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Abstract: This paper presents an alternative of solution based in artificial intelligence to simplify the human
effort that implies the analysis of the impact for businesses of their publications in social networks services.
This analysis is very important because the audience manifest its opinion mostly in texts that must be
processed one by one to know their content and use it in benefit of the business, this implies the use of
resources to read each comment and extract characteristics that make possible to determine whether the
comments are, positive reactions or negative. Our solution can obtain most effective reports than the ones
generated by manual procedures, it means that demands less resources and leads to the save of time and
money during the extraction of the answers to a Twitter’s publication. We use BOEW and Word2vec to
generate the characteristic vector for each of the answers. Finally, to make the sentiment analysis we use
statistic classification models to polarize comments.
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1. Introduction

In the era of information in which we live, Internet becomes a repository of billions of data that we
generate any time we use a product that is in the web or any time we do something on the web like in web
pages, applications, tools and so on. Companies consider Internet as an enormous source of data that when
is analyzed correctly, it helps them to know more about their clients and it also helps them to know more
about their potential clients and what they are interested in, they can also use this data to improve the
customer experience of the products or services they offer, in addition it helps shedding light on which new
products could be offered, reducing the uncertainty associated to whether they will be accepted or not [1].

One of the most common trends in recent years, is to be a user of a Social Network Service (SNS) being
the most popular Facebook, Twitter, Instagram and LinkedIn. The SNS that we have just mentioned are
often erroneously called "social networks", since as Campuzano says, H. a social network refers to a form of
interaction between a few people who share common interests or activities, and the current concept of
social network refers to the way in which this group develops its relationship activity, that is to say, those
that are part of this social network do not have a face-to-face relationship but rather develop it virtually
through the Internet, so Online social networks have their origin and are developed through electronic
channels and in view of this need, the SRS are born and the service they offer is basically to publish content
of interest in many different formats, from multimedia to text only and to share it with other users. [2] In
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this way, Social Network Services become a very attractive source to analyze and obtain from them what
people think or think about current events, companies, services, products, etc. A type of content that is
frequently generated in the environments we have just mentioned are the comments that are expressions
of opinions that express the reactions aroused in users by the content they consume in social networks
services. Interpreting the trends of the comments is very important for an organization, since it describes
the perception that the audience has of a specific company or product and of the image that the
organization projects to the public too [3].

Likewise, exploiting and analyzing the content of social networks has caused interest in researchers as
well as in the companies themselves and, therefore, analytical techniques have been developed which allow
to know in broad strokes the satisfaction and the opinion of the customers respect to a certain topic, this
type of study is known as "Opinion Mining" [4].

Opinion Mining is a set of multidisciplinary processing techniques that allow us to extract useful aspects
of one or more texts, but how are those aspect useful? To enrich the information we extracted from the
previous procedure, we use sentiment analysis to classify different opinions into groups or clusters
according to their characteristics, commonly in the simplest techniques, opinions or groups are usually
polarized in two, either positive or negative [5], but if the interests are more specific, it can be grouped into
more groups depending on how you wish to work on them. Statistical classifiers that apply supervised or
unsupervised classification techniques are used to achieve this classification. For our project we work with
a database of comments with an assigned classification which makes our classifier supervised. [6]

So, what our solution suggests is that after entering the URL or link to a publication on Twitter (Tweet),
the algorithm processes all the comments (response Tweets) that have been made in the original Tweet
and indicates us the proportion of positive and negative comments so that the user can interpret them
according to the business and speed up the decision making or assure a more objective conclusion about
the effectiveness of a specific publication. Despite, our research topic is recent, its applications generate a
high added value to companies. In order to publish this paper, all members afforded for it, we didn’t receive
any support from the institution.

2. State of Art

To make a system of sentiment analysis we must keep in mind that there exist phases and methods that
help to complete this task. For this reason, each method must be validated individually and choose the one
that gives us a better result in each phase. The phases in a sentiment analysis method are: Collection,
Preprocessing, Mining and Analysis [7].

