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Abstract. The polarity detection problem typically relies on experi-
mental dictionaries, where terms are assigned polarity scores lacking con-
textual information. As a matter of fact, the polarity is highly dependant
on the domain or community it is analysed, so we can speak of a contex-
tual bias. We propose a method supported by fuzzy linguistic modelling
to quantify this contextual bias and to enable the bias-aware sentiment
analysis. To show how our approach work, we measure the bias of com-
mon concepts in two different domains and discuss the results.
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1 Introduction

The identification of positive and negative opinions, emotions and evaluations
summarises the scope of the sentiment analysis task. The use of sentiment analy-
sis is widely spread in many industries to support use cases such as understanding
how customers react to product offerings and campaigns based on their social
media interactions [3], to make the patient experience after a treatment measur-
able [9], to predict the outcome of political elections [24].

The analysis of sentiments involves determining whether the sentiment
expressed in a phrase or a document is positive or negative. This task, also known
as Polarity detection, has become more and more relevant with the advent of the
web 2.0 and the new technologies supporting user generated content (Forums,
Blogosphere, Microblogging, Rating and Reviews, etc.). Thus, sentiment analysis
is widely applied to obtain the unfiltered voice of the customer about products,
services, companies, politicians, etc. [3,26].

Polarity detection usually relies on polarity values that are defined according
to a lookup procedure at term or lemma level. A lexicon of positive and negative
words and phrases consists of entries that have been tagged with their prior
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polarity, which means without any context, to which degree the word seems
to evoke something positive or something negative. When we for example talk
about something like “football”, it might have a neutral polarity, but if we are
in a domain (e.g.: “sport press” or “sport bets”) where we consistently use the
word “football” with other words such as “thrilling”, “exciting”, “miracle” or
“fascinating”, individuals who are part of this domain tend to associate these
positive feelings to the world “football”. Bias intuitively refers to this positive
“load”. Thus, in this domain, when we compute the sentiment of a sentence where
the term “football” is present, we should have a mechanism to include this bias
in the computation. The value of the bias itself depends on the neighbouring
terms’ polarity (the near context).

The novelty of the method we propose in this paper tackles following aspects:

– We aim at extracting the bias of a particular term at domain level, unlike
other polarity bias studies that focus on the atomic bias modelling (e.g.: in
[27]). It requires a high number of occurrences of the particular term within
the domain corpus to guarantee certain stability and introduces the need
for (a) a threshold and (b) a second indicator to assess how stable (or how
volatile) the bias is.

– We express the bias and stability bias using a multi-granular fuzzy linguistic
approach, to make sure our indicators remain as generic and human-readable
as possible. On the other hand, our linguistic modelling approach allows for
the usage of different linguistic hierarchies to incorporate the bias modelling
into the different methods of sentiment evaluation without incurring in infor-
mation loss, which is one of the most useful advantages of our proposal.

This paper is structured as follows: after having introduced the problem and
explained at high-level our motivation to solve it, we provide the background
references our work builds upon. Then we present our model and the supporting
techniques, for example fuzzy linguistic modelling. After discussing the results
obtained for bias modelling in 2 different domains, we share our concluding
remarks and point to further research directions based on our work.

2 Background

In this section we provide the background information required to describe our
model. It is divided in three parts: an introduction to polarity detection, a dis-
cussion about the bias modelling applied to polarity and the description of the
fuzzy linguistic approach we followed.

2.1 On Polarity Detection

Polarity detection for a sentence or a document can be performed by a variety
of techniques, but almost each of them relies on the existence of a pre-trained or
manually labelled polarity lexicon or dictionary. In [14], the authors created a dic-
tionary of 6779 terms (4776 being tagged with −1 and 2003 being tagged with 1)
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to support the task of opinion mining in customer reviews- The well-known
Lexicoder [6] aimed at a similar purpose and is even offered in a commercial way.
The more recent Syuzhet dictionary [17] provides over 10K entries, with scor-
ing ranging from −1 to 1. The Positive Affect Negative Affect Scale technique
(PANAS) [25] consists of a psychometric scale for detecting mood fluctuations.
In [1], the authors suggest a mapping to negative and positive polarities.

