (P(w1))) number of bins that will contribute to each effective marginal
— (log (P(Z|w2)) + log (P(ws)))  (6) probability value. Figure 3 illustrates the effect of Gaussian
smoothing on the effective marginal probability for a particular

(£)° (10)

N|=

h
\f ere feature value.
log (P(Zlwi)) = log (P(x1|ws)) + log (P(x2]wi)) + ... For the experiments detailed here, Gaussian smoothing was
+log (P(2q|ws)) (7) applied witho = 2.0.

Finally, we can parameterize this discriminant function, while
maintaining a similar level of classification accuracy, by IV. EC OPTIMIZATION OF THE NONLINEAR
adding coefficients to each of the marginal probabilities. DISCRIMINANT COEFFICIENTS

P*(F|lw;)) = Cilog(P(z1|w;)) + Colog (P(w2|w;)) + Several EC-based methods were employed to optimize

the coefficients of the Bayes-derived discriminant function.

+ Calog (P(walws)) +log (P(wi)) (8) The experiments described here employ a tradiational genetic
The values for the coefficients}; 4, are supplied by an algorithm (GA)-like method using two point crossover and
EC optimizer. The effect of these coefficients is to applfitwise point mutation.
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reduce coefficients to zero. Since the EC mutation operator

tends to produce a small change in a single weight value,

numerous mutations of the same feature weight are often

required to yield a value at or near zero. Several methods were

tested to aid the search for a minimal feature set, including

reducing weight values below a predefined threshold value to
zero, and including a penalty term in the cost function for

higher weight values. The method that proved most effective,

however, was a hybrid representation that incorporates both the

H H H H ﬂ ﬂ H 5 EC feature selection technique of Siedlecki and Sklansky [24]

and the feature weighting techniques of Puetlal. [26] and

Feature value Kelly and Davis [27]. In this hybrid representation, a mask

field is assigned to each feature. The contents of the mask

Fig. 3. Effects of Gaussian smoothing on the computation of effectiféeld determine whether the feature is included in the classifier
marginal_ probabilities. Assuming that th_e current feature value falls 'in tieee Figure 4). In the initial implementation, a single mask
bins on eiher <ide (3rey reciangle) alsa contbute o the efectve margikl] Was stored on the chromosome for each feature. If the
probability for the current feature. value of this bit was 1, then the feature was weighted and
included in classification. If, on the other hand, the mask bit

for a feature was set to 0, then the feature weight was treated
During the execution of the EC, each coefficient vector isffectively as zero, eliminating the feature from consideration
passed to the classifier for evaluation, and a cost (or inveisg the classifier. Since the masking fields comprised a very
fitness) score is computed, based primarily on the accurasimall section of the chromosome relative to the discriminant
obtained by the parameterized discriminant function in classimction coefficients, the number of mask bits associated with

fying a set of samples of known class. Since the evolutionagsch feature was later increased to five. This increase had the
algorithm seeks to minimize the cost score, the formulation gffect of increasing the probability that a single bit mutation
the cost function is a key element in determining the qualiiy a random location would affect the masking region of
of the resulting classifier. Coefficients are associated with eagle chromosome. The interpretation of multiple mask bits
term in the EC cost function that allow control of each ruris a simple generalization of the single bit case. When the
The following cost function is computed by the knn classifiehajority of the mask bit values for a field are 1, then the
for each individual (consisting of a weight vector angalue): field is weighted and included in classification. Otherwise,
the field weight is reduced to 0, removing the feature from

Proportion of training samples

cost(w, k) = Cace X Brr(d, k) . consideration by the knn. The number of mask bits is always
+  Cpars X nonzero(w) odd so there is no possibility of a tie. Figure 4 shows a
+  Cpa X Bal(w, k) (11) typical EC chromosome for the nonlinear Bayes discriminant

Where Err is the error ratenonzero(w) is the number of classifier with masking.

