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Technology and the Internet have changed how travel is booked, the relationship between travelers and the tourism industry, and
how tourists share their travel experiences. As a result of this multiplicity of options, mass tourism markets have been dispersing.
But the global demand has not fallen; quite the contrary, it has increased. Another important factor, the digital transformation, is
taking hold to reach new client proﬁles, especially the so-called third generation of tourism consumers, digital natives who only
understand the world through their online presence and who make the most of every one of its advantages. In this context, the
digital platforms where users publish their impressions of tourism experiences are starting to carry more weight than the
corporate content created by companies and brands. In this paper, we propose using diﬀerent deep-learning techniques and
architectures to solve the problem of classifying the comments that tourists publish online and that new tourists use to decide
how best to plan their trip. Speciﬁcally, in this paper, we propose a classiﬁer to determine the sentiments reﬂected on the http://
booking.com and http://tripadvisor.com platforms for the service received in hotels. We develop and compare various classiﬁers
based on convolutional neural networks (CNN) and long short-term memory networks (LSTM). These classiﬁers were trained
and validated with data from hotels located on the island of Tenerife. An analysis of our ﬁndings shows that the most accurate
and robust estimators are those based on LSTM recurrent neural networks.

1. Introduction
That the world of tourism is changing is not news. There are
more and more data, both structured and nonstructured,
being generated at ever higher rates, which once transformed
into information, which provide a tangible value to businesses. Opinion mining and sentiment analysis is a very
active ﬁeld of study in recent years [1, 2]. The problem is
determining how to beneﬁt from these data and how to use
them to generate value. Although future data is out of reach,
it is possible to predict what will happen based on past data
through a process known as predictive analytics.
The use of automatic tools in social networks for the
tourism sector has generated ample literature due to the
importance of inﬂuencing the consumer’s participation and
aﬀecting the way in which tourists perceive their experience
[3]. Thus, for a tourism company to grow, it is essential that
it crafts forecasts to optimize its marketing campaigns and
the performance of its corporate website in order to improve

the feedback from its users. The predictive scores obtained
from the models for each client indicate the steps that should
be taken to achieve the goals of retaining the client, upselling
a product, or oﬀering him a new service. Reliable and consistent information is needed in order to forecast client behavior. The work presented in this paper builds on this idea,
testing methods to analyze the reviews clients provide on digital platforms concerning the service they received.
In contrast to the traditional conversations that take
place in speciﬁc physical locations, the digital conversation
is shaped using new methods and tools for engaging the public, whose social interaction characteristic is the focus of its
dynamic [4, 5]. Basically, it is the so-called electronic word
of mouth (eWOM), the features of which lead to completely
diﬀerent consequences [6] from traditional conversations.
These features focus on the ease with which the message is
distributed via social media, which are online communications platforms where users create their own content using
Web 2.0 technologies that enable the writing, publication,
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and exchange of information (Kaplan and Haenlein, 2010).
The incorporation of eWOM into social media or the Web
2.0 has the following properties:
(i) Great ability to disseminate, where users can access
opinions from strangers
(ii) Massive engagement by users of diﬀerent ages and
groups, all sharing diﬀerent points of view
(iii) The message spreading quickly in several ways:
blogs, websites, social media, messages posted in
online groups, etc.
(iv) Multidirectional discussion among users, who play
an active role by answering questions on the information presented
(v) Persistence over time, since the discussions are
uploaded for the current and future reference
(vi) Credibility, since the information is oﬀered by users
spontaneously and, in theory, with no proﬁt motive
These features make monitoring of eWOM by tourism
companies particularly relevant [7].
According to [7], an eWOM is “any positive or negative
statement made by potential, current, or former customers
about a product or company that will be made available to
a large number of people and institutions through the Internet.” The main goal of this paper is to classify the positive and
negative statements made by tourists by using various deeplearning techniques.
The tourism industry is of great importance in the
Canary Islands, as it is the real engine of growth and development in the archipelago, accounting for a high percentage of
its GDP. This has a knock-on eﬀect on the remaining industries and services in the islands, especially in the development
of trade, transportation, food production, and industry.
Tourism also comprises a very important component in creating jobs in the service sector of the archipelago, which
encompasses direct employment in the sun and beach sector,
as well as workers in activities that support tourism, such as
restaurants, hotels, travel agencies, passenger transport, car
rental, and recreational, cultural, and sports activities.
In 2016, Tenerife, one of the Canary Islands, received
over seven million tourists, most of them from the United
Kingdom, which accounted for thirty-one percent of the passengers arriving at Tenerife’s airports in 2016. These ﬁgures
indicate that the opinion that English tourists have of Tenerife is particularly relevant. As a result, we will conduct our
experiments based on the comments in English made about
the hotels in Tenerife.

