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Abstract

Understanding the mechanisms behind the gene and genomic expression regulation is one of the
major focuses of molecular biology with large impact in the comprehension of cellular biology in different
conditions.

The current work intends to use the information theory to better understand the gene expression in
three yeasts, Sacharomyces cerevisiae, Candida glabrata and Hanseniaspora guilliermondii genomes.

For this purpose it was performed a global analysis where the entropic profiles (EP) were constructed
to each yeast, considering a substring length of 8, which were subsequently filtered in order to obtain
the 10 more common patterns. From this analysis were identified two patterns that may correspond to
TFBS in S. cerevisiae and C. glabrata, showing the capability of using information theory to achieve
this goal.

The local analysis starts by testing the hypothesis of promoters with high similarity being regulated
by the same transcription factors. Therefore, it was applied a k-medoids algorithm using KL divergence
as similarity measure.
Keywords: Information Theory, Transcription Factors Binding Sites (TFBS), Kullback-Leibler
divergence, Sacharomyces cerevisiae, Candida glabrata and Hanseniaspora guilliermondii

1. Introduction

Regulation of gene expression is an essential
mechanism to all the cells, promoting its homeosta-
sis, as well as the adaptation to the environment
conditions. Through this regulation mechanisms
the cells control which genes are expressed, allowing
the production of selected proteins according to cell
needs [1].

The regulation process can occur in all the tran-
scription and translation phases. Taking a closer
look in the transcription phase, it is observed that
the chromatin configuration is a strong regulation
mechanism, whose compression levels may present
genes in different physical states: repressed, in case
of the genes that are encased in chromatin, not al-
lowing the transcription; basally genes, which have
a more permissive chromatine structure, conceding
low levels of transcription; induced genes, charac-
terized by an open chromatin structure, and conse-
quently largely transcripted [2].

The states described above can be modied
trough the chromatin interaction with certain pro-
teins, promoting or preventing its transcription [1].
Therefore, the transcription machinery in eukary-
otes depends on two complimentary regulatory

components: the Cis-Regulatory Elements (CREs)
and theTrans-Regulatory Elements (TREs) [2].

The Cis-Regulatory Elements are DNA se-
quences, usually in the non-coding regions, that
have recognized sequences by the TREs. These are
composed by transcription factors and other DNA-
binding protein, whose interaction results in the
promotion or inhibition of the transcription initi-
ation [3].

The main focus of the current work is to search for
the recognized sequences, known as Transcription
Factors Binding Sites (TFBS). Nowadays, some ex-
perimental and computational approaches are al-
ready available.

Within the experimental approaches, it is impor-
tant to highlight the ChIP-on-chip technology and
ChIP-sequencing technology. Both methods use
the chromatin immunoprecipitation (ChIP) tech-
nique to identify the DNA fragments that binds to
the protein. However, in the first case, the frag-
ments are identified through the hibridization with
a DNA-microarray [4], while in the second the im-
munoprecipitated sequences are sequenced [5].

In the computational available tools is important
to mention the Multiple Expectation Maximization
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for Motif Eliciation (MEME), that uses the max-
imization of the expected likelihood to find TFBS
in an unaligned DNA sequence where yhe previous
knowledge is little or even unavailable [6].

In the current work some approaches that may
be used to obtained TFBS using the Information
Theory and the concept of entropy are discussed in
detailed.

2. Information Theory
In 1948, Shannon published an article that

revolutionized how the concept of information is
treated [7]. In this paper is presented a theory
known as Information Theory (IT), that defines in-
formation mathematically and explains the quan-
tity that can be transmitted trough a noisy chan-
nel, and then reconstructed with a low probability
of error, independently of the channel noise [7].

In this theory, all the useless contents that a cer-
tain message may have are considered noise, being
the information the useful part of the message [8].

