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An Error Tolerant Software Equipment for Human
DNA Characterization

Salvatore Rampone, Member, IEEE

Abstract—We describe a learning algorithm for the prediction
of splice site locations in human DNA in the presence of sequence
annotation errors in the training data. Experimental results on a
common dataset including errors are reported. We also give an ef-
ficient implementation. The resulting software package is publicly
available.

Index Terms—Algorithm, DNA, efficient implementation,
learning, noise, splice.

I. INTRODUCTION

GENE identification and characterization is a fundamental
starting point for describing and understanding our struc-

ture, function, and development. However, eukaryotic genomes
show a complex underlying structure. In such genomes a pro-
tein-coding gene, started by a promoter, and ended by a poly-A
region, consists of a set of regions called exons usually inter-
rupted by other regions called introns. Introns can interrupt both
coding and noncoding (or untranslated) regions. The interrup-
tion points, exon-intron (EI) and intron-exon (IE) boundaries,
are called donor and acceptor sites, respectively, and in general
splice sites.

In fact introns are removed during a process called splicing.
The splicing of introns is part of a multistep process of RNA
maturation which takes place in the nucleus to generate ma-
ture (mRNA) molecules for transport to the cytoplasm. This
process involves several factors such as small nuclear ribonu-
cleoprotein particles (snRNPs) and heterogeneous nuclear ri-
bonucleoprotein particles (hnRNPs). This complex assembly is
called spliceosome. The existence is known of consensus se-
quences around splice sites. For example, the short consensus
CAG/G, which is preceded by a region of pyrimidine abundance
(polypyrimidine tract), is a typical feature of the acceptor sites
[1]. However, a lot of similar sequences are not selected as true
splice sites (false positives).

Due to the task complexity, the use of computational methods
to predict genes and their structures (sets of spliceable exons)
has attracted a considerable research attention in recent years.
Many approaches focused on prediction of individual func-
tional elements, e.g., promoters, splice sites, coding regions,
in isolation or integrating multiple types of information in-
cluding splice signal sensors, compositional properties of
coding and noncoding DNA, and in some cases database
homology searching. Examples of such approaches are Net-
Gene [2], GeneID [3], GenMark [4], FGENEH [5], Genie [6],
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GENESCAN [7], VEIL [8], HMMgene [9], Bayes Networks
[10], GeneFinder [11], and many others. However, the use of
computational gene prediction tools in genome sequencing
projects [12] has led to the suggestion that the computer algo-
rithms used to identify the putative intron-exon junctions give
incorrect estimates more frequently than expected. It is now
recognized that accurate prediction of eukaryotic gene structure
is dependent largely upon the ability to pinpoint exactly the
splice site signals in a sequence [13].

In the machine learning approach we use here, the problem
is posed as to find a classification rule: given a position in the
middle of a window of DNA sequence elements (instance), de-
cide whether this is an “exon intron” boundary (EI), “intron

exon” boundary (IE), or neither (N). To find such a rule,
a learning algorithm receives a set of training DNA windows,
each labeled as belonging to a specific class. The algorithm’s
goal is to produce a classification rule (hypothesis) for correctly
assigning new instances to these classes [14]. This process is
called inductive inference [15].

The problem addressed in this paper is to define an exper-
imental apparatus for the prediction of splice site locations in
human DNA. To this aim we generalize a machine learning
algorithm, called batch relevance-based artificial intelligence
(BRAIN) algorithm [16][17], for binary (two class) classifica-
tion rules. This algorithm was originally conceived for coding
and intron region prediction of uncharacterized genomic DNA.
The general methodology used in the algorithm is related to the
STAR technique of Michalski [18], to the candidate-elimination
method introduced by Mitchell [19], and to the work of Haus-
sler [20].

We extend the algorithm to consider learning problems where
there is noise on the data [21][22][23][24]. The modified al-
gorithm, named BRAIN , given a set of DNA training data
including sequence/class errors, a common error in the mayor
public databases, produces a hypothesis for each kind of splice
site. As we formally see in the following, the algorithm respect
some constraints (bias): hypotheses are in disjunctive normal
form (DNF), their syntactic complexity tends to be minimal, and
they fit the given instances according to a noise parameter.