nonzero coefficients in the discriminant function coefficienlg* <Iw) = C. loa(P ) +C. loq(P _

vector w; and Bal is the balance, defined as the difference (x1w) = Cy log (P (x| w)) +C log (P )

between the maximum and minimum classification accuracy + oo+ Cylog (P (xg|w)) +log(P (w;))
among all classes. Additionall¢/,cc, Cpars, andCyq; are co-

efficients for each of these terms, respectively. The coefficients

determine the relative contribution of each part of the fitness

funct?on in ggi(jing the EC seargh. The vgl'ues fgr the cost W | Wa | Wa | W,
function coefficients were determined empirically in a set of
initial experiments for each data set. Typical values for these
coefficients are’, .. = 20.0, Cpqrs = 1.0, and Cyq; = 10.0.

M1 M2 M3 M4

Fig. 4. An example of the EC chromosome for optimization of the
nonlinear discriminant coefficients. A four-dimensional problem is shown.

. . Each coefficient,C;, in the discriminant function is determined by the
A. Representation Issues and Masking chromosome weighti¥;, and the masking field)/;.

The representation of the discriminant function coefficients
on the chromosome is fairly direct—an integer value from 0 to
100. In order t(_)_infe_r thg njinima_l set of features require_d for V. EXPERIMENTAL RESULTS
accurate classification, it is desirable to promote parsimony o
in the discriminant function — that is, as many coefficient- Classification of UCI Data Sets
should be reduced to zero as possible without sacrificingClassification of data from the University of California,
classification accuracy. While the cost function encouragesine (UCI) machine learning data set repository was per-
parsimony by penalizing a coefficient vector for each nonzeformed to evaluate the effectiveness of the hybrid classifier
value, a simple, real-valued representation for the coefficiemts real-world data, and to facilitate comparison with other
themselves does not provide an easy means for the ECclassifiers. The four data sets used for this evaluation are
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TABLE |
RESULTS OF THE NONLINEARWEIGHTED BAYES DISCRIMINANT

described in detail in [3], and at the UCI website [33]. A
brief synopsis of each data set follows:
.. . . .. L FUNCTION (NONLINEAR ) ON VARIOUS DATA SETS FROM THEUCI
Hepatitis — This data consists of 19 descriptive and cllnlca‘\/I
. . ACHINE LEARNING DATA SET REPOSITORYAVERAGED OVER 50 RUNS.
test result values for 155 hepatitis patients [34, 35]. The t
. . . I(-'\’f\IN REFERS TO THE ACCURACY OBTAINED WHEN RECLASSIFYING THE
classes, survivors and patients for whom the hepatitis prove
. HATA USED BY THE ECIN TUNING (OPTIMIZING) FEATURE SUBSETS AND
terminal, are strongly unbalanced—123 samples belong to the
. . . WEIGHTS. TEST REFERS TO THE ACCURACY OBTAINED ON AN
survivor class while 32 belong to the terminal class. The data
. . . . . INDEPENDENT TEST SET FOR EACH EXPERIMENTDISJOINT FROM THE
includes qualitative, as well as both continuous and discrete-
. . . . TRAINING AND TUNING SETS. THE NUMBER OF FEATURES IS THE MEAN
valued quantitative features. There are missing values, the
. . NUMBER OF FEATURES USED IN CLASSIFICATION OVER ALL50 RUNS.
number of which varies largely by feature. Many features

