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Abstract

The tourism industry is now intimately linked to the web, as It was
one of the first industries to fit on digital transformation. The tourist is
more autonomous in organizing and preparing his trip, and the possi-
bilities of leaving at competitive prices are numerous. New technologies
have an impact on tourism and it is now necessary to think about com-
munication and marketing accordingly. Market places in Morocco are
reached by millions of tourists each year. Tourists share their experi-
ences in social medias to encourage or discourage other tourists who
are interested in visiting such places. The main goal of this work is
to propose a hybrid architecture based on Latent Dirichlet Allocation
(LDA) and Bidirectional Encoder Representations from Transformers
(BERT) with a latent space representation technique to perform topic
modeling and have as a result an idea of each tourist’s review and
particularly what he thinks about a specific market place in Morocco.

Keywords: topic modeling, latent dirichlet allocation, bert, latent space
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1 Introduction

New information and communication technologies have brought about pro-
found changes in today’s consumer society, from where they have become a
major challenge for the development of the economy of countries. Advances in
communication and information technology have brought about exponential
transformations in all sectors, especially tourism, hence social media has made
it easier for travelers to share their needs and experiences through comments
and reviews. on destinations. Finally, the massive rise of social media in the
tourism sphere has profoundly transformed the terms of exchanges between
travelers and brands. Tourism has moved from a basic field focused on tradi-
tional means to a new world with a new language called e-tourism and social
media.[1]
TripAdvisor is the world’s largest travel platform, helping 463 million travel-
ers every month to make every trip their best trip. Travelers around the world
use the TripAdvisor website and app to view more than 859 million reviews
and opinions on 8.3 million accommodations, restaurants, experiences, airlines
and cruises. In just a few years, artificial intelligence have completely trans-
formed the tourism and travel industry.[2] The use of these technologies has
notably made it possible to improve the customer experience both during their
trip and when making their reservation. In today’s world, where the amount
of unstructured text is drastically increasing (comments, blog posts, etc.), it
would be really useful to have tools that automatically structure information
[3], so that it can be quickly accessed what interests us, filtering the noise but
also detecting the appearance of new subject of interest. It is in this context
that the modeling of subjects intervenes which represents the spectrum of the
different approaches allowing this detection.

2 Litterature review

Much work has recently been undertaken in mixing the Latent Dirichilet
Allocation (LDA) and BERT to define topics, researchers are tending to use
these approaches for sentiment analysis purposes. In first instance, a work of
prospecting of monolingual and multilingual topics had been performed using
these two approaches, so as to analyze topic evolution in multilingual and
monolingual (Chinese and English) topic similarity settings[4]. LDA probabil-
ity had been multiplied by the averaged tensor similarity of BERT embeddings
to explore the evolution of the topic in scientific publications. To improve such
work in a deep learning context, an unsupervised approach had been proposed
for aspect term extraction from product reviews using a guided LDA model,
[5] a filtered and subjected N-grams by regular expressions to multiple filter-
ing stages.The methodology starts with a text pre-processing module and an
input sequence generation and filtration module to define a strong semantic
approach for aspect extraction. In second instance, Language Model Represen-
tations is being a subject of research to many researchers interested in topic
discovery, a recent work has been done to analyze the challenges of using PLM
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representations for topic discovery[6], and a mix of clustering approach with
a latent space learning are proposed build upon PLM embeddings. Techni-
cally, the latent space, topic-word and document-topic distributions are jointly
modeled so that the discovered topics can be interpreted by coherent and
distinctive terms and meanwhile serve as meaningful summaries of the doc-
uments. Another work has been published to focus on knowledge distillation
method LRC mixed with BERT based on contrastive learning [7] to fit the out-
put of the intermediate layer from the angular distance aspect with a gradient
perturbation-based technique applied on the training architecture to increase
the robustness of the model, which the potential of knowledge distillation and
then going for an experimental evaluation on 8 datasets using the General Lan-
guage Understanding Evaluation (GLUE) benchmark, which gave excellent
results.