In IT, the message may assume many different
forms such as a function of time or others functions,
but for this work it is considered that a message,
s (Equation 1), is an order sequence of k symbols
that belongs to a given alphabet, ∆, composed by
α elements .

s = x1, ...xi, ..., xk, xi ∈ ∆. (1)

The symbols contained in the message are charac-
terized by a certain probability of occurrence given
by the respective probability distribution (Equation
2), that are used to measure the amount of infor-
mation, as explained in Section 2.1.

p(S) = {p(s1), ..., p(sα)}. (2)

2.1. Shannon Entropy
Shannon entropy is defined as the measure of un-

certainty that a particular observer has about a
system state. For example, considering a DNA se-
quence with a defined length, L, composed by sym-
bols of an alphabet, ∆ = {A,C,G, T}, it allows the
construction of 4L sequences, i.e., possible states.
Therefore, in this case, the uncertainty is related to
the true sequence identity among all the possible
solutions, given that the only information known is
the probabilistic distribution.

Mathematically, Shannon entropy of a random
variable X, with a certain probability mass function
p(x), is given by Equation 3 [9].

H(X) = −
∑
x

px log px, (3)

where, in this work, logarithm base is 2, which al-
lows to interpreted the equation as the number of
yes/no questions that are required, on average, to
identify the state of the random variable, X [10].

The entropy concept is intimately related to in-
formation, since if initially a system entropy is
calculated and then an information is given, the
amount of information is equal to the computed
entropy, since it corresponds to the removed ini-
tial uncertainty [8]. Further, this concept of differ-
ence of uncertainty is explored, establishing how to
quantify the information content.

2.2. Kullback-Leibler divergence
The Kullback-Leibler (KL) divergence (D(p||q)),

also known as relative entropy, is a measure of the
distance between two distributions, p and q. This
entropy measure can also be seen as an inefficiency
measure, due to the assumption that the distribu-
tion is q when the true distribution is p [9].

Mathematically, it is defined by the Equation 4,
considering the probability distributions, p(x) and
q(x), from the same random variable.

D(p||q) =
∑
x∈X

p(x) log
p(x)

q(x)
. (4)

The Equation 4 may assume an indeterminate
form, in cases where p(x), q(x) or even both are
equal to zero, which are treated in the following

way: 0 log
0

q
= 0; p log

p

0
=∞; 0 log

0

0
= 0.

This measure is commonly used as a distance
metric in many practical cases. However, this is
mathematically incorrect since it is not symmetric
and do not satisfied the triangle inequality. Thus,
it can not be considered as a true distance measure.

2.3. Chaos Game Representation
The Chaos Game Representation (CGR) is a

graphical representation of a long one-dimensional
sequence, that was firstly proposed and imple-
mented by Jeffrey in 1990 [11]. This graphical
representation, derives from the Chaos Game al-
gorithm which allows the construction of an object
with fractal properties, allowing patterns recogni-
tion and furthermore sequence comparisons.

Mathematically, the chaos game is described as
an iterated function system (IFS) which consists in
a set of pairs of linear equations, where it is required
a pair for each vertex and each pair is composed by
two, which provides the coordinates for the point in
the cartesian plan: one eaquation for x and other for
y [12]. The application of this representation con-
sists in the attribution of a nucleotide (A,C,G,T )
to each vertex of and apply the Equation 5 [13].


x0 =

(1

2
,

1

2

)
xi = xi−1 +

1

2
(yi − xi−1), i = 1, ..., N,

(5)

where the coordinates for each nucleotide is given
by the vertex, according to the following equation
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system:

yi =


(0, 0), if S[i] = A
(0, 1), if S[i] = C
(1, 0), if S[i] = G
(1, 1), if S[i] = T

In the Figure 1 is exemplified the CGR represen-
tation for Human Beta Globin Region on Chromo-
some 11, where it is possible to observe patterns,
that is characteristic of the Homo Sapiens specie.
In fact CGR can be considered a genomic signa-
ture of a given specie since the main pattern is the
same either the CGR is constructed with the whole
genome, or with a fraction of it [14].