have no missing values, while others have as many as 67

missing values out of 155 samples. The small sample size nd@%?%iyes Trzg . Teesg . Feat“reslg
incompleteness of this data set are typical of many medicaloninear Bayes 954 79.4 6.5
classification problems. EC/knn 86.0 69.6 8.1
Pima — Diabetes diagnosis information for native American EC/knn 872 731 8.9
women of the Pima heritage, aged 21 or over [36]. This datgyine Train  Test Features
consists diagnostic information for 768 women; 268 of theSeNaive Bayes 988 94.7 13
patients tested positive for diabetes, while 500 tested negativggr/‘lf:r?ar Bayes 9997%8 9315 6465
Six of the eight features are quantitative and continuOUSgc/knn 095 932 6.2
consisting of various clinical test results. The remaining two
features, age in years and number of times pregnant, afenosphere Train _ Test Features
oL : . Naive Bayes 93.0 90.1 34
quantitative and discrete. There are no missing feature valuggniinear Bayes ~ 97.6  87.5 8.5
in the data. The completeness and moderate dimensionalisc/knn 95.0 91.9 8.5
of this data set make it suitable for testing the ability of EC/knn 932 923 135
a classifier and feature extractor to maintain or increase;y, Train  Test Eeatures
classification accuracy while reducing dimensionality whenNaive Bayes 76.1 64.6 8
there are fewer features to work with. Nonlinear Bayes ~ 76.2  70.4 3.9
: ) . .__EC/knn 80.0 72.1 31
Wine — This data set consists of the results of a chemicat:, 701 729 39

analysis of wines derived from three different cultivars [37,
38]. There are 13 continuous features, with no missing values.

There are 59, 71, and 48 members of each of the three clasgggyracy obtained by the two discriminant function classifiers
respectively. The three classes are nearly linearly separaklgpassed the other classifiers tested. For the other three data
and linear discriminant analysis can obtain 98.9% accuragyts the accuracies obtained by the discriminant methods were
over all three classes. This data set is thus better for evaluatifygilar to those obtained by other methods tested. The notable
feature selection capability than classifier accuracy. difference betweefirain andTestresults for the hepatitis and
lonosphere— The 34 continuous features in this data set ajgnosphere data sets suggest that the discriminant classifiers
derived from the signals read by a phased array of 16 highmy be more prone to overfitting of the training and tuning
frequency antennas in Goose Bay, Labrador [39]. These ragafs than the other classifiers.
signals are designed to recognize structure in the ionosphergzyamination of the run times for the UCI data sets il-
Each reading consists of 17 pulses, with two attributes Pgktrates the advantage held by the discriminant-function-
pulse resulting in 34 features. There are 351 samples in tigsed classifiers over the EC/knn hybrid classifiers in terms
data set—225 are considered “good” readings, for which soBe computational efficiency. Table Il compares the execution
structure in the ionosphere was detected, while 126 readifgges for 200 generations of EC optimization in conjunction
showed no structure. There are no missing feature values,jfih the nonlinear discriminant function and the knn classifier.
this data. This data set was selected for evaluation of featyey|| cases the nonlinear discriminant classifier is significantly

selection capability for higher-dimensionality data sets.  faster than the EC/knn—in the case of the Pima Indian diabetes
Table | compares the results of the EC/Bayes classifier wita set the difference is nearly tenfold.

those of several previously developed classifiers, including a

knn classifier using a traditional GA for feature extraction o )

(GA/knn), and a knn classifier using an EC method employirfgy Classification of Medical Data

Gaussian mutation without recombination for feature selectionTwo additional data sets, also selected from the UCI repos-

(EC/knn) [3]. itory, were employed by [40,41] in a comparative study of
The most evident aspect of the results on these four datassification methods from statistical pattern recognition, neu-

sets is the feature selection capability demonstrated by ta¢ networks, and machine learning. These two medical data

nonlinear discriminant function. For three of the four data setsets,thyroid andappendicitis, are included here to facilitate

the minimum number of features used in classification wasmparison with these results. The thyroid data consists of 21

found by the nonlinear discriminant function in conjunctiorelinical test results for a set of patients tested for thyroid dys-

with the EC. Additionally, for the hepatitis data, the tesfunction [42]—15 of these features are binary-valued, while
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TABLE I

EXECUTION TIMES (WALL CLOCK TIME) FOR 200 GENERATIONS OFEC on the hypOtherId dIaQHOSIS data, utlllZIng a smaller fea-

ture set than the EC/knn at a slight cost in bootstrap test
accuracy. The poor performance of the nonlinear classifier
on the appendicitis data set, along with the previous results
for the hepatitis and ionosphere data sets, suggests that the
discriminant function classifier may be prone to overfitting
when presented with smalk(50 samples of each class) data
sets for training, tuning, and testing.