Roughly speaking, we introduce in the BRAIN algorithm an
early stopping methodology [25]. Early stopping of training
is one of the methods that aim to prevent overtraining due
to a too powerful model class, noisy training instances, or a
small training set [26]. As matter of fact the BRAIN training
corresponds to an iterative reduction of the error function
defined with respect to a set of training data. During a typical
training session, this error generally decreases as a function
of the number of iterations in the algorithm. However, the
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error measured with respect to independent data often shows a
decrease at first, followed by an increase as erroneous instances
are being considered. Training can be therefore stopped when
the training error reaches a fixed error parameter.

Since in the afforded problem the ratio between splicing and
nonsplicing instances is less than 0.015, we consider an error
tolerance on the splicing instances only.

The hypotheses produced by the learning algorithm are used
in a recognition package. Experimental results on a common
dataset including errors show that BRAIN outperforms its
previous version, in particular in the complexity of the produced
hypothesis.

The algorithm, while polynomial, needs to be optimized for
large scale real world applications. We define an efficient im-
plementation, indicated as FastBRAIN. The resulting software
equipment, publicly available, is easily applicable to large scale
problems.

This paper is organized as follows. In Section II we describe
the learning environment, and, in Section III, we introduce
the noise tolerant algorithm. Sections IV and V are devoted
to the adopted optimization procedures. Section VI shows
experimental results. Some examples and details are reported
in Appendixes I and II.

II. LEARNING ENVIRONMENT

A DNA sequence can be viewed as a string over an alphabet
of four symbolic variables (the four kinds of nucleotides A, G,
T, C). Here the symbolic variables representing the nucleotides
are replaced by four binary indicator variables

(1)

In our treatment the DNA sequence is then divided in observa-
tion windows (instances) of binary attributes, corresponding
to 4 nucleotides.

Since the hypotheses we will treat are Boolean formulas,
we need some basic definitions. A Boolean classification rule
(briefly function) on variables

(2)

each one taking only the values 1 or 0, is a mapping from the
-dimensional instance space to

(3)

An instance can be viewed as a value assignment to the vari-
ables in .

An instance is positive, and it is indicated as the vector

(4)

if , i.e., if belongs to the class . So positive
instances are indicated as .

An instance is negative, and it is indicated as the vector

(5)

if , i.e., if does not belong to the class . So
negative instances are indicated as .

A Boolean function is consistent with a set of instances if
and only if it matches every positive instance and no negative
instance in the set.

A variable is in true form, and it is indicated as the literal ,
if it assumes value 1 when it is assigned to 1, and 0 otherwise.
On the contrary, a variable is in negated form, and it is indicated
as the literal , if it assumes value 0 when is assigned to 1,
and 1 otherwise.

A term is the conjunction of any subset of the variables
, each one in true or negated form. A term is made

true by an instance if each of its variables is 1 by assigning the
corresponding instance values. In the same way a term is not
made true by an instance if at least one of its variables is 0 by
assigning the corresponding instance values.

A Boolean function is expressed as a DNF formula if it is
expressed as a disjunction (or) of terms. Given an instance, it
assumes value 1 if at least one term of the function is made true
by the assignment, and it assumes value 0 otherwise. An -term
DNF function can be represented as

(6)

By the previous definitions our problem is: given a window
of binary values, in the following called instance , decide
if the middle point is a splice site, i.e., if the instance belongs
to a certain class [ exon-intron junction (EI), intron-
exon junction (IE), no junction (N)] by finding a Boolean
classification rule

(7)

such that if belongs to the class , and
otherwise.

III. THE ERROR TOLERANT ALGORITHM

Our goal is to find a classification rule, which captures the un-
derlying systematic aspects of the data without fitting the noise
on the data.

A known learning algorithm (BRAIN), given a set of labeled
training data, returns a DNF function which is consistent with
all the training instances (provided that we have no contradic-
tory instances), and of approximately minimum size. To this
aim the algorithm builds iteratively the function terms by means
of a probability distribution over the literals derived from the
training data. This probability distribution is built as follows.