SentiWordNet [2] implements a dictionary based approach to sentiment
extraction. Similar to our approach, Part of Speech labelling is used to apply
the lexical dictionary to synsets or synonym set groups (adjectives, nouns, verbs,
and other grammatical classes). The polarity computation of a given text is an
aggregation operation across all the existing synsets, each one contributing with
their own positive or negative affect score.

In [7], the authors present a dictionary based method to compute the Happi-
ness Index, for which they use the Affective Norms for English Words (ANEW).
The values of the happiness index can be mapped to positive or negative polar-
ity values, as shown in [1]. ANEW has been used for many applications, such
as extraction of emotional profiles for locations [4]. SentiStrength [22] relies on
the existing Linguistic Inquiry and Word Count dictionary [18] to implement
supervised and unsupervised classification methods and extract the strength of
the sentiments, including polarity. SenticNet [5] applies classification techniques
to Natural Language Processing structures to infer the polarity for nearly 14K
concepts.

2.2 On Bias Modelling

Bias modelling has been also extensively researched. In our research, bias mani-
fests as a polarity shift. There are plenty of factors that might influence a polarity
shift given a particular context, as thoroughly explained in [19]. In [8] the authors
demonstrated the presence of a positive bias using an annotated ground truth
for 6 different polarity detection methods. In [15], the authors discussed the so
called domain search bias, which states that a user’s propensity to believe that
a page is more relevant might be influenced by the fact that the page is hosted
in a particular domain.

In [23], the authors recognized the bias introduced by each user in the product
reviews and suggested a method to measure it at user level. Aligned with this
research, a machine learning supported classifying approach was taken in [20]
to solve the problem of the bias introduced by manual annotations created by
non-experts.

In [16] the authors suggests a Bias-Aware Thresholding approach that turns
any lexicon-based method into bias-aware by minimizing the so called Polarity
Bias Rate (PBR = FP+FN

N ) by changing the prediction and therefore changing
the cost associated with making one type of error over the other.



202 J. Bernabé-Moreno et al.

2.3 On Fuzzy Linguistic Modelling

The fuzzy linguistic approach is a tool based on the concept of linguistic vari-
able proposed by Zadeh [28]. This theory has given very good results to model
qualitative information and it has been proven to be useful in many problems.

The 2-Tuple Fuzzy Linguistic Approach. The 2-Tuple Fuzzy Linguistic
Approach [11] is a continuous model of information representation that allows
reduction in the loss of information that typically arises when using other fuzzy
linguistic approaches, both classical and ordinal [10,13,28]. To define it both the
2-tuple representation model and the 2-tuple computational model to represent
and aggregate the linguistic information have to be established.

Let S = {s0, ..., sg} be a linguistic term set with odd cardinality. We assume
that the semantics of labels is given by means of triangular membership func-
tions and consider all terms distributed on a scale on which a total order is
defined. In this fuzzy linguistic context, if a symbolic method aggregating lin-
guistic information obtains a value β ∈ [0, g], and β /∈ {0, ..., g}, we can represent
β as a 2-tuple (si, αi), where si represents the linguistic label, and αi is a numer-
ical value expressing the value of the translation between numerical values and
2-tuple: Δ(β) = (si, α) y Δ−1(si, α) = β ∈ [0, g] [11].

In order to establish the computational model negation, comparison and
aggregation operators are defined. Using functions Δ and Δ−1, any of the exist-
ing aggregation operators can be easily be extended for dealing with linguistic
2-tuples without loss of information [11]. Some examples are:

Definition 1. Arithmetic mean. Let x = {(r1, α1), . . . , (rn, αn)} be a set of lin-
guistic 2-tuples, the 2-tuple arithmetic mean xe is computed as:

xe[(r1, α1), . . . , (rn, αn)] = Δ(
n∑

i=1

1
n

Δ−1(ri, αi))

= Δ(
1
n

n∑

i=1

βi).

Definition 2. Weighted Average Operator. Let x = {(r1, α1), . . . , (rn, αn)} be
a set of linguistic 2-tuples and W = {(w1, α

w
1 ), ..., (wn, αw

n )} be their associated
weights. The 2-tuple weighted average xw

l is:

xw
l [((r1, α1), (w1, α

w
1 ))...((rn, αn), (wn, αw

n ))]

= Δ(
∑n

i=1 βi · βWi∑n
i=1 βWi

),

with βi = Δ−1(ri, αi) and βWi
= Δ−1(wi, α

w
i ).
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Multi-granular Linguistic Information Approach. To accommodate the
requirements of the different sentiment analysis methods, it’s important to sup-
port different “granularity levels”. Certain methods could for example only deal
with yes/no values and direction only (e.g.: “Negative Bias”, “No Bias”, “Pos-
itive Bias”). Other methods might be able to incorporate higher granularity
values in the aggregation operation for the sentiment computation (e.g.: “Low-
est”, “Low”, “Normal”, “High”, “Highest”).