OPTIMIZATION OF THE KNN AND NONLINEAR DISCRIMINANT FUNCTION
CLASSIFIERS FOR EACH DATA SET, THE NUMBER OF FEATURES(d), THE
NUMBER OF CLASSES(C'), THE COMBINED TRAINING AND TUNING SET
SIZE (n), AND THE MEAN EXECUTION TIME (HOURS.MINUTES:SECONDY

OVER 50 RUNS ARE SHOWN EACH RUN WAS EXECUTED ON A SINGLE
250MHz ULTRASPARC-IICPU OF A SIX-CPU SUN ULTRA-ENTERPRISE

SYSTEM WITH 768 MB OF SYSTEMRAM. RUNS WERE EXECUTED IN SETS

OF 5 WITH NO OTHER USER PROCESSES PRESENT ON THE SYSTEM

C. Classification of Coordinated Water

Data set d C n knn  nonlinear Molecules

Pima 8 2 400 1:40:13 0:10:52 . .

Hepatiis 19 2 240 1:05:48 0-24:42 One of the more challenging problems in structure-based
lonosphere 34 2 400 2:02:25 0:43:37 rational drug design is modeling the interactions between a
Wine 13 3 240 02359  0:14:39 protein surface and the water molecules that surround the pro-

tein. For analyzing conserved solvation, the Brookhaven Pro-

, . . tein Databank (PDB) [44, 45] was screened for high-resolution
the other 6 are continuous. The training data consist of 37zéﬁstallographic protein structures to provide a knowledge base

cases from the year 1985, while the testing data consist of 3438.y stallographically observed solvation sites. All proteins
cases from th_e _foIIowmg year. The data are grouped |_nto Woluded in the database were non-homologous (Ha2b%
cIasse;, conS|st.|ng of the patlents that werg/wgre not d'a9”°§88uence identity, based on the PBBlect list [46]), to avoid
as having certain categories of hypothyroid disorder. The tgq,ngant structural information. Proteins with a resolution of

classes are highly unbalanced: the training data consist of 5y A and low residual R-values were preferred. Table IV

3487 negative diagnoses and 284 positive, while the testifgs e 30 proteins selected.

data consist of 3177 r!egative samples and 250 positive. The\'he first hydration shell was defined as the set of water

classes. 85 patients had confirmed appendicitis while 21 dighiecyles from each structure was characterized according
not. to the six features listed in Table V. The resulting database

For the thyroid and appendicitis data, the discriminagf, sisted of these six feature measurements for easBsf

function-based classifiers were trained and tested in the SaS _shell water molecules

manner as the previously developed EC-hybrid classifiers [3]'To distinguish protein solvation sites from non-solvated

For gqch data set, five' g)fperiments were conduc'te'd for ?%ﬁ%s, it was first necessary to generate a set of randomly
classifier. The appendicitis data set was re-partitioned N aced probe sites about the protein surface where no bound

disjoint training/tuning a_nd testing sets for each EXpENMEliater was observed in the crystal structure. To generate the
The much larger thyroid data set was pre-partitioned n;\%a

o d . in the UCI datab 491 For this d obe site positions, the solvent accessible molecular surface
training and testing sets in the atabase [42]. For this s computed for each of the structures in Table IV using

only the initial random EC population was changed for ea'q\ﬂs [48]; a probe radius of 1.2 was used, with a surface
experiment. The results of these experiments are S“mma”{]%‘iiusity of 1 doth? and unit normals generated at each surface

in Table IIl. dot. For each protein, the minimum distance of any crystallo-
TABLE 11l graphically observed water molecule from the protein surface,
ACCURACY OF VARIOUS CLASSIFIERS ON THE HYPOTHYROID AND dmin, and the maximum distancé,,., were determined. For
APPENDICITIS DIAGNOSIS DATA SETS RESULTS FOR THE DISCRIMINANT ~ €ach surface point, a probe site was generated and placed
FUNCTION CLASSIFIERS ARE AVERAGED OVER FIVEEC EXPERIMENTS at a distance along the surface normal, selected at random
RESULTS FOR THEEC/KNN CLASSIFIER REPRESENT THE BEST OF Five ~ Oover the range of distances from,;, t0 d.x. Any probes