2. Materials and Methods
Below, we describe the estimators implemented, the data
used, and the procedures employed to train, evaluate, and
compare the estimators.
2.1. Data Sets. The techniques used, which will be detailed in
the sections that follow, fall under the category of supervised

learning methods. This requires having a set of previously
classiﬁed data before the prediction system can be trained
and a test sample in order to validate how accurately the technique behaves. To satisfy this requirement and in order to use
real data in the methods, we extracted information from
reviews in English on the http://booking.com and http://
tripadvisor.com websites for hotels on the island of Tenerife.
The structure of the information varies depending on the
portal that is used as the source of data:
(i) Booking
(a) The comment will have a general score between 0
and 10
(b) The comment’s author is able to separate positive
and negative aspects
(ii) TripAdvisor
(a) The comment features a rating system using bubbles or stars to assign a score between 1 and 5
(b) There is a single ﬁeld for expressing an opinion
In order to extract the information, we developed Python
scripts based on the Scrapy framework and adapted them to
the domain using the scripts oﬀered by the MonkeyLearn
project [8].
As a result of this process, we obtained more than
40,000 records with diﬀerent ﬁelds, depending on the source
portal for the data: title, comment, score, date, and location of
the visitor.
The preparation of the data set so that it can be used in
the deep-learning techniques studied in this paper is an
important part of the work. In the initial phase and in an
eﬀort to standardize the information taken from the two
sources used, we developed programs in Python to build a
CSV ﬁle with two columns:
(i) Comment (free text)
(ii) Label (“Bad” or “Good”)
Depending on the portal from which the data were
sourced, the scripts had diﬀerent functionalities.
In the case of the samples taken from TripAdvisor, the
original title and comment were used to comprise a single text
containing the visitor’s full opinion. Those reviews scoring
three or higher were labeled “Good,” and those scoring two
or below were labeled “Bad.” Any samples with an intermediate rating were discarded so as not to hamper the training.
In the case of the samples taken from Booking, we evaluated the number score awarded by the visitor. For scores
higher than six, which were labeled “Good,” the comment
was generated by concatenating the title and comment ﬁelds.
For scores of four and below, the title and negative comment
were concatenated and labeled “Bad.”
Once the structure of the samples was standardized, the
data set was divided into three parts. For the ﬁrst set, a random balanced selection (half of the samples labeled “Good”
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Figure 2: Positive review words.
Figure 1: Negative review words.

