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Abstract: In this paper we describe a method which combines sentiment analysis with machine
learning techniques and/or multivariate statistical analysis. By applying this methodology it is
possible to classify a collection of texts into two or more groups or clusters. On the basis of a number
of previously defined clusters, the novelty of the outlined approach is the use of the sentiment
analysis results as input to the machine learning model or multivariate statistical analysis. Once the
classifier has been obtained, we can assign a given text into one of the pre-established clusters. The
groups or clusters can represent different time periods, classes of texts transcribed from different
conversations, etc. The method is illustrated through an example taken from one of the two studies
in which we have applied this methodology. In one of the studies, the method was used to classify
press news of a volcanic eruption, while in the other study it was used to classify the conversations
recorded between a chatbot with different kinds of speakers (humans or chatbots). This last study
was the seminal work in which we introduced this methodology.

Keywords: sentiment analysis; text classification; machine learning

1. Introduction

Nowadays sentiment analysis or opinion mining is a common Al tool in many disciplines. The
possibility of measuring and therefore quantifying the emotions expressed by its author in a text can
have many applications. For example, the analysis of the conversation (Lahoz-Beltra and Lopez 2021)
held by a chatbot with a human or with a non-human interlocutor, i.e. other chatbot; the analysis of
news published in the press about a natural disaster (Navarro et al. 2023), etc.

In this paper we explain step by step a procedure introduced in (Lahoz-Beltra and Lopez 2021)
that allows to take advantage of the result of the sentiment analysis in a set of texts for their
subsequent classification into two or more clusters. The contribution of the method is the way in
which the results or output of sentiment analysis are used to build the data matrix which is the input
to the classification method. Once the classifier is obtained we will be able to classify a given text into
a cluster. The classification methods we use are techniques of machine learning and/or multivariate
statistical analysis. In order to illustrate the general method, we will use an example from (Navarro
et al. 2023).

2. Materials and Methods

Let’s assume that we want to classify a collection of texts into two groups. In this paper, as
mentioned above, we will use an example from (Navarro et al. 2023). In this study, the goal was to
classify into different groups or clusters the press articles reporting on the eruption during 2021 of
the Cumbre Vieja volcano on the island of La Palma (Canary Islands, Spain). For different purposes
the press articles were classified in two or more groups or clusters. For example, the news were
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successfully classified by distinguishing those published in the national press from those published
in the foreign press. Likewise, the news were also classified into more than two clusters, successfully
identifying for one newspaper item the month during the volcanic eruption in which it was
published. Thus, the news were classified in the month in which it was published based on the
emotions expressed by the journalist during the writing of the story.

Figure 1 shows the work flow of the methodology. In accordance with the protocol, the texts
were classified with different criteria and classification techniques. In particular, in the studies
(Lahoz-Beltra and Loépez 2021), (Navarro et al. 2023) we applied the following classification
techniques: discriminant analysis, perceptron neural network, logistic regression model and
probabilistic neural network. Obviously, other classification techniques could also be applied.
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Figure 1. Once the texts to be classified have been selected, we assign to each text the value of a
categorical variable labeling its membership to a particular group or cluster (1, 2... k) on the basis of
some qualitative feature (month of volcanic eruption, national/foreign press, etc.). Next, according to
Figure 2, we apply sentiment analysis to the texts. Finally, using the data or training matrix obtained,
we proceed to the classification of the texts, resulting in the subsequent multivariate or machine
learning classifier.
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Figure 2. Sentiment analysis protocol. (A) Given a text (.TXT file) it is normalized obtaining a clean
text broken down into sentences (B). Using a Lexicon (C) the words of the text are assigned to one of
eight basic emotions and two sentiments, representing the text under analysis by a sentiment vector.
The elements of this vector represent the paragraphs, each element being a numerical value
accounting for the computation of the emotional charge of the words comprising a paragraph. In the
figure we have depicted the vector with three faces showing the emotions reflected in e.g. three
paragraphs of the text. From the elements or numerical values of the sentiment vector and the values
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of the sample statistics summarizing the information in the vector we obtain a new vector, the output
vector, for the emotional and sentimental content of the text (D). The output vector is made up of 16
elements computed from the results obtained from the sentiment analysis.

2.1. Sentiment Analysis or Opinion Mining

The aim of the sentiment analysis is the quantitative analysis of a text by extracting subjective
information from an analysis of the polarity, i.e. the positive or negative connotation of the words in
the text. By applying this technique, it is possible deduce the emotional or affective state expressed
by the person or persons who wrote the text. The procedure was conducted according to the
following experimental protocol (Figure 2).

In the studies (Lahoz-Beltra and Lopez 2021), (Navarro et al. 2023) in which we have applied this
methodology, the selected texts were analyzed by applying text mining techniques with Syuzhet 1.0.6
(Jockers 2023) and RStudio 1.1.419 packages (Figure 2). Text mining methodology based on R was
taken and adapted from (Mhatre 2020), publishing as supplementary material in (Lahoz-Beltra 2024)
the R script that we applied in the aforementioned studies and in the present work.

The sentiment analysis was performed with version 0.92 of the NRC Word-Emotion Association
Lexicon (Bravo-Marquez et al. 2016), (Mohammad 2013). This lexicon is a list of English/Spanish
words and their associations with eight basic emotions (anger, fear, anticipation, trust, surprise,
sadness, joy, and disgust) and two sentiments (negative and positive). In total, the lexicon contains
14,182 unigrams (words) and more than 25,000 meanings. The NRC lexicon can be explored in depth
through an interactive visualization on the NRC website (Mohammad 2024), where the number of
words associated with each emotion, word-feeling associations, and word-emotion associations can
be looked up.

