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Abstract tion technigues, whose use is established in gene-prediction

Motivation: The problem addressed in this paper is theSystems worldwide, are based on back propagation neural
prediction of splice site locations in human DNA. The aimgetworks (Brunalet al, 1991) and discriminant analysis

of the proposed approach are explicit splicing rule descriptSolovyewetal, 1994). However, the best of these prediction
tion, high recognition quality, and robust and stable ‘onemethods shows high accuracy [a known bad indicator of pre-
shot’ data processing dictive performance (Brunadt al, 1991)], but low correla-
Results: These results are achieved by means of a netign coefficients (0.63 and 0.47) for the splice-junction rec-
learning algorithm [BRAIN (Batch Relevance-based Artifi-ognition problem (Solovyeet al, 1994). Its successful ap-
cial INtelligence)], described in the paper, inferring Booleanplication for internal exon prediction is due to further steps,
formulae from examples, and by considering the splicingcorporating knowledge on intron and exon characteristics.
rules as disjunctive normal form (DNF) formulae. The Our aim is to perfect the first segmentation step, and in this
formula terms are computed in an iterative way, bypaper we combine the classical discriminant analysis with a
identifying from the training set a relevance coefficient fonew machine learning algorithm, called the BRAIN (Batch
each attribute. The classification is then refined by a neurdRelevance-based Artificial INtelligence) algorithm in the fol-
network and combined with a discriminant analysis protowing, for binary (two class) classification rules, to recog-
cedure. This splice site recognition method shows low erratize, given a sequence of DNA, the boundaries between exons
rates (0.0002 and 0.0003) and high correlation coefficienand introns. In the machine learning approach, a learning al-
measures (0.83 and 0.81) for donor and acceptor sitegorithm receives a set of training examples, each labeled as
respectively; better than other methods belonging to a particular class. The algorithm’s goal is to pro-
Availability: The BRAIN package (Borland Turbo Pascal forduce a classification rule (hypothesis) for correctly assigning
Windows) is available on the EMBL file server. (ftp:/ftp.new examples to these classes (Dietterich and Shaving, 1990).

ebi.ac.uk/pub/software/dos under nnbrain$.exe) This process is called inductive inference (Michalski, 1983).
Contact:rampo@vaxsa.csied.unisa.it Additional constraints are incorporated in the algorithm, for

) choosing an appropriate hypothesis. These constraints are
Introduction called biases (Dietterich and Shaving, 1990). Bias typically

Splice junctions are points on a DNA sequence at whiciakes tvyo forms: restricted hypothesis space bias and prefer-
‘superfluous’ DNA is removed during the process of proteiNce bias. The former restricts the search of the unknown
synthesis in higher organisms (Green, 1986). The problefi@ssification rule in a specific hypothesis space, where the
posed is to recognize, given a sequence of DNA, the boun@ypotheses are deflned in terms of their representations. ngl-
aries bhetween exons (the parts of the DNA sequence retairfé& formulae remains the traditional means of representat|0n
after splicing) and introns (the parts of the DNA sequenc@oth in formal Al systems (McCarthy and Hayes, 1969) and
that are spliced out), i.e. donor and acceptor sites. This prdB-actual applications, in spite of the difficulty in writing con-
lem can also be posed as to find a classification rule: givéistent theories, and of the computational problems (Kautz

a position in the middle of a window of DNA sequence elal., 1995). In the BRAIN algorithm, the hypothesis space con-
ements (nucleotides), decide whether this is an ‘intson Sists of logical formulae in disjunctive normal form (DNF).
exon’ boundary (IE), ‘exon- intron’ boundary (El), or The main advantage of this representation with respect to
neither (N). Since this is the basis of coding and intron regiopther methods is that we can derive explicit splicing rule de-
prediction of uncharacterized genomic DNA, many methodscription. Furthermore, as evidenced by Soloveggval

and algorithms have been suggested for this task (Stad€h994), splice junctions that do not contain AG or GT indicate
1984; Lapedest al, 1988; Brunalet al, 1991; Solovyeet the existence of special mechanisms to recognize them. So the
al., 1994). At present, the most successful splice site predibNF hypothesis space is restricted to GT- or AG-containing
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Recognition of splice junctions on DNA sequences