To enable the compatibility of sentiment analysis methods, we need to sup-
port the different granularities and provide tools to manage the multi-granular
linguistic information. In [12] a multi-granular 2-tuple fuzzy linguistic modelling
based on the concept of linguistic hierarchy is proposed.

A Linguistic Hierarchy, LH, is a set of levels l(t, n(t)), where each level
t is a linguistic term set with different granularity n(t). The levels are ordered
according to their granularity, so that we can distinguish a level from the previous
one, i.e., a level t + 1 provides a linguistic refinement of the previous level t. We
can define a level from its predecessor level as: l(t, n(t)) → l(t+1, 2 ·n(t)−1). In
[12] a family of transformation functions between labels from different levels was
introduced. To establish the computational model we select a level that we use
to make the information uniform and thereby we can use the defined operator
in the 2-tuple model. This result guarantees that the transformations between
levels of a linguistic hierarchy are carried out without loss of information. Using
this LH, the linguistic terms in each level are the following:

– S3 = {b0 = None = N, b1 = Medium = M, b2 = Total = T}
– S5 = {c0 = Lowest = LE, c1 = Low = L, c2 = Normal = N, c3 = High =

H, c4 = Highest = HE}
– S9 = {c0 = None = N, c1 = V ery Low = V L, c2 = Low = L, c3 =

More Less Low = MLL, c4 = Medium = M, c5 = More Less High =
MLH, c6 = High = H, c7 = V ery High = V H, c8 = Total = T}

A graphical example of a linguistic hierarchy is shown in Fig. 1.

Fig. 1. Linguistic Hierarchy of 1, 3, 5 and 9 labels
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3 Modelling the Polarity Bias for a Particular Domain

In this section we describe how our bias model is built up. First we provide
the definitions required to explain our model, then we show how to apply fuzzy
linguistic modelling to express the bias itself and its stability or volatility.

3.1 Domain Specific Bias and Volatility

We start introducing some preliminary definitions our model builds upon.

Definition 3. Atomic Polarity Bias. Let N be the set of terms in the semantic
neighbourhood of ti. For the definition of semantic neighbourhood, we recommend
using standard natural language processing scopes, such as sentence, paragraph
or even document. Let PS(ti,D) is the polarity score of the term ti according to
the dictionary D.

We define Atomic Polarity Bias as follows:

APB(ti,D,N) =
∑#N

j=1 PS(tj ,D) ∗ ω(tj), ti �= tj

where ω(tj) is a function to provide the a specific weight to the polarity
score of the term (tj). This function can defined depending on different criteria
(e.g.: based on the part of speech tag of the term tj to for example give more
importance to the polarity of adjectives or adverbs, based on some quantification
of the distance between tj and ti to for example assign more weight to closer
terms, or just equally distributed for all terms having a polarity score in the
dictionary D).

Definition 4. Bias Computing Threshold. This is the minimum number of doc-
uments with occurrences of any term ti in a Domain Corpus, so that the bias
quantification makes sense. It is established for a particular Domain Corpus C
and is a constant value BCT (C) = K.

Definition 5. Polarity Bias. Based on the Atomic Polarity Bias, the Polarity
Bias is defined as an aggregation over all documents in the Domain Corpus of
the Atomic Polarity Bias

PB(ti,D) =
1

#M

#M∑

j=1

APB(tj ,D,Nj) (1)

where M represents the set of documents in the domain corpus, where the term
ti is present. As we are trying to quantify the contextual bias introduced by
the repeatedly use of the term in the domain, we impose the condition that
#M >= K, being K the established value for the BiasComputingThreshold
in the Domain under analysis.