EXPERIMENTS TRAIN REFERS TO THE ACCURACY OBTAINED IN overlapping crystallographically gbserved water sites or other
RECLASSIFYING THEEC TUNING SET, TEST REFERS TO BOOTSTRAP  Pprobes (with positions within 3.2) were removed. Finally,
ACCURACY OVER 100BOOTSTRAP SETS the same number of probe sites were selected for each protein
as there were crystallographic water sites. This selection was
Thyroid Train  Test Features done so that the distribution of distances of probes from
EC/knn 985 984 3 the protein surface matched the distribution of distances for
Nonlinear Bayes ~ 97.7  97.2 2.7 observed water molecules for that protein.
Appendicitis Train  Test Features Non-solvent sites were generated using this technique for
EC/knn 90.4 90.6 2 each of the 30 protein structures in Table IV. Each probe site
Nonlinear Bayes ~ 80.4  67.0 2.6 was characterized using the same physical and chemical that

were used to characterize observed solvation sites (Table V).
The discriminant function based classifier performed weHor observed solvation sites, the temperature factor (B-value)



IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS 9

and occupancy value from the crystallographic data can tata can be imprecise and somewhat interpretive when density
used to estimate the thermal mobility of the water molecule is smeared or blurred, when coordinated water molecules
the context of the protein crystal. However, since temperatugghibit significant thermal mobility, and when the lattice
factor and occupancy are undefined for probe sites, two newucture of the protein crystal induces solvent binding sites
features were computed to approximate the local thernthht would not otherwise be favorable in a globular protein
mobility of a probe site. ABVAL is the average (arithmeticstructure. Because of these and other factors, accuracy in
mean) B-value of all protein atoms within 34 of the solvent site prediction, which is based on training from and
probe position. NBVAL is a non-normalized version of th&omparison with crystallographic structures, is something of
same feature. That is, the simple sum of the B-values of allrelative measure.
neighboring (within 3.63) protein atoms. Current algorithms for predicting the locations of bound
In measuring the number of hydrogen bonds to other watsater molecules can be divided into two classes. Theoretical
molecules (HBDW) for probe sites, potential hydrogen bondgpproaches, such as GRID [49], use a potential energy function
to neighboring probe sites were included in the calculatioto evaluate the favorability of a probe site. For GRID, the
In other words, probe sites and crystallographically observedtential energy function includes terms for Lennard-Jones in-
water molecules were treated equally for purposes of featuegactions, electrostatic interactions, and a detailed evaluation
value calculation. The final database consisted of the enviraf-potential hydrogen bonds. For all theoretical approaches,
ments of 5325 crystallographically observed water moleculahe relative contribution of the terms in the potential energy
and 5325 non-solvated sites. function must be determined before solvation sites can be
From this dataset, several independent optimization exedicted.
periments were conducted using various EC parameters (rein contrast, empirical methods determine the favorability
combination rate and method, selection strategy, etc.). Eagtha solvation site by analogy with known sites. A site is
experiment was conducted using nonintersecting training aghluated and compared to a database of known solvation
tuning sets consisting of 1000 observed water binding sitsites and non-solvated sites, and predicted as being more
and 1000 non-solvated sites. After the optimization step wainilar to one than the other. A set of features to observe and
completed, the trained nonlinear Bayes classifier was testasinpare between solvation sites and non-solvated sites must
using a variant of the bootstrap method. The set of 332 selected prior to classification. Several empirical methods
solvation sites and 3325 probe sites not used in training tfeg prediction of protein-bound water molecule locations have
Bayes classifier or EC tuning of the weight coefficients waseen developed. AQUARIUS?2 [50] uses a knowledge base of
sampled with replacement to form a cross-validation testinige distributions of water molecules around polar atoms at the
set consisting of 100 water binding sites and 100 non-solvatgtbtein surface. A “likelihood” value is assigned to a putative
sites. The trained, weighted Bayes classifier was tested on thister molecule location based on its geometric relationship
data, and the procedure was repeated 1000 times to provideg@mearby polar protein atoms. If the site lies in a region
estimate of the mean accuracy and the standard deviatiorhigfhly occupied by water molecules in the knowledge base
the prediction accuracy for the classifier. The highest scoriagd has significant electron density, as determined by X-ray
EC experiment used two-point crossover with a frequency ofystallography, it receives a higher score. The highest scoring
0.7 crossover events per individual per generation, bitwip@sitions in a 3-dimensional matrix surrounding the protein are
mutation with a probability of 0.125 per bit per generation, ansklected as likely water molecule locations.
traditional fitness-proportionate selection. A population size of AUTO-SOL [51] predicts water sites based on the direc-
200 individuals was used, and the run was conducted for 10@hality of hydrogen bonds. A database of small-molecule
generations. crystal structures was analyzed to find the distribution of
The final testing accuracy for this experiment wWiis3%, hydrogen-bond lengths and directions, and possible solvent
which compares favorably with other knowledge-based metéites are evaluated by AUTO-SOL according to how well
ods for solvent site prediction. The bootstrap tests resulted ifh@ir hydrogen-bond geometry matches this database. Current
cross-validation accuracy 66.24% with a standard deviation methods can reprodueer0% of crystallographically observed
of 3.38%. Of the six features provided to the classifier, twgolvent molecules within.5 A of the experimental locations
(atomic hydrophilicity and average temperature factor) we[B1]. There remains, however, a tendency for many current
eliminated by the feature selection mechanism in the E@ethods to produce false positives, predicting solvation sites
optimizer. Upon first inspection, elimination of the atomigvhere none are observed in the crystal structure.
hydrophilicity feature (AHP) is slightly surprising from a The EC-Bayes classifier obtains similar accuracy to these
biochemical perspective, since this feature is the most dirgatthods, while maintaining tight balance between the number
measure of the tendency of local protein atoms to form hydref false-positives and false-negatives. Table VI demonstrates