and the other half labeled “Bad”) of 9640 samples was carried
out. The second set was used to evaluate the models after
each training epoch, and ﬁnally, the test sample was created
using 2785 samples in which the scores assigned by the tourists were known and which we used to compare the accuracy
of the various models.
The second phase to prepare the data sets for the deeplearning models involved adapting them to the data domain
that can be input into the models. Each comment used from
the training set was subject to preprocessing before it could
be used. Fortunately, Python oﬀers an ecosystem of libraries
that can be used in several machine learning applications [9]
like the Python NLTK library [10] that allow us to perform
this task. The comments were processed as follows: separation into words, deletion of punctuation and any nonalphabetic terms, and lastly deletion of words identiﬁed as stop
words, which provide no information when determining if
a comment is positive or negative.
The ﬁgures below oﬀer a visual representation of those
words that appeared most frequently in the positive and negative comments:
As we can see by analyzing Figures 1 and 2, there are certain words that clearly identify a polarized sentiment like
“Good” or “Bad.” However, this does not apply to many
other words, which are sometimes even included in comments with the exact opposite meaning (note that the group
of words used in negative comments contains words like
“better,” “nice,” or “clean”). As a result, a simple classiﬁcation
of the comment based on the appearance or absence of certain words is not suﬃcient; rather, machine-learning techniques, such as the ones used in this paper, are needed to
analyze the relationships between the words.
The algorithms used require as an input a ﬁxed-length
vector in which each component is a number. In the technique for coding text into number vectors known as bag of
words (BoW), a dictionary is created with the words found
most frequently in all of the training comments. Each comment is then coded into a ﬁxed-length vector corresponding
to the number of words in the dictionary created. In BoW, a
comment is coded into a vector in which each component
counts how many times each word in the dictionary appears

in the comment. We ruled out this coding method because
even though it represents the frequency of words in the comment, it discards information involving the order in which
those words appear in the comment.
The word embedding technique is currently one of the
best for representing texts as number vectors. It is a learned
representation in which words with similar meanings are
given a similar representation. Each vocabulary word is represented with a vector, and its representation is learned based
on the use it is given in the training comments. As a result,
words that are used in a similar way will have a similar representation. The learning process for embedding is carried out
in this paper by adding a layer at the front of the neural network in each of the models. In order to be able to generate
our models in Python, we resorted to the Keras library [11].
In order to use this library and add the embedding layer
to our models, we have to ﬁrst transform the tourists’ comments into integer vectors in which each word is represented
by an index in a list of words. We do so by using the Tokenizer class in Keras, creating an instance based on the training
data set and limiting the size of the vocabulary, in our case, to
the 5000 most common words. By using the Tokenizer
instance, we transform each comment into a vector of variable length in which each word is an integer where the value
i corresponds to the i-th most used word in the samples.
Since the tourist comments do not all have the same length,
the comment vectors are ﬁlled in with zeros until the speciﬁed ﬁxed length is reached that matches the number of
words in the longest comment (582 in this work). Figure 3
shows this process.
The embedding layer is initialized with random weights
and trained at the same time as the rest of the models, with
the training supplied by the training data set. In every model
implemented for this work, the embedding layer was used as
the ﬁrst layer in the model, with the following characteristics:
(i) Input dim (the maximum integer value of the vector
component input): its value, based on how we coded
the comments, is 5000
(ii) Output dim (the length of the vectors that will represent the words after embedding): in most of the
experiments, this length is set to 300
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Training data set

Tokenizer
Limit to 5000
top words

Tokenizer
Vector of integers
[345, 212, ... , 3232]
dimension = length (review)

Padding
with zero

Vector of integers
[0,0, ... ,345, 212, ... , 3232]
dimension = max review length
(582 for this experiment)

Figure 3: Converting review to ﬁxed-length vectors.

(iii) Input length (the length of the vectors in the
layer): As deﬁned earlier, it is the maximum
length of the comments in words. In the experiments conducted for this work, the maximum
comment length was 582 words
As shown in Figure 4, the output of the embedding
layer is a 582 × 300 matrix in which each comment is
transformed into a vector with 582 components, in which
each component (representing one word) is coded into a vector of length 300.
2.2. Recurrent Neural Networks. To predict the sentiment
of the comments, we use models based on neural networks. Each comment is a sequence of encoded words that
can be processed as a time series. However, the most common neural networks (e.g., feed-forward neural networks)
lack the memory to store information over time. Recurrent
neural networks [12] (RNN) solve this problem by making
the network output y j at step j depend on previous computations through a hidden state s j that acts as a memory
for the network.
Figure 5 shows the RNN we used, unfolded into a full
network. By unfolded, we simply mean that we write out
the network for a complete sequence of N steps, where x j is
the j-th encoded word in the comment, which we used as
the input to the network in the j-th step.
In a RNN, the relationship between output y j , input x j ,
and state s j in step j is determined by the type of RNN cell.
As Figure 5 shows, we used a kind of cell called long shortterm memory [13] (LSTM). LSTM recurrent neural networks
are capable of learning and remembering over long input
sequences and tend to work very well for labeling sequences
of word problems [14].