splice sites. Most of the preference biases attempt to minimizery out of date, its past use in the StatLog project allows
some measure of the hypothesis syntactic complexity. Thi®mparisons with many machine learning algorithms, in-
follows Occam’s razor: the simpler of two competing hypotheluding both back propagation and discriminant analysis.
eses should always be preferred. A theoretical explanation phere are 767 donor splice sites and 765 acceptor splice sites,
why Occam’s razor is successful has been presented Ryere eight donor and four acceptor sites do not have the GT
Blumeret al (1987). As preference bias, the BRAIN algo-ng AG conserved dinucleotide in flanking positions. As car-
rithm tries to minimize the syntactic complexity of the hypothjaq out by Brunalet al (1991), in the experiments the sym-

feosrlrsn g%cn;%?r:ﬁeoreszeﬁngﬁtﬂug ?gzgurreelg\i/r??ecfﬁgg?tﬂ%nc variables representing the nucleotides (A,G,T,C) are re-
49 (?_aced by four binary indicator variables:

hypothesis classification accuracy on previously unseen £
guences, and of the computational effort required to produce
the hypothesis. While theoretical analysis can provide bounds
on the number of examples needed to guarantee a given level ) o ] )
of confidence in the accuracy of learning, these bounds arel ' DNA sequence is then divided into windows of 60
based on worst-case arguments, and hence they tend not thggleotides, corresponding to 240 binary attributes. Each
useful in practice. On the other hand, experimental metho#éndow is labeled to belong to one of the three categories El,
based on the training set/test set methodology can provitleand N. Categories El and IE include every ‘split-gene’ for
good assessments of the accuracy of learned classificatiprimates in Genbank 64.1, and non-splice (N) examples are
rules (Weiss and Kapouless, 1989). This technique has baaken from sequences known not to include a splicing site.
widely employed in actual applications (Brureikal, 1991;  According to the StatLog usage, there are 3186 examples,
Solovyewet al, 1994), and this is the technique we apply heredivided into training (2000) and test (1186) examples. Each
The computational effort the BRAIN algorithm requires tOc|ass is indicated by a number:

produce the hypothesis is bounded by a polynomial in the

length of the DNA window, and in the number of examples. El >1 IE—>2 N —3 @)

To improve the classification accuracy, we also used a neural

network, a feed-forward one (Bishop, 1996), on the functions 1416 1 shows the example distribution over the classes.

prodgced by BR.AIN' The m_ethod is then combined with &he latter dataset, called BruData in the following, is consti-
classical discriminant analysis procedure. We show that the

resulting achieved error rates and related correlation coefﬁgted by 93 of _the 95 entries of Genbank 62.0 used by Brunak
cients are 0.0002 and 0.83 for donor, and 0.0003 and 0.81 fgr @l (1991) in the NetGene assessment. [One sequence
acceptor splice sites. Although application of inductive infer(MUMALBGC) was notincluded in the set provided by Bru-
ence to the space of binary sequences of fixed length has () and one sequence (HUMACCYBA) includes many un-
dergone a tremendous explosion of interest [Dietterich aripecified bp (X). A known dataset annotation error
Shaving (1990) is an excellent collection of papers on tH&lUMAK1L, 10517) has been corrected.] There are 630
matter], our algorithm appears to be novel. The generdonor splice sites and 630 acceptor splice sites, where one
methodology used in developing the learning algorithm is retonor and one acceptor sites do not have the GT and AG
lated to the STAR technique of Michalski (1983), to the candeonserved dinucleotide in flanking positions. As in the orig-
date-elimination method introduced by Mitchell (1982), andnal study, the dataset is divided into two parts: a training set
to the work of Haussler (1988). About its application, pashcluding 63 of all sequences (362 829 bp) and a test set con-

usage of the same DNA datasets in machine learning cangging the remaining ones (190 987 bp). Tabéows the
found in Noordewieet al (1991), Towelet al (1991), Bru-  example distribution over the classes.

naket al (1991), and Towell and Shavlik, (1992), and in the

StatLog project (http://mwww.ncc.up.pt/liacc/ML/statlog). Our

results compare favorably with the biological literature (Bru-

naket al, 1991; Solovyeet al, 1994) and further Show ex- Taple 1.1PData example distribution
plicit description of splicing rules.