gen bonds with water molecules. A likely explanation is thahe class balance for cross-validation testing of the trained
AHP is removed due to its high correlation with other featuregassifier.

such as atomic density and hydrogen bonds to protein. Thus,
the information contained in the AHP feature is redundant
with information that can be obtained from other features in
combination for purposes of solvent site classification. A key advantage of the discriminant function classifier over
The process of fitting water molecules to electron densitile nearest neighbor methods is the gain in computational

VI. CONCLUSION
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TABLE VI
CONFUSION MATRIX FOR CROSSVALIDATION TESTING OF THE TRAINED
NONLINEARLY-SCALED BAYES CLASSIFIER ON SOLVATION SITE
PREDICTION DATA.

(2]

Predicted
Observed Non-solvated  Solvated [3]
Non-solvated 62.7% 37.3%
Solvated 32.6% 67.4%

(4]

efficiency obtained by estimating the class-conditional feature
value distributions based on the training data, rather thalfl
storing every training sample and performing an all-pairs

search for near neighbors for each test sample. While the
experiments here were all executed for a fixed number of EEGI
generations, it would be worthwhile to run several experiments
constrained instead by wall-clock time. In this way, the effi{7]
ciency advantage of the discriminant function-based classifier
might be translated into further gains in classification accurac&g]
relative to the near-neighbor methods. [9]

The nonlinear discriminant function classifier, in conjunc-
tion with the EC feature extraction method, seems to exhithf]
the best feature selection capability of all the classifiers eval-
uated. In several cases, however, the additional reduction in
the number of features, as compared to the GA/knn classifig#]
incurred a slight cost in terms of classification accuracy. This,
slight cost, however, is offset by the significant reduction in
run time required for the EC-Bayes algorithm’s computation.