Let us consider to have positive instances and negative
ones

(8)
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Let us consider the sets

(9)
that we collect as

(10)

The relative frequencies of a the variables in the sets are
computed

(11)

where

#
(12)

and where is the characteristic function of the set,
that is 1 if and is 0 otherwise. The coefficients,
called relevances, form our probability distribution.

The BRAIN algorithm uses the relevance as a choice criteria
to build DNF function terms. The choice aims at the same time
both to cover greatest number of positive instances, and to select
the less possible number of variables. An algorithm scheme is
reported in Appendix I.1

By several reasons [27], annotation errors may be present in
the training data. In some cases the error is not significative,
since the instance middle point corresponds in effect to the in-
dicated kind of junction; in the general case, an annotation error
may lead to a misclassified training instance.

In such a noisy environment, the structural risk minimiza-
tion principle [28] tells us that a function which makes a few
errors on the training set might give better generalization than
a larger function (with more features and more conjunctions)
which makes zero empirical error.

To include this flexibility into the BRAIN algorithm, we limit
the hypothesis consistency by early stopping the learning algo-
rithm when there remains a few more training instances to be
covered.

Let us formalize this step. Let and be the number of pos-
itive and negative instance given. A parameter will specify
the error tolerance on the positive instances. A similar will
account of the errors allowed on the negative instance set.

Now let us suppose that, during the algorithm iterations, there
are positive instances to be covered. If such
instances are discarded.

It is worth noting that the introduction of the noise parameter
does not alter the BRAIN produced DNF terms, but just their

number. The reduced terms will account for at least
training positive instances.

1In the reported scheme, the original genomic bias has been removed.

In the same way let us suppose that there are negative
instances to be considered. The adding procedure halts when

.
The resulting procedure can be sketched as follows:

Algorithm

Step 1: Input: variable number,

the

set of training instances.

noise parameters

positive instance number

negative instance number

Initialization: Set .

Step 2: While do

2.1 -sets: Build from the sets and

collect them in s.

2.2 Start a new term: Set . .

2.3 Build the term : While do

2.3.1 Relevances: Compute the relevances .

2.3.2 Add variable: Select the variable such

that is maximum.

2.3.3 Update sets: Erase the sets not including

and update . Erase the sets

including and update .

2.4 Add the term: .

2.5 Update instances: Erase from the positive

instances satisfying .

Step 3: Output:

IV. DIFFERENCE SET MANAGEMENT

In the described procedure we evidence the management
as a main computational drawback. In fact it involves

(13)

steps. In real world cases, as , and grow, such a computa-
tion appears to be quite expensive.

However, by definition (9), s can be derived from the gen-
erating .

In fact, initially s are derived from the given positive and
negative instances (8). When a new literal is selected by the
relevance, we perform two steps (2.3.3):

1) Erase the sets not including and
2) Erase the sets including .

Theorem 1: The update step 1) can be done by erasing
having 0 in position if is in true form, or having 1

in position if is in negated form, i.e., the positive instances
whose indexes belong to

(14)

Proof: sets not including are obtained by comparing
to the negative instances a that does not make true , i.e.,

• a not having 1 in position if is in true form; or
• a not having 0 in position if is in negated form.
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As a consequence, if we erase such an instance from the
initial set (8), the corresponding set can not be generated.
In other words the elimination step can be performed over the

s.
In the same way, we have Theorem 2.
Theorem 2: The update step 2) can done by erasing s

having 0 in position k if is in true form, or having 1
in position if is in negated form, i.e., the negative instances
whose indexes belong to

(15)

Proof: sets including are made by comparing pos-
itive instances to a that do not make true, i.e., to

• a not having 1 in position k if is in true form; or
• a not having 0 in position k if is in negated form.

Then the potential of can be erased by erasing the corre-
sponding .

In this way we can substitute to the sets at most
instances .

A simple example is reported in Appendix II.

V. RELEVANCE COMPUTATION

Obviously, the avoiding advantage may be outperformed
by the relevance (11) computation. So let us consider (12). In
this equation # is the number of differences between
and , i.e., the Hamming distance . Further-
more, by definition (9), in (12) can be viewed as

(16)

and (11) becomes

(17)

We observe that the quantity (1 ) is a just a scaling factor,
and it can be omitted, and that can be computed
once and for all as . In this way we value the relevances
by

(18)

These quantities can be computed just once for each term. In
fact, by using (18), it is easy to see that, when we update s,

as in Section IV, the corresponding relevance update is for step
1)

(19)

and for step 2)

(20)

The considerations of the last two sections lead to the fol-
lowing scheme:

FastBRAIN Algorithm

Step 1: Input: variable number,

the

set of training instances.

noise parameters

positive instance number

negative instance number

Initialization: Set ;

.