As (1) shows, output y j depends on the state s j of the
LSTM cell through the activation function σy x (which is
generally tanh x ). The state s j depends on the state of the
previous step s j−1 and on the candidate for the new value of
the state s j . The output gate o j controls the extent to which
the state s j is used to compute the output y j by means of
the Hadamard product ∘ . The input gate i j controls the
extent to which s j ﬂows into the memory, and the forget gate
f j controls the extent to which s j−1 remains in memory.
The o j , f j , and i j gates and the candidate for the new value
of the state of the cell s j can be interpreted as the outputs of
conventional artiﬁcial neurons whose inputs are the input
to cell x j at step j and the output of cell y j−1 at j − 1. The activation function for the gates σg is usually the sigmoid function, while for σs it is usually tanh x .
f j = σg W f x j + U f y j−1 + b f ,
i j = σg W i x j + U i y j−1 + bi ,
o j = σg W o x j + U o y j−1 + bo ,

1

s j = σs W s x j + U s y j−1 + bs ,
s j = f j ∘ s j−1 + i j ∘ s j ,
y j = o j ∘ σy s j
As Figure 5 shows, each input x j in (1) is the coded value
in the
of the successively coded sequence of words x j N−1
j=0

comment. The RNN cell provides an output at each step j,
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Figure 4: Embedding layer.

In these models, the output of each neuron alj is generated
from the output of a subset of spatially adjacent neurons.
Every neuron in the same layer shares the same weight and
bias, meaning the layer can be expressed in terms of a ﬁlter
that is convoluted with the output of the previous layer.
Equation (3) shows the output alkj of the j-th neuron of the
l-th convolutional layer:

y

Feed-forward
layer
ylstm

LSTM

LSTM

x0

x1

LSTM

alkj = σlk

xN-1

Figure 5: LSTM unfolded into a full network.

but for the prediction, only output yN−1 of the network is
considered when the last word xN−1 is input into the network.
This output is what we refer to as ylstm in Figure 5.
Output ylstm is used as an input to a one-neuron feedforward layer with a sigmoid activation function, the output
of which, between 0 and 1, is the network’s prediction for
whether the sentiment is positive or negative. The output y
of that single neuron can be expressed as indicated in

y = σsigmoid 〠 wk ylstm + b σsigmoid x =
k

ex
,
ex + 1

2

where wk is used to denote the weight of the k-th input, b is
the bias, and σsigmoid x is the sigmoid activation function
of the output neuron in the layer.
2.3. Convolutional Neural Networks. Another type of neural
network that can be used to predict time series is a convolutional neural network (CNN). These are biologically inspired
variants of feed-forward neural networks used primarily in
computer vision problems [15], although their ability to
exploit spatially local correlation in images can also be used
in time-series problems, like sentiment analysis.

W lk∗ al−1

j

+ blk ,

3

where W lk∗ al−1 j is the j-th element resulting from the
convolution of the ﬁlter deﬁned by W lk with the output
of the previous layer al−1 , σlk x is the activation function
for the convolutional layer, and k ∈ 0, … , K indicates that
it is the output of the k-th channel of the layer. In each
convolutional layer, diﬀerent ﬁlters can be applied to the
output of the previous layer to generate diﬀerent representations or channels k, thus yielding a fuller representation
of the data.
For the σlk x activation function, we used the ReLU
function because it does not suﬀer from the vanishing gradient problem [7] when training the neural network. Equation
(4) shows the expression for the activation function.
σlk x = σrelu x = max 0, x