The comments we collect from the social network services are transformed into vectors and stored in a
list. The process of converting words to vectors is done because analyzing words for an algorithm is simpler
if these words are transformed to numbers, in this case vectors, help to get a better learning performance
for the system grouping each word of the comment by its similarity or by the nearest.

Previous work presented by Mikolov Tomas at the conference on neural information processing systems
2013 (NIPS13) shows the skip-gram model, which consists of a larger learning method containing word
vectors based on a large amount of data unstructured After using the groups of models we obtain a stock
exchange the same ones mentioned by mikolov [8] in their work The Word2vec model and its applications
have attracted the attention of a large automated learning community.

These vector representations of the words learned by the model have been shown to have semantic
meanings, which are useful for performing different tasks such as the natural processing language. The
WordZ2vec model is needed to use the architecture models to proceed to the distributed representation of
words. These models are continuous bag of words (CBOW) or skip-gram. [9] In the CBOW architecture, the
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model predicts the current word in a set of surrounding words from the same context. Skip-gram,
contrarely, predicts the set of surrounding words using the current word.

CBOW Skip-Ngram
input projection output input projection output
W2 O W2
W 0 W-1
> Jwe w4 RO
Wi Wi
We ) W2

Fig. 1. lllustration of the skip-gram and continuous bag-of-word (CBOW) models.

These 2 architectures [10] are very used however, some authors CBOW is faster than skip-gram but this,
works better with infrequent words. In the Word2vec model, it has input values which represent a vector
with the values of the word we are dealing with, on the other hand, the output ones that are words related
to the input vector depending on the architecture used.

The first step of the model is to build a vocabulary of training text and then through this, learn the vector
representation of the words. The resulting vector can be used in many applications of natural language
processing and automated learning. A simple way to find out the representations learned is to find the
closest word according to the word specified by the user and by applying distance, find the closest value.

This model aims to create a numerical representation of a document, regardless of its length. The concept
that Mikolov & Le, have used, is not complicated but is weighing in ways that using the Word2vec model to
add an additional vector as an identifier. [8]

A small extension of the CBOW model is used but instead of using only words to predict a next word, a
feature vector with unique identifier is added for the document. Word2vec is trained to complete the words
surrounding the corpus, but it is also used to estimate the similarity or relationships between the words. It
has been proven that with better adjustments, you can obtain a higher performance of the Word2vec
model.

In order to determine if the comments are positive or negative, we use statistical classifiers that we train
with each of the Word2Vec and Doc2Vec models that we generate. We chose to use SVM, K-means and
Neural Networks, the first two classifiers are used because they are the most used for machine learning, as
shown by Godoy, A. [11] and we use neural networks because as it is made up of very effective genetic
algorithms for the selection of characteristics, they drastically reduce the number of characteristics and
thus improve even its performance as a classifier [12].

3. Methodology

As we want to apply sentiment analysis to the comments of customers, we will use text mining
techniques to classify these comments into two groups, positive reviews and negative reviews. For this, we
have proposed to follow the following stages:

3.1. Stage 1: Database Preparation

For this project, we obtained a very significant number of records of real customer service comments
from an important bank. The data was extracted from an Oracle PL / SQL database to a plain text format to
facilitate the treatment of it. The data has approximately of 40,000 records.

For this project, we used the fields "Comment", which gives us the opinion about the attention received,
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and the field "Evaluation” which gives the respective score of the "Comment" field in a scale from 1 to 5. It is
important to highlight that the most recommended data extraction formats for this type of work are txt, csv
and xlIsx. To polarize the comments, we decided to transform the values of evaluation 1, 2 and 3 into 0 and
4,5 to 1, it is understood that 1 is equivalent to positive and 0 to negative so, we have two classification
groups.

We needed to clean the database that’s why we standardized it, this is because there are many null
records or information that does not help us with the proposed objective. We have used the Python
programming language to make use of its libraries in the cleaning of our data. First all the comments were
passed in lowercase, then the punctuation marks are eliminated, likewise, eliminate null records and
numbers.