A — 1000; C — 0100; G — 0010; T — 0001 1)

Systems and methods

Class Train Test
The data EI(1) 464 (23.20%) 303 (25.55%)
Two different sets of data are used in this study. The formefF® 485 (24.25%) 280 (23.61%)
referring material is the Irvine Primate splice-junction data-N®) 1051 (52.55%) 603 (50.84%)
base, called IPData in the following. While this dataset isSum 2000 1186
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Table 2. BruData example distribution in true or negated form. A term is made true by an instance
if each of its variables is 1 by assigning the corresponding

Class Train Test instance values. In the same way, a term is not made true by
EI(1) 312 (0.09%) 118 (0.06%) an instance if at least one of its variables is 0 by assigning the
IE(2) 312 (0.09%) 118 (0.06%) corresponding instance values.

N(@3) 362 205 (99.82%) 190 751 (99.88%) _ _

Sum 362 829 190 987 Example 1The termm= x,X,x, is made true by the instances

w; ={1, 0, 0, 1} andw, = {1, 0, 1, 1}, and it is not made

true by all the other instancesg, ws, ..., w,s_, of the four-di-

Problem description mensional Boolean space {0,1}

So our problem is: given a windowrmbinary values, in the A Boolean func;io_n s gxpressed asa DN.F formul'a ifitis

following called instancey, decide whether this belongs to _expressed asa dls!uncuon (or) of terms. Given an instance,
Bassumes value 1 if at least one term of the function is made

class 1, 2 or 3.The problem can be further subdivided to ﬁrlrue by the assignment, and it assumes value 0 otherwise. An
three Boolean classification rules y gn ' i '
L-term DNF function can be represented as:

f.:{0,3" = {0, ®3)
such thaf; (w) = 1 if w belongs to the clags andf; (w) =

0 otherwise, foc = 1, ...3. Whilef3 may be considered re- Example 2Let us consider the DNF functidn= x,X,x, +
dundant, it will be used in the classification refinement, as we,xx,. It assumes value 1 on the positive instances {1,

fe=m+m+ ...+ m (8)

will see in Results. 0,0,1}w; ={1,0, 1, 1},ws ={0, 1, 0, 1} andw; = {1,
' 1, 0, 1}, and it is O on all the other instances of the four-di-
Formulae and properties mensional Boolean space {0,%1}

Since our hypothesis space consists of Boolean formulae, for
the sake of clearness, we report some basic definitions. Algorithm
Boolean classification rule (briefly, functiofy) on n vari-

ables Our aim is to infer a consistent DNF classification rule of

minimum syntactic complexity from a set of instances. Here,
X1 Xp.-ey X (4) the minimum syntactic complexity means the minimum

. . . number of terms, each one with the minimum number of
each one taking only the values 1 or 0, is a mapping from thg, iapjes.

n-dimensional instance space {0,"1p {0, 1}
f.:{0,3"—{0,1 (5) One-to-one

An instance can be viewed as a value assignment to the vt us start finding a DNF formula that is consistent both
ables infe. An instance is positive, and it is indicated as thavith a positive instance and a negative one. Given a couple
vector of instances\;", w;"), a termm made true by;," and not
made true byv,- must (we assume the instances to be self-
consistent, i.e. an instance cannot be positive and negative at
if f. (w*) =1, i.e. ifw;* belongs to the class Sop positive the same time) include at least one variable not assigned in

W= wihwh,win wh € {0, (6)

i =y Winy

instances are indicated @, w5, ..., w; . An instance is the same way im;" andw;". So given a couplex(”, w"),
negative, and it is indicated as the vector let us consider the set:
W = Wi, Wo,... Wi Wi € {0,1 (7 S; = {xk|wif;( = 1lwy = O} U {Xk|wif;( = 0,wjy = 1]

if o (W) = O, i.e. ifwj does not belong to the classSoq |t can be immediately seen that, given the set of instances
negative instances are indicatechv@sws, ..., w,. A Boolean t{Wi+’ w;"}, then the formula

function is consistent with a set of instances if, and only fif,

it matches every positive instance and no negative instance fo=vg Vi € G 9)

i_n the set. A variable is in true form, a'nc_j itis i_ndicated as t'\ghere\/k is thekth variable in true or negated form, is consist-
literal %, _|f it assumes value 1 Wher_l it is asglgned to 1, ang with the set and of minimum size.