Figure 1: CGR of Human Beta Globin Region on
Chromosome 11, from [11].

Chaos game representation when applied to DNA
sequences has some properties that characterized it,
and allows to obtained some conclusions about the
sequence.

The first properties that directly relate CGR with
is biological meaning is that the ith point added to
the representation corresponds to the first i-long se-
quence and consequently any pattern detected in
the plot representation directly corresponds to a
pattern in the sequence under study.

Another important property that characterizes
CGR is that each quadrant may be subdivided into
four sub-squares,where each one corresponds to the
respective nucleotide. In its turn, these sub-squares
may also be subdivided and so on, as it is repre-
sented in the Figure 2.

Figure 2: Exemplification of how the sub-squares di-
vision proceed in the CGR, as well as the respective
associated suffixes.

This property allows to deduce that points that
are contained in the same sub-square, they are sub-
strings that share the last nucleotide. Similarly, if

they belong to the same sub-sub-square they have
the last two nucleotides equal, and so one so forth.
Therefore, applying this logic, when a pattern is de-
tected in the image it is possible to determine the
corresponded substring or suffix.

3. Implementation

3.1. NASC-Non Aligned Sequence Comparison
Non aligned sequence comparison, NASC, is a

toolbox implemented in Matlab [15], that uses
the alignment-free sequence comparison method to
compare sequences with different sizes, quantifying
sequences similarity without producing alignment
at any step of algorithm application [16].

This algorithm consider that similar sequences
share similar patterns, therefore it is used the L-
tuples frequencies distribution to calculate the dis-
similarity value among the studied sequences. This
algorithm is essentially composed by three main
steps, described below.

The three steps that summarize this algorithm
are:

1. Construction of a dictionary, that contains
all the possible L-tuples available in the se-
quences;

2. Computation of the L-tuples occurrences to
each sequences, as well as the respective fre-
quencies;

3. Computation of the dissimilarity matrix.

For the dissimilarity calculation, are available a
large set of distance measures, however for the cur-
rent work is only considered the KL divergence,
given by the Equation 4.

3.1.1 NASC toolbox update
Preliminary testing performed to the toolbox lat-

est version revealed that it presented a low perfor-
mance when executed for large sequences, such as
a complete genome. Therefore, a total analysis of
the algorithms was warranted.

The main problems detected was the absence pre-
allocation of the majority of the variables and also
the dictionary construction that its time consum-
ing. The maximum size that the dictionary can
have depends on the chosen substrings size and it
is equal to 4L, therefore, when the aim is to study
L values higher than 6, the list of tuples that needs
to be evaluated to verified if a given substring is
already in the dictionary starts to be too extensive,
requiring a lot of time.

The first problem was easily solved pre-allocating
the variables. For the second problem it was im-
plemented a new dictionary construction technique.
The aim is to restrict the search set from the global
list to a subgroup and as represented in the Fig-
ure 3.
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(a) Start (b) Step1

(c) Step2 (d) Step3

(e) Step4 (f) Step5

Figure 3: Dictionary construction for the sequence:
ACTGGCT.

In the Figure 3 it is represented an example of
how a dictionary is constructed for a given sequence.
For the dictionary construction it is required an
empty list, where it will be added the L-tuples, and
a tree, in which each child node resulted from the
root node corresponds to the first word letters, and
contain the respective nucleotide and the number of
times it appears on the list at the first position 3a.
Then the new substring that is being evaluated will
follow one of the ensuing options: if the number of
counts of the nucleotide that correspond to the first
substring symbol is 0, it means that the word do
not exist in the list. Therefore, it will be added and
the list is sorted by alphabetic order, otherwise, the
same logic is applied to the followed four letters (in
the Figure 3 is only applied to the first two letters
as example). In the case that all the four initial
nucleotides result in counts higher than zero, the
space search two verified if the substring already
exists needs to be calculated.