4

Figure 6 shows a general diagram of the CNN developed
in this paper to analyze sentiment. In order to apply a CNN
to a time series, we arranged the encoded words in the same
order as they appear in the comment, such that adjacent
words in the comment are spatially adjacent at the input to
the neural network. Moreover, each word embedding dimension is a diﬀerent input channel to the network. In this way,
the convolutional layers can exploit the local correlation
between words in each comment.
After each convolutional layer with a ReLU, activation
function is a max-pooling layer, which partitions the input
into a set of nonoverlapping ranges and, for each range,
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Figure 6: General diagram of the CNNs used.
Table 1: Model structure.
Model
1
2
3
4
5
6
7
8

9

10

11

Table 3: Test data set.

Model description

Test data set

(582) embedding→(582 × 300) LSTM→(30)
dense [sigmoid]→(1)
(582) embedding→(582 × 300) LSTM→(50)
dense [sigmoid]→(1)
(582) embedding→(582 × 300) LSTM→(70)
dense [sigmoid]→(1)
(582) embedding→(582 × 300) LSTM→(100)
dense [sigmoid]→(1)
(582) embedding→(582 × 300) LSTM→(200)
dense [sigmoid]→(1)
(582) embedding→(582 × 300) LSTM→(300)
dense [sigmoid]→(1)
(582) embedding→(582 × 300) LSTM→(500)
dense [sigmoid]→(1)
(582) embedding→(582 × 300) Conv1D→(575 × 64)
MaxPooling1D→(287 × 64) ﬂatten→(18,368)
dense [relu]→(10) dense [sigmoid]→(1)
(582) embedding→(582 × 300) Conv1D→(575 × 128)
MaxPooling1D→(287 × 128) ﬂatten→(36,736)
dense [relu]→(10) dense [sigmoid]→(1)
(582) embedding→(582 × 300) Conv1D→(575 × 32)
MaxPooling1D→(287 × 32) Conv1D→(280 × 64)
ﬂatten→(17,920) dense [relu]→(10) dense [sigmoid]→(1)
(582) embedding→(582 × 300) Conv1D→(582 × 32)
MaxPooling1D→(291 × 32) LSTM→(100)
dense [sigmoid]→(1)
Table 2: Training data set.

Training data set
Positive reviews
Negative reviews
Total reviews
Mean review length (chars)
Max review length (chars)

4820
4820
9640
53
582

outputs the maximum value. Following the convolutional
and max-pooling layers is a feedforward layer (as described
in (2)) to yield the output of the entire network.

3. Results and Discussion
In order to compare some of the deep-learning techniques
mentioned in this paper, we conducted a series of experiments on diﬀerent models based on LSTM neural networks

Positive reviews
Negative reviews
Total reviews

1408
1377
2785
Table 4: Test results.