Definition 6. Bias Stability. This is an indicator for how stable the Bias compu-
tation for a particular term is. The minimum value can be the imposed BCT (C)
and the maximum of #C. To standardize this value, we define a normalizing
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function ε, defined as ε : [BCT (C),#C] −→ [0, 1], which makes the Bias Stabil-
ity value range between 0 and 1:

BS(ti, C) = ε(
#M

#C
) (2)

where M represents the set of documents in the domain corpus, where the term
ti is present and C the set of all documents in the Corpus.

3.2 Fuzzy Language Bias Modelling

After establishing the fundamentals of fuzzy linguistic modelling and defining
the 2-tuple based supporting arithmetic operations to enable the bias-aware
computing of sentiment analysis tasks, we define the label sets for concepts of
polarity bias (Definition 5) and bias stability (Definition 6).

For both cases, we are going to use different label sets (S1, S2) selected from
a LH [12]:

– Polarity Bias indicator of a term in a particular domain, which is assessed
in S1.

– Bias Stability indicator applied to the previous indicator, which is assessed
in S2.

Although this framework guarantees the flexibility in the choice of the LH, we
suggest using a 2 level LH with 3 and 5 labels each one for the Bias Model
stability indicator and a 2 level LH with 5 and 9 labels for the Polarity Bias
indicator itself. Our suggestion is motivated by the intent of making it more
tangible for the reader, but the choice of (S1, S2) remains generic and shall
be taken depending on the nature of the problem or convenience for further
operations.

The Polarity Bias indicator allows for example in combination with the Bias
Stability indicator the correction of the sentiment for a particular sentiment
extraction based on the presence of highly-biased terms, as we are going to show
in the next section.

4 Experimentation

For our experimentation, we gather up to 460 transcripts from the website TED
Talks.1 The reason why we used this data source is many folded: (a) easy and
clean “spoken English” (b) appropriate length of the transcripts (unlike for
example micro blogs) and (c) the talks are quite actual.

In addition, each talk has different topic labels assigned, which makes the
separation in domains feasible (in fact, it is possible filtering talks that belong
to an specific domain). For our experiment, we focused on two domains: environ-
ment (with topics such as sustainability, energy, climate change, environment
itself, green) and education.
1 http://www.ted.org.

http://www.ted.org
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For the design of our experiment, we just focused on nouns (which required
a previous Part of Speech tagger [21]), set the Bias Computing Threshold to 20
(at least a minimum of 20 documents with one or more occurrences of the term)
and used a linguistic granularity level of 5 labels in both polarity senses (positive
and negative) for the Bias and just positive for the Volatility.

Discussing the Results. From the terms that satisfied the aforementioned
conditions (Bias Computing Threshold = 20) we took the subset of nouns that
were present in both domains, resulting in a final number of 744 terms. In the
Table 1 we show the distribution of Bias and Volatility for this experiments; this
table allows for observing general trends in the bias for the studied domains, for
example, we observed as general trend a rather positive bias and quite volatile
results -which might point us to increasing the corpus size to have more evidence
about the bias quantification-. In Tables 2 and 3 we provide the top 20 most
positive and negative biased terms respectively, each one with both indicators
(Bias and Volatility) computed for both domains (Education and Environment).

Figure 2 (a) shows the computed crisp value for the top most and least pos-
itive terms per domain. Having a look at Fig. 2 (b), we see how the same term
can be assigned different bias labels depending on the domain (e.g.: dead, or
disease)... It can be possible, that the same term is assigned a positive bias in a
domain but a negative one in the other, which we can observe in terms such as
kill and societies.

Fig. 2. (a) Top negative and positive biased terms by domain and (b) fuzzy bias quan-
tification labels

For the sake of showing how the polarity bias is computed, we provide in the
Fig. 3 a histogram of all atomic polarity bias values for the term difference in
both domains.

Our approach is to our knowledge, the first attempt to quantify the polar-
ity bias in a domain specific manner. In the Subsect. 3.2 we explained why we
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Table 1. Bias-volatility indicators distribution for environment and education
domakins

Environment Education

Bias\Volatility Medium Slightly Strong Very strong Medium Slightly Strong Very strong

Slightly 56 3 243 23 109 7 316 19

Almost inexistent 96 3 262 22 28 0 197 16

Medium 7 0 25 3 10 0 37 2

Strong 0 0 0 1 0 0 2 1

Fig. 3. Histogram of the domain bias for (a) Environment and (b) Education for the
term “difference”