0 otherwise. On the contrary, a variable is in negated form,

and it is indicated as the literg] if it assumes value 0 when Example 3Given the instances; = {1, 0, 0, 1} andw; =

X is assigned to 1, and 1 otherwise. A temis the conjunc- {1, O, 1, 1}, we have5; 1 = {XJ}. So the functiorf; = X; is
tion of any subset of the variablesx, xo, ..., X, each one consistent with the set and of minimum size.
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Recognition of splice junctions on DNA sequences

One-to-many Many-to-many
Now let us consider having one positive instancespgmeha-  Now let us consider havingpositive instances arpnega-
tive ones: tive ones:

W, WI, W3, . W (10) W, Wy, LW, W, Wy LW (24)

In this case, different variables can disagree on different paf¥ot necessarily the formula contains just a term. In the gen-
(w;, w™). Then a term, to be consistent with the given inéral case, a consistent DNF formula will be a disjunction of

stances, needs to include at least one variable for each sé& Set of terms. Each positive instance satisfies at least one
term and none of the terms is satisfied by any negative in-

S; = [xdwit = Lwg = 0 | {xdwit = 0w = 1 stance. As in the one-to-many case, for each coupte (
fl ik | ik Iy _
(11)  w;) aterm made true by,” and not made true by amy
must include at least a variable not assigned in the same way

Furthermore, as preference bias, we require a term of t' Wi _andwj* foLeach co_uplevﬁl, W - The_n,tl::)r_eaclwi;,
smallest total size. This can be viewed as a set covering pr ere s a term that contains at least a variable |r_1$§s L

lem (Cormeret al, 1990), and while the problem is NP-hard hile th‘? problem of finding the minimal consistent DNF
(Cormeret al, 1990), an approximate solution can be foundermula is NPI—hard (]E<earnst al, 1987),|_an approxmateh
by a generalized greedy method (Johnson, 1974), as applﬁauno? Cé’“; also be Iound by a ggnerar:zgd greedy method
in machine learning by Haussler (1988). In our case, give"?'lS appfleh y'HaUﬁs er (19?]8)' _leer:jt € mséan(;]es, It con-
the§j sets, it consists of choosing the variable that is in th%'StS of choosing t'e term that IS mace true by the grealest
most of sets, and to erase such sets, until there are no mgpénber of positive instances and it is not made true by all the

sets. Obviously, this greedy choice can be improved by taRegative ones, a_n_d e_rasing such positive instances, until there
ing into account the size of thg sets. [This was also applied are no more positive instances. Unfortunately, such a method

by Johnson (1974) in the MAX-SAT approximation algo-is impractical because the term selection step has high cost.

rithm improvement.] For example, if there is only a variabldt ¢an fbe ?]rgued thatl Itis possible to u”sg an aﬁproxmatebsol-
inang ; set, that variable will be surely included in the term Yo" ortl € t(;:rm € ectlon,l as we wit do "ﬂ this paper, u:)
We say that variable has a great relevance. Let us formali?@er\}s{]a pergrmance eva dueﬁnonlls actually a}n open prok-
this concept. For each; set, we call the relevance gfin 'em. atwe dois to {axten the relevance eva ua’qon to take
_ L into account the relative frequency of a variable inShe
the§; set the value: ; ) ) . .o
: sets, for = 1,... pand build the function terms in the iterative
Is (V) way of a one-to-many case. For each coupie, (w"), let
)

Rijvd = HS) (12)  us consider the sets:

K
j

=1,..,9q

wherels;j(\) is the characteristic function of thg set, i.e. S = [xdwi = 1w = 0} | {xdwi = O,wji = 1} (15)
itis 1ifu O §; and O otherwise, then we call relevance Oihat we collect as
a variabley in theq §; sets the value:

S = {SwvSs---.Sy (16)

q
1
R W) =35> R; (v 13
(W q; A\ (13) " and the relevances
So, given th§ j sets, we repeatedly compute the relevances, 1<
choosing the variable with the greatest one, and erasing the R () = qz Rij (Vi (7)
sets including that variable, until there are no more sets. =t

To take into account the relative frequencies, we extend the
Example 4Given the instances;” = (1, 0,0, )w; ={1,  relevance to all th§ js, so having:
0,1, 1} andw; =1{1, 1, 0, O}, we have&s 1 = {X}, S 2=
{%,%,}. The initial non-zero relevances aRy(x,) = %, -
Ry(X) = ¥, Ry(xq) = . The variablex, has the maximum RV = %2 R(v) =
relevance, and, once we have selected it, we erase $g set -
only, leavingS; »={X,, X4). The new non-zero relevances areBy using this extended relevance, the greedy approximation
Ri(x,) =4, Ri(X4) = 2. We can choose any of the two vari-algorithm is applied at the same time both to cover the
ablesir5, », and then all th§ ; sets are erased. So a possiblereatest number of positive instances, and to select the least
output iISX,X,. possible number of variables.

P
P, O Ry ) (18)

i=1 j
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GT/AG bias Implementation

Finally, for class 1 and 2, we limit ourselves to the data ha¥he BRAIN algorithm has been implemented both in C and
ing the GT and AG conserved dinucleotide in flanking posiPascal. The experiments in C were carried out on a SUN/OS
tions. This is done by testing the presence of: SPARK 1l workstation. The Pascal version runs on Intel-

based PCs.
BIAS, = Wi;uWips = 1,1 GT) (19)

Results
BIAS, = W1;3W150 = 1,1 GT) (20)

: . . . Evaluation m r
for class 1 and 2 instances, respectively. This constraint is aluation measures

then introduced in the function terms by adding: We will use as indicators of the predictive performance the
MBIAS = X, 21) error numbe_r,_ i.e. the number of patterns i_n the test set erron-
1237128 eously classified, the error rate, i.e. the ratio between the error
number and the test set size, and the correlation coefficient,
MBIAS = XyiX110 (22)  a measure that takes the relationship between correctly pre-
dicted positives and negatives as well as false positives and

Dummy values oBIAS andmBIAS, are introduced for negatives:

c=3.
The remainder of the procedure is the classical greedy ap- PN, — PN,
proximation. This procedure can be sketched as follows: C = = — — —
V(Ne + NN + PY(P. + NJ(P: + Po)

(23)

BRAIN Algorithm . -
_ B . B _ whereP; andN; are the correctly predicted splicing and not-
Step 1.Inpth ? —+vaqabl_e nu[nber,c = class,G = gyjicing sites for clags respectively, an®, andN, are simi-
{wi,w;.wy, wr, Wy, .. we} the set of training |arly the incorrectly predicted sites. In the experiments on

instancesinitialization: Setfe: = @. AG-GT Bias  reg| sequences, we also report the accuracy, i.e. the percen-
Erase from G the set of instances not includingage of correctly predicted splice sites.

BIAS.
Step 2: While there are positive instance&in Base results

2.1 §j-sets Build from G the sets§; and collect We applied the BRAIN algorithm on the IPData training set,
them inSs. building a formuld; for each class. For each class, the train-
ing set consists of 2000 instances, and the test set of 1186 (see
Table3). The number of patterns in the test set erroneously
2.3 Build the termWhile there ar&; sets classified, the error rate and the correlation coefficient are

reported, for each class, in Taldle
2.3.1Relevances Compute the relevances

R(Vk)- Table 3. Training and test sets

2.2 Start a new termSetm = @.

2.3.2Add variable Select the variable such
thatR(w) is maximumm « m O {«}

Class Training (2000) Test (1186)
Positive + (Negative)  Positive + (Negative)