Model
N
1
2
3
4
5
6
7
8
9
10
11

Training
time

Good
hits

Bad
hits

False
good

False
bad

Accuracy
end

2208
2734
4658
4406
4388
10,630
13,574
6994
9139
1765
1602

1227
1211
1215
1198
1213
1221
1190
1210
1206
1166
1187

1228
1239
1237
1261
1256
1263
1261
1247
1235
1268
1272

149
138
140
116
121
114
218
130
142
109
105

181
197
193
210
195
187
116
198
202
242
221

88.15
87.97
88.04
88.29
88.65
89.19
88.01
88.22
87.65
87.40
88.29

and CNN. Table 1 shows the structure of each of the models
used with the lengths of the inputs at each layer. The ﬁrst column will be used to refer to the models in subsequent
references.
First, we prepared the data as explained in Section 2.1
+ 0.1667 emA. The same comment coding technique was used
for each test, which included training an embedding layer.
To make the models comparable, we used the same training data set (Table 2) with a total of 9640 reviews. The classiﬁcation was conducted independently using another data set
containing 2785 reviews that were not used during the training. As Table 3 shows, a test data set was employed that was
fully balanced between positive and negative reviews.
So as not to use a diﬀerent number of training epochs
based on the model, we decided to use a ﬁxed number, 10,
since, for every model, the loss value did not improve significantly with longer training.
Table 4, containing the general results, shows the number
of correctly predicted positive and negative reviews, as well as
the false positives and negatives.
Models 1 to 6 have the same structure, the number of
memory units varying as shown in Table 1. As we can see
in Figure 7, the results improve as the number of memory
cells is increased, reaching a maximum accuracy of 89.19%
in model 6.
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Accuracy (%)
LSTM 500
LSTM 300

89.19

LSTM 200
LSTM 100
LSTM 70
LSTM 50
LSTM 30
87

87.5

88

88.5

LSTM 500
LSTM 300
LSTM 200
LSTM 100

89

89.5

LSTM 70
LSTM 50
LSTM 30

Figure 7: LSTM comparison.
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0
LSTM 30
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LSTM 200

LSTM 300

LSTM 500

False good
False bad

Figure 8: LSTM comparison.

Figure 8 shows the results of the test separated by hits and
false positives. The model with the best result improved on
the predictions from previous models for negative reviews.
The second part of the experiment consisted of checking for a signiﬁcant variation when the number of ﬁlters
was changed in the CNN models. Speciﬁcally, we compared
models 8 and 9 with one another, yielding the results
shown in Figure 9. As we can see, the diﬀerence is not significant, and increasing the number of ﬁlters does not provide
any improvement.
To complete the study, we compared the results for the
previous models that yielded the best outcome (model 6
LSTM and model 8 CNN) with models 10 (two-layer CNN)
and 11 (CNN and LSTM). As Figure 10 shows, the LSTM
models exhibit the highest accuracy, a result that is not
improved by adding a convolutional layer.
Figure 11 shows that the best overall result for the
LSTM neural networks is based primarily on their better
prediction of positive results, in comparison to the other
networks trained.

Accuracy (%)

CNN 128

CNN 64

87.2

88.22

87.4

87.6

87.8

88

CNN 128
CNN 64

Figure 9: CNN comparison.

88.2

88.4
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CNN - LSTM
CNN 2 layers
CNN 64
LSTM 300

89.19

86.5

87
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88

88.5

89

89.5

Figure 10: Comparison of LSTM and CNN models.
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LSTM 300
CNN 64
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False good
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Figure 11: LSTM comparison.

4. Conclusions
In this paper, we considered the problem of predicting sentiment in tourist reviews taken from eWOM platforms for
hotels at an important international tourist destination. The
use of techniques and automatic tools such as those considered in this paper are very useful for tourism industry practitioners [3]. Speciﬁcally, the prediction of positive or negative
sentiment expressed by a tourist can be used in diﬀerent marketing and service management applications:

We used deep-learning techniques to devise diﬀerent
predictors based on neural networks, which were trained
with the extracted data to compare the accuracies of each.
The predictors evaluated were based on recursive neural
networks with cell LSTM and convolutional neural networks.
Diﬀerent designs were considered for each. The methodology
was checked by training and validating the model with samples taken from Booking and TripAdvisor.
The results show that LSTM neural networks outperform
CNN. The optimum result for CNN is attained with a single
convolutional layer and 64 channels. More layers or more
channels result in symptoms of overﬁtting. The LSTM neural
networks yield higher accuracies, with one LSTM with a vector length of 300 for the internal state yielding an accuracy
just over 89%, the highest for any model.
Finally, the results show that the better results of the neural networks are due primarily to their advantage when classifying the positive comments. They also show that
combining convolutional layers with recurrent LSTM layers
does not yield any advantages.

Data Availability
The comment tourist review data used to support the ﬁndings of this study have been deposited in the GitHub repository https://github.com/camartinULL/Deep_Learning_
Predict_Sentiments.
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