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Abstract
This paper introduces a proposed solution for the classification of tourist text reviews. The problem was
initially presented at Rest-Mex 2023: Research on Sentiment Analysis Task for Mexican Tourist Texts.
The objective of this task is to determine the polarity (1 and 5), the type of opinion (hotel, restaurant,
or attraction), and the country (Mexico, Cuba, Colombia) associated with a given set of reviews. Our
approach is primarily based on the Mutual Information (MI) measure. During the training stage, our
approach involves clustering each word from the provided training data according to their respective
classes. Subsequently, we compute the MI value of each word within each class. Additionally, we generate
synonyms for each word and incorporate them into a set, associating them with the same MI value as
their respective word. This set of words, referred to as "trained" words, along with their normalized MI
values, is utilized as class features. In the classification stage, when a new instance is provided, each
word is compared with the "trained" words belonging to each class. The MI values of the intersected
words are then summed. The predicted class is assigned based on the class with the highest sum value.
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1. Introduction

In the 2019 edition of the "Travel & Tourism Competitiveness Report" (TTCR) [1], published
by the World Economic Forum, it was reported that the Travel & Tourism (T&T) sector was
experiencing remarkable growth. The World Tourism Organization (UNWTO) stated that
international tourist arrivals worldwide reached 1.4 billion in 2018, surpassing earlier predictions
by two years. However, the findings of the TTCR also raised concerns about a potential tipping
point where the relentless pursuit of growth and competitiveness in the sector could undermine
the very assets on which it depends.

Fast forward two years, and the T&T sector looks drastically different. The COVID-19
pandemic had a devastating impact on the demand for travel, hitting the sector particularly
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hard. Shutdowns, travel restrictions, and the disappearance of international travel not only
severely affected companies but also tourism-dependent national economies. Fortunately, there
are now positive indications of recovery, although the pace and progress vary across different
regions and market segments. Additionally, the complexities of this uneven recovery are further
compounded by factors like the war in Ukraine [2].

As a result, the T&T sector and its customers have likely undergone permanent changes.
Travelers have become more discerning, especially regarding the health and hygiene conditions
of potential destinations. They are also cautious about the potential impact of future COVID
variants, as well as challenges arising from government policies, border closures, and travel
disruptions. Furthermore, the pause in international travel allowed leisure and business travelers
to reflect on the environmental consequences of their choices. Consequently, governments and
T&T businesses have had to reassess their investments, develop strategies to mitigate risk and
volatility in demand, and adapt to the changing expectations of their customers . Additional
to the COVID-19 pandemic impacts, in the last decade tourism has also been influenced by
numerous technological advances and tools such as digitization, information and communication
technology, machine learning, robotics, and artificial intelligence (AI) [3, 4, 5, 6, 7, 8]. Thus,
most of international travelers plan their trips by digital means, and a part of their decisions are
based on information online [9].

One task of the Rest-Mex 2023: Research on Sentiment Analysis Task for Mexican Tourist
Texts[10] is to determine the polarity (1 and 5), the type of opinion (hotel, restaurant, or
attraction), and the country (Mexico, Cuba, Colombia) associated with a given set of reviews.
For this reason, it is essential to use algorithms from the Artificial Intelligence field, specifically
the area of the Natural Language Processing (NLP) to achieve human-like processing capabilities
of the language for diverse scopes [11, 12]. NLP intersects artificial intelligence and linguistics
[13] and covers a wide range of methods to analyze and represent naturally occurring text at
one or more linguistic examination levels, for example see [14, 15, 16, 17, 18]. Thus, in this work,
we propose a method to predict the classes based on the Mutual Information measure [19].

This work is organized as follows: Section 2 describes the task to solve; Section 3 shows in
details the proposal followed in this work; In section 4 the results are presented; and finally,
section 5 presents the conclusions and limitations of our proposal.