Various EC-hybrid classifiers have been demonstrated to &g
effective techniques for identifying the physical and chemical
determinants of protein-water binding [52]. With its combined
classification and feature selection capability, the nonline&!
Bayes classifier proves to be an effective tool for mining this
and other large structural biology data sets with significafis]
savings in computation time.

The promise exhibited by the nonlinear Bayes classifier
biological data sets suggests several avenues for further inves-
tigation. One possible improvement would be to include tH&’]
prior probabilities for each class on the EC chromosome for
optimization. Intuitively, this might allow the hybrid classifier[18]
more ability to maintain more control over the balance in pre-
dictive accuracy among classes, even when there is disparity,i
the number of training and tuning samples available for each
class. Initial experimentation in this area, however, suggested
that inclusion of the prior probabilities on the chromosome ¢
exacerbate the problem of overfitting the training and tuning
data, resulting in poor performance on independent test dafdl
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TABLE IV

PROTEINS INCLUDED IN THE SOLVATION KNOWLEDGE BASE

PDB Code Protein Resolutiond)  Water Molecules
Tahc a-momorcharin 2.0 163
lapm cAMP-dependent protein kinase 2.0 207
lbia bira bifunctional protein 2.3 43
1bsa barnase 2.0 258
1ca2 carbonic anhydrase I 2.0 167
lcgof fibroblast collagenase 2.1 181
1c%t c%clodextnn_ glycosyltransferase 2.0 588
1cl cholera toxin3 pentamer 2.0 248
1dr dihydrofolate reductase 2.3 73
1gta glutathione S-transferase 2.4 118
1lhel hen egg-white lysozyme 1.7 185
1lib adipocyte lipid-binding protein 1.7 89
1nsb neuraminidase 2.2 446
1poa phospholipase A2 15 151
1syc staphylococcal nuclease 1.8 69
1thm thermitase 1.37 193
ludg uracil-DNA glycosylase 1.75 121
2act actinidin 1.7 272
2apr acid proteinase 1.8 373
2cla chloramphenicol acetyltransferase 2.35 104
2ctv concanavalin A 1.95 146
2sga proteinase A 15 220
2wrp Trp repressor 1.65 170
3cox cholesterol oxidase 1.8 453
3dni deoxyribonuclease | 2.0 375
3enl enolase 2.25 353
3ars lutathione reductase 1.54 523
3tln thermolysin 1.6 173
5cpa carboxypeptidase A 1.54 315
See note 1 RTEM-13-lactamase 1.7 182

I Provided by Drs. Natalie Strynadka and Michael James, University of Alberta, Edmonton.

THE PHYSICAL AND CHEMICAL FEATURES USED TO REPRESENT PROTE+BOUND WATER MOLECULES AND PROTEIN SURFACE SITES

Tag

Feature

TABLE V

Description

ADN

AHP

HBDP

HBDW

ABVAL

NBVAL

Atomic density

Atomic hydrophilicity

Hydrogen bonds to protein

Hydrogen bonds to water

Average B-value of protein atom

neighbors

The number of protein atom neighbors within 336 of the water
molecule. This feature correlates with the local protein topography.
Water molecules bound in deep grooves will have high ADN values,
while those bound to protrusions will have low ADN values [5].

The hydrophilicity of the neighborhood of the water molecule is based
on the frequency of hydration for each atom type in 56 high-resolution
protein structures [47]. Each water molecule is assigned an AHP value
equal to the sum of the atomic hydrophilicity values of all atom
neighbors within 3.6A of the water molecule.

The number of hydrogen bonds between the water molecule and
neighboring protein atoms. Each donor or acceptor atom within 3.5
A is considered a potential hydrogen bond.

The number of hydrogen bonds between the water molecule and other
water molecules in the ligand-free protein structure, based &b A
distance between oxygen atoms in the two water molecules.

The average (mean) temperature factor of all protein atoms within 3.6
A of the water molecule.

Net B-value of protein atom neighbors The sum of the B-values of all protein atoms within A&f the water

molecule.
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