Table 2. Top 20 positive biased concepts by domain

term domain occurences bias.val fuzzy.label fuzzy.label.complete docs volatility.label
1 people Environment 1664 0.16 Almost inexistent Almost inexistent positive 33655 Medium
2 people Education 1428 0.20 Slightly Slightly positive 26886 Slightly
3 world Environment 1366 0.18 Almost inexistent Almost inexistent positive 33655 Medium
4 world Education 896 0.24 Slightly Slightly positive 26886 Medium
5 think Environment 1371 0.20 Slightly Slightly positive 33655 Medium
6 think Education 1187 0.21 Slightly Slightly positive 26886 Medium
7 time Environment 1389 0.15 Almost inexistent Almost inexistent positive 33655 Medium
8 time Education 1198 0.20 Slightly Slightly positive 26886 Medium
9 years Environment 1134 0.16 Almost inexistent Almost inexistent positive 33655 Medium

10 years Education 681 0.18 Almost inexistent Almost inexistent positive 26886 Medium
11 things Environment 877 0.22 Slightly Slightly positive 33655 Medium
12 things Education 775 0.28 Slightly Slightly positive 26886 Medium
13 laughter Environment 754 0.52 Medium Medium positive 33655 Medium
14 laughter Education 906 0.53 Medium Medium positive 26886 Medium
15 way Environment 1654 0.18 Almost inexistent Almost inexistent positive 33655 Medium
16 way Education 1271 0.25 Slightly Slightly positive 26886 Medium
17 right Environment 810 0.51 Medium Medium positive 33655 Medium
18 right Education 762 0.51 Medium Medium positive 26886 Medium
19 need Environment 1023 0.23 Slightly Slightly positive 33655 Medium
20 need Education 720 0.23 Slightly Slightly positive 26886 Medium
21 look Environment 1225 0.21 Slightly Slightly positive 33655 Medium
22 look Education 849 0.24 Slightly Slightly positive 26886 Medium
23 say Environment 735 0.18 Almost inexistent Almost inexistent positive 33655 Medium
24 say Education 893 0.23 Slightly Slightly positive 26886 Medium
25 thing Environment 2576 0.21 Slightly Slightly positive 33655 Slightly
26 thing Education 2309 0.22 Slightly Slightly positive 26886 Slightly
27 school Environment 221 0.24 Slightly Slightly positive 33655 Strong
28 school Education 1046 0.22 Slightly Slightly positive 26886 Medium
29 water Environment 974 0.14 Almost inexistent Almost inexistent positive 33655 Medium
30 water Education 118 0.12 Almost inexistent Almost inexistent positive 26886 Strong
31 good Environment 563 0.49 Medium Medium positive 33655 Medium
32 good Education 491 0.50 Medium Medium positive 26886 Medium
33 percent Environment 573 0.14 Almost inexistent Almost inexistent positive 33655 Medium
34 percent Education 357 0.15 Almost inexistent Almost inexistent positive 26886 Medium
35 year Environment 1662 0.14 Almost inexistent Almost inexistent positive 33655 Medium
36 year Education 1074 0.19 Almost inexistent Almost inexistent positive 26886 Medium
37 work Environment 1058 0.27 Slightly Slightly positive 33655 Medium
38 work Education 1034 0.28 Slightly Slightly positive 26886 Medium
39 applause Environment 501 0.47 Medium Medium positive 33655 Medium
40 applause Education 512 0.45 Medium Medium positive 26886 Medium



208 J. Bernabé-Moreno et al.

Table 3. Top 15 negative biased concepts by domain

term domain occurences bias.val fuzzy.label fuzzy.label.complete docs volatility.label
1 dead Environment 102 -0.43 Medium Medium negative 33655 Strong
2 death Education 52 -0.41 Medium Medium negative 26886 Strong
3 disease Education 54 -0.40 Medium Medium negative 26886 Strong
4 worry Education 32 -0.38 Slightly Slightly negative 26886 Strong
5 wrong Education 163 -0.33 Slightly Slightly negative 26886 Strong
6 worry Environment 37 -0.33 Slightly Slightly negative 33655 Strong
7 fear Environment 64 -0.31 Slightly Slightly negative 33655 Strong
8 dead Education 31 -0.30 Slightly Slightly negative 26886 Strong
9 conflict Environment 44 -0.30 Slightly Slightly negative 33655 Strong