2.3.3Update setsErase th& sets notincluding — Ei(1) 464 + (485 + 1051) 303 + (280 + 603)
V- Erase th&y sets includingk. IE@) 485+ (464 + 1051) 280 + (303 + 603)
2.4 Add the termf; — fc + {mOmBIAS}. NG) 1051 + (464 +485) 603 + (303 + 280)

2.5 Update instance<rase fronG the positive in-
stances satisfyingn. Table 4.Base results

Step 3: Output f¢

The resulting; is the inferred formula. It is easy to see that
the algorithm has polynomial time complexity, upper
bounded by(n?t3), wherenis the variable number on which
fo is defined and is the number of examples seen. NE3) 85/1186 0.071 0.86

Class Error number Error rate Correlation coefficient
EI(1) 41/1186 0.034 0.91
1E(2) 59/1186 0.049 0.86
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Fig. 1. Splicing rules derived by BRAIN in the restricted window case.

Table 5.Restricted window results quence of 20 nucleotides, there is an El junction in the middle
according to rule 3 if nucleotide 2 is not C or T, nucleotides
Class Error number Error rate Correlation coefficient 11, 12, 13 are G, T, A, respectively, and nucleotide 14 is not
EI() 37/1186 0.031 0.91 T.) Further experimented restrictions (10-15 nucleotides)
IE2) 51/1186 0.043 0.88 decrease the recognition performance.

N(3) 59/1186 0.049 0.90

Cross-validation

Restricted window The results achieved by using a ‘10-fold cross-validation’

methodology (Weiss and Kapouless, 1989) on 1000
The dataset documentation indicates that much better pexamples randomly selected from the complete set of 3190
formance is generally observed if attributes closest to trere reported in Tablk We should point out that there is very
junction are used. In our case, this means restricting the wilittle variance between the results of each experiment, i.e. the
dow to 20 nucleotides by using binary attributes 81-16@lgorithm has very stable behavior. In the same table, there
only. Following this hint, we achieved the results reported iare the error rates produced by various machine learning al-
Table5. Figurel reports the corresponding splicing rules. (Ingorithms on the same dataset and in the same experimental
the figure, lowercase letters mean variables in negated forggnditions (all experiments, except BRAIN, carried out at
i.e. there is not a nucleotide represented by the correspondihg University of Wisconsin) (Noordewiet al, 1991; To-
uppercase letter in that position. For example, given a seell et al, 1991; Towell and Shavlik 1992).

681



S.Rampone

Table 6. Error rates produced by BRAIN and by various ML algorithms by Table 8. Neural network restricted window results
using a ‘10-fold cross-validation” methodology

Class Error number Error rate Correlation coefficient
System El(1) IE(2) Neither(3) El(1) 31/1186 0.026 0.93
BRAIN 0.050 0.040 0.040 IE(2) 54/1186 0.043 0.87
KBANN 0.076 0.085 0.046
BackProp 0.057 0.107 0.053 Table 9.Overall error rates on IPData
PEBLS 0.082 0.075 0.069
System Overall error rate
Perceptron 0.163 0.174 0.040
NN BRAIN 0.021
ID3 0.106 0.140 0.088 ,
Radial 0.025
COBWEB 0.150 0.095 0.118 ,
Dipol92 0.022
Near. Neighbor 0.116 0.091 0.311
Alloc80 0.061
QuabDisc 0.022
Discrim 0.043
Table 7.Neural network base results LogDisc 0.028
Bayes 0.058
Class Error number Error rate Correlation coefficient Castle 0.065
EI(1) 38/1186 0.032 0.91 IndCart 0.052
IE(2) 59/1186 0.049 0.86 cas 0.053
Cart 0.079
BackProp 0.042
Neural network hybrid approach BayTree 0.036
cn2 0.037
To refine the classification accuracy, we used the output of ., 0.037
the three functions as input to a single-layer feed-forwarchewI q 0.037
neural network with just two neurons (Bishop, 1996). Each i
neuron has sigmoidal activation. The net input are the four™a" 0.064
binary values;(w), fo(w), f3(w), 1, wherew is the example  Cal5 0.114
to be classifiedy(w), ..., f3(w) are the DNF functions com-  itrule 0.132
puted by BRAIN for each class, and 1 is a bias coefficient, 0.054
The two outputs are labeled as the classes 1 and 2, and tP%
ohonen 0.191

greatest one over a fixed threshold indicates the classifica-
tion. If the outputs are both under the threshold, we recognizBefault 0481
a not-splicing site.