Step 2: While do

2.1

2.2 Relevances: Compute the relevances by

(18).

2.3 Start a new term: Set . .

2.4 Build the term: While do

2.4.1 Add variable: Select the variable such

that is maximum.

2.4.2 Update and Relevances: Let the set of

indexes (14). Erase from the instances

and update relevances by (19), ;

and update .

Let the set of indexes (15). Erase from

the instances and update relevances by

(20), ; and update

2.5 Add the term: .

2.6 Update instances: Erase from the positive

instances satisfying .

Step 3: Output:

VI. RESULTS

A. Evaluation Measures

We will use several indicators of the predictive performances.
The error number is the number of patterns in the test set erro-
neously classified. The error rate is the ratio between the error
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TABLE I
IPDATA NUCLEOTIDE DISTRIBUTION

TABLE II
IPDATA INSTANCE DISTRIBUTION

number and the test set size. The correlation coefficient is a mea-
sure that takes the relation between correctly predicted positives
and negatives as well as false positives and negatives

(21)

where and are the correctly predicted spicing and not
splicing sites for class , respectively, and and are simi-
larly the incorrectly predicted sites.

As indicator of generalization capabilities we will also value
the number of function terms.

Finally, we will consider the FastBRAIN execution time and
the ratio between execution times of FastBRAIN and BRAIN
implementations as a measure of relative speedup.

B. Data Set

The referring material is the Irvine Primate spice-junction
dataset extracted from Genbank 64.1 (IPData). While this
dataset is very out of date, its past usage in the StatLog project
allows comparisons with many machine learning algorithms.
An extensive comparison of the BRAIN algorithm against
several others on these data has been performed in previous
works [16]. The results evidenced the algorithm low error rates
and high correlation measures, better than other methods.

There are 767 donor splice sites and 765 acceptor splice sites,
where eight donor and four acceptor sites do not have GT and
AG conserved dinucleotide in flanking positions. The complete
list is available online [29].

Table I shows the IPData nucleotide distribution. For further
details we refer to the dataset documentation [30]–[32].

As made by Brunak et al. [2], in the experiments the symbolic
variables representing the nucleotides (A, G, T, C) are replaced
by four binary indicator variables, as in (1).

The DNA sequence is then divided in windows of 60 nu-
cleotides, corresponding to 240 binary attributes.

Each window is labeled to belong to one of the three cate-
gories EI, IE, and N. Categories EI and IE include every “split-
gene” for primates in Genbank 64.1, and nonsplice (N) instances
are taken from sequences known not to include a splicing site.

TABLE III
BASE RESULTS

TABLE IV
RESTRICTED WINDOW RESULTS

Fig. 1. DNF terms as function of the noise parameter in the restricted window
case.

According to the StatLog usage, there are 3186 instances, di-
vided in training (2000) and test (1186) instances.

Each class is indicated by a number

(22)

Table II shows the instance distribution over the classes.
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Fig. 2. EI DNF terms as function of the noise parameter in the restricted window case.

C. Base Results

Since the ratio between positive and negative instances is less
than 0.015 in DNA sequences, we consider an error tolerance on
the positive instances only. This means .

We applied the FastBRAIN algorithm on the IPData, varying
the parameter in the range [0.000, 0.100], and building a for-
mula for each class. For each class, the training set consists
of 2000 instances, and the test set of 1186. The number of pat-
terns in the test set erroneously classified, the error rate, and the
correlation coefficient are reported, for each class, in Table III.
In the table we also report the number of function terms. It is
easy to see the main advantage of the introduction of the noise
parameter is the dramatic reduction of function terms. The error
rate and the correlation are preserved or improved until ap-
proaches 0.100. They slowly degrade as further grows. In the
considered case, the best choice appears to be a noise parameter
in the order of 0.010.