10 wrong Environment 84 -0.29 Slightly Slightly negative 33655 Strong
11 poverty Environment 49 -0.29 Slightly Slightly negative 33655 Strong
12 poverty Education 52 -0.29 Slightly Slightly negative 26886 Strong
13 dark Education 80 -0.28 Slightly Slightly negative 26886 Strong
14 disease Environment 107 -0.26 Slightly Slightly negative 33655 Strong
15 fighting Education 23 -0.26 Slightly Slightly negative 26886 Very Strong
16 waste Education 27 -0.24 Slightly Slightly negative 26886 Strong
17 dark Environment 106 -0.24 Slightly Slightly negative 33655 Strong
18 death Environment 67 -0.24 Slightly Slightly negative 33655 Strong
19 fear Education 47 -0.24 Slightly Slightly negative 26886 Strong
20 waste Environment 239 -0.23 Slightly Slightly negative 33655 Medium
21 trouble Environment 33 -0.23 Slightly Slightly negative 33655 Strong
22 conflict Education 33 -0.23 Slightly Slightly negative 26886 Strong
23 crisis Environment 100 -0.22 Slightly Slightly negative 33655 Strong
24 argument Education 35 -0.22 Slightly Slightly negative 26886 Strong
25 argument Environment 33 -0.20 Slightly Slightly negative 33655 Strong
26 crisis Education 34 -0.19 Almost inexistent Almost inexistent negative 26886 Strong
27 problem Environment 638 -0.18 Almost inexistent Almost inexistent negative 33655 Medium
28 fighting Environment 22 -0.18 Almost inexistent Almost inexistent negative 33655 Very Strong
29 problem Education 422 -0.17 Almost inexistent Almost inexistent negative 26886 Medium
30 risk Environment 95 -0.16 Almost inexistent Almost inexistent negative 33655 Strong

employed Fuzzy Language Modelling to guarantee the interoperability across
well-established sentiment computation methods using different polarity dictio-
naries.

4.1 Bias-Aware Sentiment Analysis

After understanding the results, we show a possible way of incorporating the bias
modelling might impact/improve the computation of the sentiment for a phrase
using well-known schemas. Using the Syuzhet [17] dictionary, we compute for
examples the sentiment for the sentence S, “Unfortunately it is going to end
up in a big crisis”. With the standard implementation, the quantified sentiment
is −1.5 Unfortunately contributes with −1.00, big with 0.25 and crisis with
−0.75. In the Education domain, crisis presents an Almost inexistent negative
bias, while in the Environment domain the bias is a bit higher Slightly negative.
Both values are quite volatile, but a bias correction might make sense for the
later domain. It would mean that for the sentence S, sentimentEnvironment(S)
< sentimentEducation(S), being the correction the 2-tuple representation of the
level “Slightly negative”, as explained in the Subsect. 2.3.

5 Concluding Remarks

In this article we propose a method to quantify the polarity bias inherent to a
particular domain within the context of sentiment analysis. For a given domain
specific corpus, our approach extracts first the terms that are eligible for bias
modelling. The eligibility is given by an occurrences number above a given
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threshold -as semantic bias requires repetitiveness-. These terms are then fil-
tered by Part of Speech label (usually only verbs and nouns are taken, as the
polarity of adverbs, adjectives, etc. doesn’t make much sense).

Following on that, each remaining topic inherits a polarity scores from neigh-
bouring terms for each occurrence of the term in the domain corpus. These values
are then aggregated and normalized and assigned a fuzzy level for a particular
granularity level. An additional indicator, stability (or volatility) is also compute
for each term to express how “reliable” is the fuzzy indicator of the bias for the
term.

Our linguistic modelling approach allows for the usage of different linguistic
hierarchies to incorporate the bias modelling in the different methods of senti-
ment evaluation without incurring in information loss, which is one of the most
useful advantage of our proposal. To show the performance of our approach,
we modelled the bias of the top 100 nouns in the Environment and Education
domains based on over 400 recent Ted Talks transcripts.

Further research lines might focus on the development of lexical distance
specific weighting for the computation of the polarity inheritance at document
level. A corpus length and document length dependent modelling might also
bring some improvements to our idea, in particular in combination with the
analysis of optimal values for the Bias Computing Threshold.

Acknowledgments. This paper has been developed with the FEDER financing under
Projects TIN2013-40658-P and TIN2016-75850-R.
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