The net training has been by means of a delta rule (Bish e S
1996). Since the functions error is zero on the training set, EQeRAIN/dlscrlmlnant combination
net training is made on the half of the test set, using the ré&te BRAIN algorithm is then combined with a discriminant
as test. Then a new random 2000 + 1186 set is selected, amthlysis methodology. The idea behind this process is quite
after BRAIN has been completed, the net is applied to tr@mple. A discriminant analysis technique, based on a strong
output. The network main rule is to solve ambiguous casedpmain knowledge (Muradt al, 1990; Solovyev and Laur-
and in fact it reduces the number of false donor and acceptamce, 1993; Solovyest al, 1994), easily splices out most of
sites. The neural network hybrid approach results on batiee not-splicing sites (method details are reported in the Ap-
and restricted window data are reported in Tablaad8, pendix). Nevertheless, its decision boundaries are hyperpla-
respectively. The overall error rate, given by the globahar (Bishop, 1996), and it can misclassify borderline
number of misclassified patterns over the data set size, is Bxamples, unless the border is moved, so reducing the error
ported in Tabl®. In the same table, there are the correspomate while decreasing correlation. On the other hand, DNF
ding values of some StatLog Project experimented systenfanctions are sums of hypercubes, and while they can easily
For the StatLog systems description, we refer to the StatLageat non-linearities, they may partially fill the instance
documentation. space, especially when the ratio between positive and nega-
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tive examples is <0.015, as in DNA sequences. Howevesxplicit splicing rules description as a DNF formula, a poly-
since the two systems divide the instance space differentlypmial computational complexity, and robust and stable ‘one
they tend to fail on different instances. So we arrange theghot’ learning. Furthermore, from a theoretical point of view,
in a cascade. The first system is applied on the data, so dbe computational learning approach (Dietterich and Shav-
taining a number of misclassified negative patterns (falsag, 1990) shows that the hypotheses acquired from
positives) comparable to the positive instances. Then, tlexamples are approximately correct with a degree of prob-
BRAIN functions are applied to reduce the false positivesability that grows with the size of the training example. Simi-
lar results have been achieved in the field of pattern recogni-
BruData results tion under a variety of problem settings (Saitta and Bergada-
] o ) no, 1993). This means that the results obtained using the very
training set, while the NN BRAIN functions are derived fromprecise set of data. As carried out by other authors, for exon
the IPData. Attention has been paid to not overlapping thgediction it is possible to combine the splicing method with
2000 IPData training instances with the BruData test set Me characteristics describing the 5-intron region, coding re-

terial. After the systems training has been completed, the digion and 3-intron region, and it will be the subject of a future
criminant method is applied on the BruData test set. udy.

apply an observation window of 110 bp, for each nucleotide,
from the start +55 to the end —55 of each gene, and each wigx
dow is coded as (1) and labeled as (2). After the analysis has
been completed, the residual instances (the windows corrBhe author is grateful to S.Brunak for kindly providing his
sponding to splice sites correctly classified, and to false posiriginal data, to V.Colantuoni and G.Paolella for useful dis-
tives, i.e. all the instances where the discriminant analysisissions, to E.Rampone for bibliographic assistance, and to
answers El or IE) are reduced to 20/60 bp and given as ingbe referees for very helpful comments on the first version of
to the trained NN BRAIN. The results obtained in the rethis paper.

stricted window case are reported in Talleln Tablell,
we report the overall results of the combined method.
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Appendix: Discriminant analysis procedure i
PP ysis b for triplets preferences

Feature extraction

The method takes some characteristics from each position &= ZKB @7)
(positions are reported by assuming an observation window regen

of 110 bp) in a window around an AG/GT dinucleotide. Lefor B U { G/GG/GGGC/T}
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