3.2. Stage 2: Preprocess

After having extracted the comments, we proceeded to perform a preprocess by cleaning the comments
you want to use for the sentiment analysis.

Therefore, the data must be standardized. This part of the treatment was also done in Python. The
following techniques were performed:

e  Stops Words: This technique eliminates the non-significant word of the data.
e Upper To Lower: Convert all the letters of the comment in lowercase.
e Remove signs: Remove the sign of comments and even convert some signs that have some meaning
in a word (Example the sign ":)" represents "happy")
After doing the respective cleaning process, we proceeded to make a transformation to each comment

which consists of tokenize (divide it into the minimum unit to study) all the words of the comment. This
causes that the comment becomes an arrangement of words.

3.3. Stage 3: Generating Vectors

The multivariate predictive models or classification employ variables of the qualitative type, which was
considered the main problem of the comments since it is not of quantitative type, that’s the reason why the
process of vectorization of the comments was carried out, this means finding a relative equivalent on a
numerical scale.

In our research we found various vectorization techniques and we have considered Word2Vec for its
efficiency and precision. Once the data was cleaned, we proceeded to perform the vectorization we
mentioned before, for that we used Python programming language. We cleaned all the comments using a
function developed in Python.

Size Min
1 50 2
2 50 5
3 50 10
4 100 2
5 100
6 100 10
7 200 2
8 200
9 200 10

Max

Fig. 2. Size vector and Min_count.

Likewise, we generated another function using Python’s gensim library and the module Word2Vec to
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generate the characteristic vectors of each word by passing as main parameters of the function the size of
the vectors (number of dimensions of the characteristic vectors), the Min_Count (the amount of times a
word should be repeated to be considered in the model), etc. Then we must generate the characteristic
vector of the whole comment averaging the characteristics vectors of the words in each comment.

We did an exhaustive analysis to vectorize the comments we extracted from social network services and
we used different Size_Vector and Min_Count to get the best model. The models we generated are listed in
Fig. 2 [13].

Having the comments vectorized, any multivariate classification techniques can be used. Having
numerical information helps greatly in explaining the situation. Specifically, we can build conglomerate or
cluster analysis models. For this sentiment analysis we rely on three models: K-means, KNN, SVM and
Neural Networks. The scikit-learn library was used, which contains the models mentioned above.

The summary of the applied methodology can be seen in the following figure [14].
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Fig. 3. Methodology.

3.4. Stage 4: Improvement of the Model Using BOEW

Once we have a base of clean comments and we have also generated several Word2Vec models with
different values for size, min_count and windows, having already tested their accuracy with statistical
classifiers, we choose the one that gives us the best results for our database of comments. If a comment of n
words is processed by a word2vec model, it will result in n vectors of size equal to the size parameter that
the word2vec model has chosen.

Now, if we pass all our base of comments through a given model word2vec, we get as many vectors as
words have the bag of words of the model, all with the same size that is equal size parameter of the model,
graphically the word bag of the model is represented as a cloud of points in space.

To group this point cloud, we apply K-means, that is, we define a value k equal to the number of centroids
or groups that we want to have to build our BoEW model. The ideal number of k, we will not know until we
perform the accuracy tests of each model we generate, but according to the experiments we did, it is
advisable to test k values that correspond to the minimum number of words in the comments to be
processed, the average number of words They have the comments and the maximum number of words that
the comments have.