The position that determines the start point of
the search space is given by the sum of the counts
of the three first letters (registered in the respective
tree nodes); the inferior limit of the search space
is obtained summing the counts of the four first
nucleotides symbols. If the result shows that the
substring do not exist, it will be added, otherwise
the next substring is evaluated.

3.2. Clustering Based on Probability Distribution
Similarity

The clustering method implemented is based in
the paper of Jiang and colleagues [17], where is
used the KL divergence to analyze the similarity
between the points instead the traditional geomet-
ric distances, such as Euclidean and Mahalanobis,
since these distances can not capture distribution
difference between objects.

Among the available algorithms in the paper it

is chosen the randomized K-medoids method, since
in this case the cluster representative is an object
that belongs to the cluster, avoiding the mean of
probability density computation. In this algorithm
it is intend to minimize the Equation 6.

TKL =

k∑
i

∑
P∈Ci

D(P ||ci), (6)

where P is an object in cluster Ci (1 ≤ i ≤ k).The
D(P ||ci is the relative entropy and measure the ex-
tra information required to construct P given ci
(cluster representative), therefore

∑
P∈Ci

D(P ||ci)
provides the total extra information required to
construct the whole cluster Ci, using ci as repre-
sentative. Thus way TKL, measures the quality of
the partition, the smaller the value, the better the
clustering solution.

The algorithm execution follow the next steps:

1. Randomly select k representatives to initialize
( k, must be indicated a priori by the user);

2. Attribution of each object to each representa-
tive according to the KL divergence value and
calculate the TKL;

3. Repeat the step 1. and 2. to obtain a new so-
lution;

4. Compare the new solution with the previews
one through the calculation of the decrease of
the total KL divergence by selecting P as the
sum over the contribution of all non-selected
objects, DEC(P).

5. Computed the swap probability given by the
Equation 7, which represents an annealing
technique:

Prswap(DEC) =

{
1 if DEC > 0

e(DECx log(rcur)), if DEC ≤ 0,

(7)

where rcur is the current number of iterations

6. Decide if a swap must be performed: If the
swap probability (Prswap) is 1, then the new
representative centers are accepted; otherwise,
if DEC ≤ 0, the swapping may not improve
the clustering solution, therefore is compared
with a random probability value, and if Prswap
is higher, the new solution is accepted. This
prevents the algorithm of being stuck at a local
optimal solution.

7. Repeat the steps from 2 to 6 until not occur a
swap.
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4. Results and Discussion
4.1. Global Entropy analysis
4.1.1 Entropic Profile of Sacharomyces cere-

visiae, Candida glabrata and Hanseniaspora
guilliermondii chromosomes considering 8 -
tuples

The S.cerevisiae, C.glabrata and H.guilliermondii
chromosomes are computed in the Entropic Profiler
software, producing the EP plot considering a sub-
trings length of 8, since it are being considered full
genomes and therefore the extraction of information
is privileged for a higher length. As an example, the
EP plot for the chromosome I of S.cerevisiae is rep-
resented in the Figure 4.

Figure 4: Entropic Profile for the chromosome I of
Saccharomyces cerevisiae.

The graph represented in the Figure 4, contain
a lot a noise, therefore, in order to try to extract
some more interesting information, this is filtered
and are extracted the 10 highest EP values.

In the ranking results, the highest EP value is al-
ways the same, except for the mitochondrial chro-
mosome, and corresponds to AAAAAAAA. This
pattern is expected, since it is known that it exists
in the S. cerevisiae, and corresponds to a structural
function [18].

Another pattern observed in all the chromosomes
with high entropy is TATATATA, which is an in-
dicator of possible TATA box. This substring is
usually found in the core promoter region of genes,
generally 25 to 30 bp upstream of the transcription
start site[18].