3 Methodology

In this section we define the main concepts related to the proposed model.
In Section 3.1 we introduce the data pre-processing method. Section 3.2
describes research methods that has been followed to build the topic modeling
architecture.

3.1 Data pre-processing

3.1.1 Web Scraping

Web scraping is a technique for quickly collecting data online. The strength of
this technique lies in the fact that it makes it possible to extract large quantities
of data in a structured way. Given the growing importance of tourists for places
and markets in Morocco, and also the emergence of experience sharing, we
have developed an algorithm that automates the collection of tourist reviews
on the TripAdvisor website, and more precisely in the section of shopping
places in Morocco, by looping over 91 shopping places that are available, as
well as a collection process is completed on the opinions of tourists on each
place, taking the title of the comment, the content of the comment as well as
the rating of each comment. This web scraping algorithm was developed with
BeautifulSoup package on Python, so as to have total control of the content
of the section in question (e.g. Moroccan shopping places).

3.1.2 Data management

After collecting data from TripAdvisor, a process of saving and converting
data from unstructured to semi-structured and then structured, materializing
the scraping code with a semi-structured architecture that can be compatible
with NoSQL databases. However, there are samples which are missing and not
filled in by tourists, therefore the information is encapsulated in a key-value
structure and then saved in two JSON files (i.e. the first file contains comments
and rates, and the second file contains titles and localization of shopping
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places), in order to have a well presented and understandable architecture.
The sample below shows how look like the result of web scraping process:

{"Name": "Jemaa el-Fnaa",

"Title": "What a hoot",

"Comment":"A chaotic cacophony greets you when you

first enter the square and visually you are not

sure where to look first. Yes, there are

snake charmers but there are the monkeys, the

musicians, the henna artists the fortune tellers,

the food stalls, all vying for your attention.

Don’t fool yourself, they all want your money and

morally I am not sure of the animal treatment but

take it for what it is, take it all in and have

fun.

"Rating": "5.0 "}

To have a hands-on this data, we managed to convert the JSON files to
structured format so as the exploitation would be easy and figure out hidden
patterns statistically.

3.1.3 Data preparation

After loading these two files, and merging them into one large data set using
Pandas package, a cleaning process has been done: drop empty rows, undesir-
able data that would generate outliers in analysis (e.g. samples that contains
invalid reviews), and cast rating values to float since they are recognized as
string in raw data. The final shape of data has a size of 26244 rows and 4
major columns: “Name of the shop place”, “Title of the review”, “Review”,
“Rate”. The name of shopping place may be duplicated in function of reviews
number. Rate column contains 5 classes that we proposed to name them as
follows: “terrible” for 0, “bad” for 1, “regular” for 2, “good” for 3 and “excel-
lent” for 4. To prepare data correctly for analysis, a conversion process has
been done to the comments such as lower-casing text, cleaning it from punctu-
ation, links, emails, special characters and stop words. Stop words package is
set to English language since we are working on English reviews. A parallelism
mechanism has been applied to browse data and manipulate it easily without
having memory issues and long processing time using multi-threading CPU
pools. A pipeline of data pre-processing has been done to perform a dictionary
of words based on the data prepared in the previous section, starting with
applying SymSpell algorithm to finding all strings in very short time within a
fixed edit distance from a large list of strings, then detecting nouns and adjec-
tives using Part of speech tagging, and correcting typo of words, and finally
applying stemming.
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3.2 Research methods

This paper takes shopping places review data on TripAdvisor, and analyzes
using Latent Dirichlet Allocation and BERT model (LDA-BERT) and autoen-
coder to define the accurate topics of each review. Thus, there are several steps
of the research method.