2. Task Description: Sentiment Analysis

The task at hand involves a classification problem where participating systems are tasked with
predicting the polarity, type and country of opinions expressed by tourists who have visited
attractions, restaurants, and hotels in Mexico, Cuba, and Colombia. The dataset used for this
task was compiled from opinions shared by tourists on TripAdvisor between 2002 and 2022.
Each opinion belongs to a specific class represented by an integer ranging from 1 to 5, where 1
indicates the most negative polarity and 5 denotes the most positive. Additionally, each opinion
is labeled with its corresponding type (hotel, restaurant, or attraction). For example:

• "Un callejón donde tienes que besar a tu amante por años de felicidad, en el amor es parte
de un mito en esta ciudad especial. El callejón estrecho con escalones no es muy especial
en sí mismo. Lo que lo hace especial es toda la historia a su alrededor."



– Polarity: 5 (Very positive)
– Type: Attractive
– Location: Mexico

To evaluate the results of the polarity task, the organizer proposed to give more weight to
minority classes. For the sentiment analysis collection of the Rest-Mex, the minority classes are
the ones with the most negative polarities. Therefore, for this edition, to evaluate the result of
the polarity classification, it is as follows:

𝑅𝑒𝑠𝑃 (𝑘) =

∑︀|𝐶|
𝑖=1((1−

𝑇𝑐𝑖
𝑇𝑐

) * 𝐹𝑖(𝑘))∑︀|𝐶|
𝑖=1 1−

𝑇𝑐𝑖
𝑇𝑐

, (1)

where 𝑘 is a forum participant system, 𝐶 = 1, 2, 3, 4, 5, 𝑇𝑐 is the total instances in the collection,
𝑇𝑐𝑖 is the total is instances in the class i. Finally, 𝐹𝑖(𝐾) is the F-measure value for the class 𝑖
obtained by the system 𝑘. Thus, this formulation gives more weight to the classes with less
instances. For the type (𝑅𝑒𝑠𝐴(𝑘)) and country (𝑅𝑒𝑠𝐴(𝐶)) classification, the organizer proposed
only to average the F-measure values corresponding their respective classes. Finally, the final
score of the whole task for the 𝑘 system is given by:

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡(𝑘) =
2 *𝑅𝑒𝑠𝑃 (𝑘) +𝑅𝑒𝑠𝐴(𝑘) +𝑅𝑒𝑠𝐶(𝑘)

4
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3. Proposed Approach

To attack the sentiments analysis task in tourist data, it is proposed to use simple features that
can capture important information to determine the polarity of an opinion in such a way that it
is quick to calculate and represent. Especially to offer an option for restricted applications in
time or memory (such as IoT solutions) and that cannot use approaches that, although they have
outstanding effectiveness results, can be slow or use much computational power, in addition to
having the advantage of being language-independent features.

Our proposal is a improve of a previous work [20], it consists in three main stages: prepos-
sessing, training and classification. For the prepossessing stage, we applied to the text next
steps:

• Uppercase was converted to lowercase.
• Stop-words were removed.
• Punctuation marks were removed.
• The digits were replaced by the letter ‘d’.
• Stemming was applied to the tokens in the texts.
• Removed tokens that appear less than 50 times in the data set.

3.1. Training stage

The main different from [20] is in the this stage. In this stage, we use the using the training data
to extract features of each subtask (polarity, type and country). Thus, to analyze the information



from the dataset, similar to [21], we propose to use the well-known Mutual Information (MI)
measure. The MI measure was applied to all training data to extract the features for each
epidemiological color (red, orange, yellow and green) [22]. This measure basically computes
the mutual dependence between two variables 𝑋 and 𝑌 (information that 𝑋 and 𝑌 share). MI
is computed by the following equation:

𝑀𝐼(𝑋,𝑌 ) = 𝑃 (𝑋,𝑌 )𝐿𝑜𝑔(𝑃 (𝑋,𝑌 )/𝑃 (𝑋)𝑃 (𝑌 )), (3)

where 𝑃 (𝑋,𝑌 ) is the joint probability between the variables 𝑋 and 𝑌 . For example, if 𝑋
and 𝑌 are independent, then 𝑋 is not important and does not exert any influence over 𝑌 and
vice versa; then MI would be close to zero. Conversely, if 𝑋 is describe in terms of 𝑌 (or 𝑌
is in terms of 𝑋), then all information conveyed by 𝑋 is shared with 𝑌 [23]. In our case, MI
measures the influence of a word 𝑋 = 𝑏 with 𝑏 ∈ 𝐵 = {all the words in the collections} in a
class 𝑌 = 𝑐 with 𝑐 ∈ 𝐶 ={classes in subtask}:

• If a word 𝑏 appears in all classes, then it is not relevant in any way, resulting in 𝑀𝐼(𝑏, 𝑐) ≈
0. The intuitive idea is that such word 𝑏 does not help to discriminate among different
classes (epidemiological colors).

• If the word 𝑏 is almost exclusive to a class 𝑐, then this word is considered valuable for 𝑐,
and the expected result would be 𝑀𝐼(𝑏, 𝑐) > 0. The intuition is that the higher the MI
score, the more representative the word is to the class (epidemiological colors)..

• If a word appears repeatedly in other classes but not in class 𝑐, the result would be
𝑀𝐼(𝑏, 𝑐) < 0. The idea is that the lower the MI score, the less useful is the word to
represent the class.

MI potentially reveals representative words for each class. Thus, it is possible to detect
exclusive words describing the reviews on each class [24]. However, to set of words obtained
by MI values, we add up to 5 synonymous to give a better representation of the classes. Thus,
we call to the result set of words and and MI measures for class 𝑐, trained feature set Ω𝑐. The
𝑖-th element, 𝜔𝑖,𝑐 ∈ Ω𝑐 is a tuple of values, (𝜔𝑤

𝑖,𝑐, 𝜔
𝑀𝐼
𝑖,𝑐 ), where 𝜔𝑤

𝑖,𝑐 represents the 𝑖-th word and
𝜔𝑀𝐼
𝑖,𝑐 represents the normalized MI measure for 𝜔𝑤

𝑖,𝑐. Note that the MI value for each synonym
is the same as its word of origin.

3.2. Classification stage

The classification stage is the same as [20], when a new instance is given, first the prepossessing
steps are applied. Then the resulting set of words for the instance is called Θ. After, Θ is
intersected with the words in set Ω𝑤

𝑐 (set of trained words, 𝜔𝑤
𝑖,𝑐, for class 𝑐). Then, we compute

the sum of the values 𝜔𝑀𝐼
𝑘,𝑐 for 𝑘 ∈ Θ ∩ Ω𝑤

𝑐 . This can be represented by equation 4:

𝑆𝑐 =
∑︁

𝑘∈Ω𝑤
𝑐 ∩Θ

𝜔𝑀𝐼
𝑘,𝑐 (4)

Thus, the predicted class for a instance Θ, 𝐶(Θ), is assigned to the class with the most high
similarity value 𝑆𝑐:

𝐶(Θ) = argmax
𝑐

{𝑆𝑐} (5)



with 𝑐 ∈ 𝐶 represents the possibles class values for each subtask (polarity, type and country).
For example, for Type, 𝐶 ={hotel, restaurant, atractive}

4. Results

The official results for our proposal shows that we obtained a sentiment score (equation 2) of
0.229. In this sense our approach obtained the last place in the task. The obtained macro F-
measures were of 0.183, 0.301 and 0.250 for the subtasks polarity, Type and Country respectively.
Although, our proposal uses a simple idea, we aim to have a accuracy of 55.67 for polarity, 44.39
for Type and 47.25 for Country.

5. Conclusions

In this study, we introduced a straightforward solution for the Sentiment Analysis Task of
Rest-Mex 2023, utilizing the Mutual Information measure. Despite its simplicity, our approach
demonstrated promising potential. However, we observed a significant drawback in our method-
ology, namely the imbalance within the training dataset. Furthermore, we discovered that
numerous meaningless words (e.g., queretarcdm, metrocdmx, etc.) exhibited high MI values, yet
these words were essentially noise present in the dataset. Therefore, to enhance our proposal, it
is imperative to address this issue by removing such meaningless words from consideration.
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