By conducting a more detailed analysis, were ob-
served function of substrings that exist in the most
chromosomes according to YEASTRACT database:
AAAAGAAA or his conjugate and similar motifs
(e.g., AAGAAAAA or AAAGAAAA), which is a
known transcription factor binding site for the Zinc-
finger transcription factor (Azf1p) that is involved
in the induction of CLN3 transcription in response
to glucose; AAGAAGAA, which corresponds to
a recognized sequence by the trimeric heat shock
transcription factor (Hsf1p), whose activity triggers
multiple genes in response to stresses such as hy-
perthermia. The motif AAAAGAAA, may also be
a TFBS for this TF.

In order to verify if the TFs identified regulates

genes in the chromosomes that the TFBS were iden-
tified, it was extracted from the SGD database the
respective genes occurrences which are summarized
in the Figure 5. In this figure is observed that exits
a large number of genes regulated for the transcrip-
tion factor Hsf1p in all the chromosomes; the same
conclusion is observed considering the TF Azf1p
(only for the chromosome VI is not observed any
gene), although in a small number of occurrences.

Figure 5: Number of genes that are regulated by Azf1p
(blue), Hsf1p (orange), Abf1p (green) in each S. cere-
visae chromosome.

For C. glabrata was also applied the same strate-
gies, and the results shows that the patterns are
similar to the ones observed in S. cerevisiae, how-
ever a new one emerges. This new patterns is CA-
GAGCCA, which, in S. cerevisiae, may be a TFBS
for the protein Abf1p that performs activities re-
lated with transcriptional activity, gene silencing,
and DNA replication and repair. Similarly to what
was observed for the other two TFs, this one also
regulates a large number of genes in all the chro-
mosomes (Figure 5). Since both yeast share a re-
cent common ancestor and, according to the SGD
database, an ortholog gene exists for each one that
produce this proteins (Table 1), it is possible that
in C. glabrata, the pattern have the same function.

Table 1: Most common 8-tuples associated to the 10
highest EP values in each Hanseniaspora guilliermondii
chromosome.

S. cerevisiae gene C. glabrata ortholog
Hsf1 CAGL0H03443g
Abf1 CAGL0J01177g
Azf1 CAGL0I02838g

For H. guilliermondii it was also applied the en-
tropic profiles software. However the anlysis only
retrieves AAAAAAAA and TATATATA patterns.

To conclude this initial study, the chaos game
representations to each yeast were constructed, to
have a visual observation of how the patterns are
distributed.
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(a) Saccharomyces cerevisiae

(b) Candida glabrata

(c) Hanseniaspora guilliermondii

Figure 6: Chaos Game Representation to each yeast
studied.

The CGR can be observed in the Figure 6, and
at a first parsing all the figures are visual similar,
i.e., in general they all present the same over and
under represented patterns, although with differ-
ent intensity, particularly in the case of H. guiller-
mondii (Figure 6c), where the under-patterns are
more notorious. From this patterns it is important
to highlight in one hand, the high intensity observed
in the AT diagonal and on the other hand the weak-
ness of the intensity in the CG diagonal. Further-
more, it is also observed a very low intensity in the
sub-square corresponded to the CG pattern as well
as in the sub-sub-square of CGC.

In addition all the differences of intensity are not
the result of different sequences sizes, since all the
CGRs are constructed by selecting a random se-
quence with 200,000 bp for each yeast. The CGRs
obtained are tested by selecting other sequences,
being the result always the same.

4.1.2 Clustering analysis of the S. cerevisiae, C.
glabrata and H. guilliermondii chromo-
somes

After the L-tuples distribution analysis, the chro-
mosomes of Saccharomyces cerevisiae were orga-
nized in clusters, that were calculated with the k-
medoids algorithm. To accomplish this, it was used
the chromosomes KL divergence matrix, given by
the NASC toolbox, as a distance metric. For the
NASC toolbox execution, the pseudocounts param-
eter were considered equal to 1.