3.2.1 Latent Dirichlet Allocation using BERT

To transform the prepared corpus into a digital representation, building a dic-
tionary is a must: for each word, a unique index would be assigned. For this
purpose, a sentence embedding process is launched: a sentence embedding is
an encoding method that aims to represent the words or sentences of a text by
vectors of real numbers, described in a Vector Space Model[8]. In other words,
each word of the studied vocabulary V will be represented by a vector of size
m. The principle of sentence embedding is to project each of these words into
a vector space of a fixed size N (N being different from m). That is to say,
whatever the size of the vocabulary, one must be able to project a word into
its space.
The sentence embedding used in this work is based on BERT[9], which is a
Transformers-like model (i.e. a model that works by performing a small con-
stant number of steps). At each step, it applies an attention mechanism to
understand the relationships between the words in the sentence, regardless
of their respective positions. BERT uses Masked Language-Modeling (MLM)
technique: it randomly masks words in the sentence and then tries to predict
them[10]. Masking means that the model looks both ways and uses the full
sentence context, left and right, to predict the masked word. Unlike old lan-
guage models, it considers preceding and following words at the same time.
To perform a topic model using the proposed sentence embedding, we used
the Latent Dirichlet Allocation (LDA)[11] which is a generative probabilistic
model for describing collections of text documents or other types of discrete
data. It belongs to a category of models called “topic models”, which seek to
discover thematic structures hidden in vast archives of documents. This pro-
vides effective methods for processing and organizing the documents in these
archives[12]: automatic organization of documents by subject, search, under-
standing and analysis of the text, or even summarizing texts. The LDA is a
3-layer hierarchical Bayesian model, each document is modeled by a mixture
of topics which then generates each word of the document.
And then a concatenation has been done with both LDA and BERT vector
with a weight hyper-parameter to balance the relative importance of informa-
tion from each source[13]. Combining sentence embeddings using BERT and
topics recognition mechanism using LDA would make the model more robust
as it will recognize particular patterns in tourism sphere.[14] Technically, two
vectors had been initialised: the first one is the LDA vector which is based on
the whole corpus, the created dictionary and a specific number of topics that
the LDA should focus on, in this work, number of topics is equal to 5, to avoid
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randomness in selecting related words, especially in a corpus that is hard to
apply an accurate prediction task, the second vector is the sentence embed-
ding vector that is totally collected from BERT embeddings file and then used
it to encode the sentences of the corpus. These two vectors are concatenated
with a weight hyper-parameter[13] of 15 applied on the LDA vector to fine
tune results of the concatenation. The choice of this weight hyper-parameter
is based on an experimental validation that we will introduce below.

3.2.2 Auto-encoder

Autoencoders are somewhat special neural networks that have exactly the
same number of neurons on their input layer and their output layer. The goal
for an autoencoder is to have an output closest to the input.[15] It contains
two elements: Encoder and Decoder.
The encoder is made up of a set of layers of neurons, which process the data
in order to build new so-called “encoded” representations. In turn, the layers
of neurons in the decoder receive these representations and process them in an
attempt to reconstruct the original data. The differences between the recon-
structed data and the initial data make it possible to measure the error made
by the autoencoder. The training consists in modifying the parameters of the
auto-encoder in order to reduce the reconstruction error measured on the dif-
ferent samples of the dataset.
The proposed model is to make a latent space representation using autoen-
coders, whereby the first stack of layers contains 32 layers and it’s considered
for encoding purposes, the ”bottleneck” part is for the latent space repre-
sentation where the topic modeling features are recognized and well matched
between each other, and then the last stack of layers are for decoding, while
respecting the shape of the output.

4 Results and discussion

In this work, a topic modeling algorithm has been implemented using a mix
between Latent Dirichlet Allocation and BERT embeddings, results are based
on the auto-encoding approach to match accurate patterns according each
review.[16]
Using the methodology described in the previous section, we aim to compare
the estimation and fit of various models that might do the same work as the
Latent Dirichlet Allocation and BERT combination. To evaluate the pro-
posed model, a parameter Γ has been initialized to give a relative importance
of LDA according the BERT embedding to balance weights between these
two patterns.[13] We looped over a range of Γ values to define the optimal
point, the plot below shows the results of learning and predictions of the
auto-encoder model based on a combination of gammas that we proposed :
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Fig. 1 Validation loss curve for each Gamma