Finally, for each comment of our database described as n vectors per word, we create a vector A of size k
(number of centroids or groups) in which each component of vector A represents a centroid and we
initialize it to 0. We proceed to fill it according to the number of words per centroid the comment has as can
be seen in the following image[15].
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BoEW
Modelo Word2Vec, Size = 4 & Kmeans K=3

o | Palabral [ . ., . ] -»Centroide =3
T | Palabra2 [_._._._] ->Centroide =2
E Palabra3 [ _, , , | -» Centroide =3
g Palabra4 [ , , , ] ->Centroide =2
O |Palabra3 [_, ., . ] ->Centroide =1

Kmeans: K=3 [0,0, 0]

Nuevo Vector ‘
Caracteristico ->[1,2, 2]
de Comentario

Fig. 4. BOEW model

The numbers that we assign to the vector initialized in zero is according to how many words in the
comment belong to each centroid. Assuming that the first word is closer to the centroid 3, the first
component of the vector is added 1, if the next word of the comment is closer to the centroid 2, 1 is added
to the component 2 of the characteristic vector and so on. In this way, a vector is constructed that
represents the number of words per centroid of a given comment. The sum of all the components of the
characteristic vector is the total number of words in the comment.

Finally, the characteristic vectors obtained are standardized and statistical classifiers are used to
determine the polarity of the comments, to which category they belong or of what type they are. All the
codes that we use to implement the solution that we present in this paper can be found at the following link:
https://github.com/tutorin/analisis_post/

3.5. Results

Each point mentioned in the methodology of the present project has been registered, giving proof of the
use of the Word2Vec model and the different steps mentioned.
For this, the following figure [16] with the respective results is presented:

Experimentos | Size | Min. [Redes Neuronales| SVM | K-means
1 50| 2 0.823 0.820( 0.285
2 50| 5 0.821 0.817| 0.291
3 50| 10 0.820 0.813| 0.282
4 100( 2 0.813 0.815( 0.712
5 100| 5 0.817 0.813| 0.291
6 100{ 10 0.823 0.811| 0.286
7 200( 2 0.822 0.813| 0.286
8 200( 5 0.825 0.811| 0.288
9 200( 10 0.816 0.803| 0.286

M&. 0.825 0.820( 0.712

Fig. 5. Accuracy by Word2Vec experiment.
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https://github.com/tutorin/analisis_post/

Here the use of Word2Vec is shown using different Size and Min_count that were proposed for the work,
in addition the accuracy is shown with different methods to know the conformity of the measured value
with its true value. It should be noted that the best accuracy found is that of 0.825 using a size of 200 and a
min_count of 5 and using the statistical classifier of neural networks. Therefore we proceed to test different

values of K to obtain the best classification accuracy using BOEW. The results can be seen in the following
tables [17]-[20].

K=5

Size |Min|Redes Neuronales| SVM | K-means| KNN

200( 5 0.767 0.767| 0.378 (0.751

Fig. 6. Accuracy for BOEW experiment with K =5.

K=15

Size |Min|Redes Neuronales| SVM |K-means| KNN

200] 5 0.788 0.793| 0.362 [0.775

Fig. 7. Accuracy for BOEW experiment with K=15.

K=20

Size [Min|Redes Neuronales| SVM |[K-means| KNN

200( 5 0.799 0.804| 0.363 (0.779

Fig. 8. Accuracy for BOEW experiment with K =20.

K=25

Size |Min|Redes Neuronales| SVM |K-means| KNN

200( 5 0.797 0.810( 0.641 (0.787

Fig. 9. Accuracy for BOEW experiment with K =25.

We can conclude that greater accuracy is obtained when K takes the value of 25 and using the SVM
classifier and is 0.81.

4. Conclusions

A system of sentiment analysis is very useful and of valuable application in companies. Since it adds value
in the organization by providing concise and accurate information about the opinions of people made on
social networks. The proposed model shows us a great precision when distinguishing a negative tone
comment from a positive tone comment. It is important to emphasize that we can improve the proposed

229 Volume 14, Number 3, March 2019



model, by adding more comments in the training, and trying with different parameters for each method.

On the other hand, as a group we would like to launch a web platform so that it can be accessed by
companies through the creation of an account and a subscription so that they can obtain Insights and
analyze the performance of the posts in their social networks services and measure the impact on
customers. To reduce the margin of error, Cross Validation techniques and apply deep learning techniques
can be used.
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