D. Restricted Window

Better performances are generally observed if attributes
closest to the junction are used. In our case this means to
restrict the window to 20 nucleotides by using binary attributes
81–160 only. We achieved the results reported in Table IV

Fig. 1 shows the dramatic reduction of the function terms as
the noise parameter grows. Also in this case the best tradeoff be-
tween correlation and function terms appears to be .

Figs. 2 and 3 report the EI and IE DNF terms as function of
the noise parameter. For ten terms account for the
first 458 of 464 positive EI instances (99%) (In the figures low-
ercase letters mean variables in negated form, i.e., there is not a
nucleotide represented by the corresponding uppercase letter in
that position. For example, given a sequence of 20 nucleotides,
there is an EI junction in the middle according to rule if

nucleotide 2 is not C nor T, nucleotides 11, 12, 13 are G, T, A,
respectively, and nucleotide 14 is not T.).

E. Speedup

The FastBRAIN running time has been computed on a
common Intel Celeron based PC. The results are reported
in Table V. The times are in the order of few seconds, and
decreasing as the error parameter grows.

The FastBRAIN running time is then compared to the BRAIN
one, for each class. To make the test meaningful, the error pa-
rameter has been set to zero. The results, reported in Table VI,
show a mean ratio of 0.0720. In other words the FastBRAIN im-
plementation is about 14 times faster than the BRAIN one.

VII. CONCLUSION

The problem addressed in this paper is to recognize, given a
sequence of DNA, the boundaries between exons and introns.
This is due by means of a learning algorithm, described in this
paper, inferring Boolean formulas from noisy instances, and by
considering the splicing rules as DNF formulas. The formula
terms are computed in an iterative way, by identifying from the
training set a relevance coefficient for each attribute. As in pre-
vious papers [16], the result can be further refined by means of a
neural network and combined to a discriminant analysis method.

The proposed approach introduces a noise tolerance by means
of an early stopping methodology. It also maintains the low error
rates and high correlation measures, the explicit splicing rules
description as a DNF formula, and the polynomial computa-
tional complexity of the original algorithm.

This also involves a dramatic reduction of the function size,
an empirical indicator of learning time reduction and of better
generalization properties on problems of greater size.
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Fig. 3. IE DNF terms as function of the noise parameter in the restricted window case.

TABLE V
FASTBRAIN EXECUTION TIMES ON IPDATA

Finally, the given implementation, called FastBRAIN, pub-
licly available [33], shows a very good speed up of the tested
benchmark, and makes the algorithm easily applicable to large
scale real world problems. Preliminary results on newly ob-

TABLE VI
RATIO BETWEEN FASTBRAIN AND BRAIN EXECUTION TIMES

tained genome data are in agreement with the results obtained
by using the IPData.

APPENDIX I
BRAIN ALGORITHM

BRAIN Algorithm

Step 1: Input: variable number,

the set of training instances.

positive instance number

negative instance number

Initialization: Set .
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Step 2: While there are positive instances in

2.1 -sets: Build from the sets and

collect them in s.

2.2 Start a new term: Set .

2.3 Build the term: While there are sets

2.3.1 Relevances: Compute the relevances .

2.3.2 Add variable: Select the variable such

that is maximum.

2.3.3 Update sets: Erase the sets not including

. Erase the sets including .

2.4 Add the term: .

2.5 Update instances: Erase from the positive

instances satisfying .

Step 3: Output:

The resulting is the inferred formula.

APPENDIX II
EXAMPLE 1

Let the given instances be

We set

corresponding to

By computing the relevances, we have the nonzero values

is selected and e are erased, or, equivalently, we
exclude . Then

corresponding to

Now the nonzero relevances are

is selected and is erased, or, equivalently, we exclude
, and is erased or, equivalently, we exclude
. Then there are no more sets, or, equiva-

lently, there are no more negatives in . The term is
added to the function.

In the next step we have

corresponding to

The nonzero relevances are

is selected and is erased or, equivalently, we exclude
. Then

i.e.,

The remaining nonzero relevances are

is selected and is erased, or, equivalently, we exclude
. There are no more constraints: the term is added

to the function.
The process ends with a resulting
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