As can be seen in Fig.1 the curves whose Γ values are greater than or equal
to 25, have loss values that start respectively with 0.18 and decrease by a step
of 2 for each Gamma value. For Γ = 55 which is the largest value, we see
that the curve starts from the value 0.18 and drains completely towards the
25 epochs and it continues to decrease slowly to reach about 0.09 in the 200th
epoch. For Γ = 45, the loss curve starts to decrease from 0.158 and then it
drains in 15th epoch and then, it continues to decrease very fast to the 45th
epoch steady pace around the 200th epoch. For Γ = 35, the work is done in the
same way as in Γ = 45 except that at the beginning the loss curve starts on
the value 0.14 and takes the same values as its previous one in the last epochs.
For Γ = 25, the loss curve starts from the same starting point as that of Γ =
35, but this time it decreases exponentially in the first 27 epochs, and takes a
constant pace until the 200th epoch. For Γ = 15, the curve starts at 0.12, and
drains until the 23rd epoch and registers a small drop around the 27th epoch,
and another around the 140th. And finally, for Γ = 5, it starts from the value
0.11, which is the small value and quickly drains towards the 5th epoch and
after it takes a constant pace until the end of the learning, touching the same
values than that of Γ = 25.
As a result, we can deduce that the Γ = 15 coefficient is the most balanced
coefficient so that we can bring to a balance between BERT embeddings and
LDA results. If we vary the values around 15, it will give practically the same
results, but the most optimal result is the one marked in the figure above.
Which tells us the following accuracy table which gives the results according
to each Γ value:

Table 1 Validation accuracy for each Gamma

Γ=5 Γ=15 Γ=25 Γ=35 Γ=45 Γ=55

0.8062 0.9981 0.9977 0.9966 0.9961 0.9928
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In the table above, the autoencoder model Γ = 15 gave the highest accuracy,
with a big difference in comparison to Γ = 5, which gave loss results that are
much better, and thus, for the other Gamma values, the results are much closer
than the result of the best score, in spite of the loss curves which were poor
in comparison with Γ = 15 and Γ = 5. These results explain that in spite of
the results of accuracy reach a score perfect in terms of learning and testing,
the loss curves are the only ones to demonstrate the ability of the model to
correctly predict the sequences of words and in particular the different topics
defined for a sentence, using the technique of Latent Space Representation
which is mainly based on autoencoders.
To do this, we must go through the visual presentation of the samples so that
we can be sure of the results defined by the model and see the consistency
of the predicted topics, as well as their semantics with the context of the
sentence.[17] Let’s take the example of the sample presented in section 3.1.2:

Fig. 2 Graph of predicted topics

The graph above is the prediction of the sample shown below using the
implemented LDA-BERT auto-encoder and the Dash Cytoscape for graph
visualisation. Results of predictions are shown as tokens, that are stored in
a list of 7 elements, these elements are the topics defined by the model. To
put these results in graph visualization, we used Dash Cytoscape that has as
a logic to define nodes, which are the predicted topics, and define edges, that
we defined them as categories: these categories are a set of words that are
compared to the predicted words, and then a word similarity [18] is calculated
using SpaCy package, the highest similarity value is the appropriate word to
define the semantic of the word. These categories are defined as an id of each
word.
The graph below shows that all the words related to the sample are attached
to the square, which means that the LDA-BERT autoenconder with Γ = 15
has proven a high comprehension of the touristic aspect of the dataset, the
general idea of the sentence is exactly the same as the predicted topic with the
appearance of time element which is not mentioned in the sentence literally,
but that the model understood it as a chronological element for the description
of the square in question.
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5 Conclusion

In this paper, a Latent Dirichlet Allocation and BERT embedding had been
mixed to build a Latent Space Representation model based on Auto Encoders
to predict topics of a sentence that talks about a touristic shopping place. We
have seen through the previous sections, the results of the model while vari-
ating the Gamma coefficient that is able to calibrate the embedding weights
and LDA results, and we chose the best score based on the accuracy and loss
results.
Furthermore, this work would introduce a new challenge related to
clustering[19], whereby we will present a bunch of clustering models based on
meta-heuristic approaches and clustering algorithms to evaluate accurately the
most frequent topics in a giving shopping place.
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