The clustering solution obtained were validated
using the Silhouette value (Equation 8), which pro-
vides a measure of how similar each point is to
points on its own cluster, when compared to points
on other clusters. In the Equation 8, ai is the aver-
age KL divergence from the ith point to the other
points in the same cluster as i; bi represents the
minimum average distance from ith to points in a
different cluster.

Si =
bi − ai

max(bi, ai)
, (8)

The clustering analysis joins in the same cluster
the nuclear chromosomes leaving the mitochondrial
in another one, for all the yeasts studied. Therefore,
in order to extract more information on the similar-
ity among nuclear chromosomes, it was studied the
KL matrix, for the highest used length.

In the case of S. cerevisiae (Figure 7 ) it is pos-
sible to distinguish that the more dissimilar case is
the chromosome I, whose KL value is always high,
particularly with chromosomes III, VI, IX and XI.
It is also important to notice that, besides chromo-
some I, these are the ones that share less similarity
with all the others and specially with each other.

Figure 7: Heatmap for the Kullback-Leiber divergence
matrix of the Sascharomyces cerevisiae nuclear chromo-
somes.

Observing the Figure 8, that represents the
heatmap for C. glabrata, it can be concluded that
the chromosome with higher dissimilarity value is
the A, in particular with the chromosomes F and
H. Another chromosome with high KL value is the
chromosome C, being the dissimilarity more noto-
rious also with the chromosomes F and H.
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Figure 8: Heatmap for the Kullback-Leiber divergence
matrix of the Candida glabrata nuclear chromosomes.

For the chromosomes of H. guilliermondii the dis-
similarities among the chromosomes are more pro-
nounced than for the other two species, since most
of the heatmap represented in the Figure 9 present
colors closer to the orange range. It is possible to
notice that the more significant dissimilarity is ob-
served among the chromosomes A and B. On the
other hand the higher similarity is observed for the
chromosomes F and D.

Figure 9: Heatmap for the Kullback-Leiber diver-
gence matrix of the Hanseniaspora guilliermondii nu-
clear chromosomes.

4.1.3 Comparasion between the chromosomes of
S. cerevisiae and those from C. glabrata and
H. guilliermondii

Similarly to what was performed in the analysis of
the S.cerevisiae chromosomes, in this section a com-
parative analysis among the chromosomes of the
studied yeast is also presented, through the anal-
ysis to the Kullback-Leibler divergence matrix.

In the Figure 10 are represented the heatmaps ob-
tained for the relative entropy values for each inter-
species nuclear chromosome combination, where in
order to distinguish the H.guilliermondii chromo-
somes from C.glabrata ones, the latter are repre-
sented for Chr.X, being X the respective chromo-
some letter.

A global analysis to this Figure 10 reveals
that the similarity among the C.glabrata and
S.cerevisiae is much higher than the one obtain be-
tween H.guilliermondii and any one of the others
studied yeasts, since the KL divergence values is
always higher for the latter case.

(a) H.guilliermondii nuclear chromo-
somes vs C.glabrata nuclear chromo-
somes

(b) H.guilliermondii nuclear chromo-
somes vs S.cerevisiae nuclear chromo-
somes

(c) S.cerevisiae nuclear chromosomes
vs C.glabrata nuclear chromosomes

Figure 10: Heatmap for the Kullback-Leiber diver-
gence matrix obtained for each possible combination of
the studied yeasts nuclear chromosomes

To better understand the similarity relationships,
a more detailed analysis was also performed. Ob-
serving the Figure 10a, which contain the rela-
tive entropy among H.guilliermondii and C.glabrata
chromosomes, it can be verified that Chr.A is
the one that share lower similarity with all the
H.guilliermondii chromosomes, particularly with
ChrB and ChrC; and Chr.F, Chr.H and Chr.K have
the highest registered similarity in this Figure, spe-
cially with the chromosomes ChrE and ChrG.

In the case of the Figure that contains the
relative comparison among H.guilliermondii and
S.cerevisiae, Figure 10b, it is again observed that
the lowest KL divergence value is obtained for
the ChrE and ChrG, being more similar with
S.cerevisiae chromosomes ChrIV and ChrVII. On
the other hand, the chromosomes ChrB and ChrC
share the lowest verified similarity with the ChrI.

4.2. Local Entropy profiles analysis
4.2.1 S. cerevisiae promoters clustering analysis

The analysis of genes promoters aims to estab-
lish a similarity relation between them, revealing
promoters that may be regulated by the same tran-
scription factors.

Similarly to the chromosomes analysis, the pro-
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moters KL divergence matrix was also obtained
with the NASC toolbox. However, the pseudo-
counts value, used in the frequencies calculation is
0.0001.

The NASC algorithm was executed for the
S.cerevisiae promoters dataset composed by 6781
genes. The outcome KL matrix required some fil-
tration, since it contains a large set of genes that
do not present enough similarity with others genes,
producing noise.

The qualification process establishes a maximum
value for KL and a minimum number of genes that
the clusters must contain, producing matrix that
are composed by 1765, 217 and 183 genes for the L
equal to 4, 5 and 6 respectively.

After defining the optimal number of clusters that
must be considered in each case (2, 3 and 9 clus-
ter for 4, 5, 6-tuples) the clustering algorithm was
applied and the results were analyzed by extract-
ing, from the YEASTRACT database, the regula-
tion matrix for each promoter, considering the doc-
umented transcription factors, whose binding se-
quence exists in the promoter at least one time.

Through the regulatory matrices, the numbers of
transcription factors common to 60 %, 70 %, 80 %
and 90 % of each cluster obtained were calculated
and identified. This reveals that the cluster solu-
tion obtained for 4-tuples, does not produce a good
distinction among the promoters in study, since the
second cluster do not contain common documented
TF for more than 70% of the genes promoters.
Therefore, it was concluded that a substring length
of 4 was not enough to obtain complex regulatory
networks, however, it allows to identified TFs that
are common to a large number of genes (results in
the cluster 2 for 60%).

A similar situation occurs for the clustering so-
lution considering a substring length of 5, where
essentially all the genes were grouped in cluster 1,
and identified a single TF common to 60%. In this
case the clustering algorithm should be applied con-
sidering a higher number of clusters in order to test
if better results are obtained.

For the solution obtained for a length of 6, the
results reveal a better distinction among the pro-
moters. In this case, only one cluster does not
present at least one common transcription factor
for at least 70% of the elements. This length allows
the identification of a series common TFs in a set of
genes, which allows the construction of regulatory
networks as the one exemplified in the Figure 11.

5. Conclusions

From this work it is possible to conclude that in-
formation theory can be used to analyze genome
sequences, either in a global or local point of view.
The global analysis allowed to verify how the pat-

Figure 11: Cluster 8 regulatory network obtained from
the optimum solution for 6-tuples, considering TFs com-
mon to at least 70% .

terns are distributed, but is not useful to extract in-
formation on TFBSs, since a large amount of noise
is produced, and only a few TFBSs may be identi-
fied. On the other hand, the global analysis is useful
when the objective is to perform a comparison be-
tween different species, since it allows to establish
a similarity relation between them.

To extract information on TFBSs is necessary
to perform a local analysis, using more specific se-
quences such as promoters. From this, it is possible
to obtain not only the regulatory networks but also
possible TFBS.

For the long-term goal, it would be interesting to
apply filter methods to the noise obtained in the en-
tropic profile, allowing to achieve more meaningful
results. In addition, the study should be extended
to more complex species than the yeasts, allowing
to verify the relevance of the analysis.

The new suggested algorithm to find TFBSs in a
sequence without previous information should also
be optimized and applied to other organisms to ver-
ify the utility of this tool in the identification of
these regions.
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