Suppose we wish to classify the news (Navarro et al. 2023) in two or more groups or clusters.
Next, using the R script (Lahoz-Beltra 2024) we will describe the main steps of the sentiment analysis
method (Figure 2) that we applied to the above mentioned studies, and how we obtained the data
matrix that we later used to classify the texts into different groups. We will use as an example to
illustrate the method the text of the press release shown in Figure 3:

Archivo _Edicidn _Formato_ Ver_ Ayuda
More than 6,000 people have fled from lava that has buried hundreds of homes since the eruption began on Sunday. Four earthquakes hit A
the island shortly after the new eruption vent opened. Local officials said the lava could trigger a chemical reaction that causes
explosions and the release of toxic gases when it reaches the sea. Marine authorities have established an exclusion zone of two
nautical miles (3.7km) at sea, in the area where the lava is heading. This was done "to prevent onlookers on boats and prevent the
gases from affecting people”, the president of the island’s council, Mariano Herndndez, said. Experts told local media the lava is
expected to reach the sea on Tuesday. Residents have been told to stay away from the area, which has been cordoned off by police. By
Tuesday afternoon, the largest lava flow had entered the town of Todoque, travelling at about 200 metres per hour (9.07 mph),
authorities said. Families raced to save what they could from their homes in a two-hour window granted by emergency workers. Regional 1
leader Angel Victor Torres said emergency services were powerless to stop the lava's “inexorable” advance to the sea. In the meantime,
the lava continues to spill down the volcano's western flank, destroying everything in its path. Earlier, the EU's Copernicus service
estimated that the lava had covered 103 hectares (1 sq km) and destroyed 166 houses. A satellite image showed the lava's path down the
mountain. Citing the mayor of El Paso, Sergio Rodriguez, the Cadena SER radio station reported that as many as 300 homes had been
destroyed by the lava so far. Currently, no casualties have been reported, but footage showed lava overwhelming roads, farms and
swimming pools on the island, which is popular with tourists. There were mandatory evacuation orders for four villages, including E1
Paso and Los Llanos de Aridane, and temporary shelters have been set up.

“This 1s a catastrophe’ | 2

“"We are very worried because we don't know when we will return home,” one evacuee, Ana Guadalupe Gonzalez, told Spanish public radio.
Fearing her home might be engulfed by lava, she said she “ran out of there and left many things, such as our pets”. Another local named
Laura told Cadena SER radio she and her family were given warning about the eruption but had no time to prepare for the evacuation. "My
house is not affected, but my neighbours have lost their houses, their small businesses. This is a catastrophe,” she said. Spanish TV
reported that one primary school had been destroyed by the lava. The director of the Los Campitos school said the families of at least
half of the school's 23 children had also lost their homes. Domingo Guerra, a priest from El Paso, told La 1 TV he had lived through

previous volcano eruptions on La Palma in 1949 and 1971. “The situation now is much more worrying, disturbing and overwhelming,” he 3
said. Spain's Prime Minister Pedro Sinchez has delayed a trip to a UN summit in New York while he oversees ongoing rescue efforts.
Aviation authorities said the eruption had not affected air traffic in the Canary Islands. The volcano lies in the south of La Palma
island, which is home to around 89,000 people. It last erupted 50 years ago in 1971. Scientists are unsure how long this eruption will
last. A spokesperson for Spain's National Geographic Institute told the BBC that past eruptions on La Palma have lasted between 24 and
84 days.

So far, the Cumbre Vieja eruption has emitted between 7,997 and 10,665 tonnes of sulphur dioxide (S02) per day into the atmosphere,
according to the Vulcanological Institute of the Canary Islands (Involcan). That gas reacts with oxygen and moisture in the atmosphere 4
to produce vog, volcanic smog, and acid rain, science journalist and volcanologist Dr Robin George Andrews told the BBC. But the

biggest threat to residents was the lava, he said.

[the dangers of lava When lava comes into contact with ocean water, it produces a gas plume known as laze. A portmanteau of lava and
haze, laze forms through a series of chemical reactions as hot lava boils the colder sea water. "It creates a steam of hydrochloric
acid, water vapour and bits of ash,” Dr Andrews said. "Obviously, it's not good to breathe in." Laze plumes can cause eye, lung and
skin irritation but should not be a problem if residents keep their distance, he said. Volcanic explosions were also possible, he 5
added, because lava entering sea water creates "a pressure-cooker situation” that "might fling out volcanic debris”. There was an

incident in Hawaii where a chunk of molten rock, known as a lava bomb, crashed into a tourist boat off Hawaii's coast in 2018, injuring
23 people. Dr Andrews said the cordon in the sea off La Palma indicated "they're taking this seriously and not even willing to risk
someone even getting near it".

Figure 3. Text file with the news item analyzed with the script in R (Lahoz-Beltra 2024) to describe
the methodology. The text describing the eruption of the Cumbre Vieja volcano was published in
foreign press, consisting of five paragraphs as shown in the figure. The text to be analyzed was edited
with Notepad++ (News source: https://www.bbc.com/news/world-europe-58636707).
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2.1.1. Text Normalization

First, the text was normalized, i.e. depurated and cleaned, and then broken down into smaller
strings or sentences. Normalization is necessary because a text contains words in different tenses,
plurals or words derived from other words. This process involves different tasks such as correcting
spelling, removing punctuation marks and special characters, converting acronyms to regular
expressions, converting uppercase to lowercase, etc. The result of this step resulted in what is
known as a sentiment vector. A sentiment vector is a vector whose length or number of elements is
the number of paragraphs (Figures 3 and 4) comprising the text to be analyzed.

REFRERERBRRRRFRERERERERRR R AR A RE R R R RS EEE
# Display e.g. 15 most frequent words #
R i
head(dtm_d, 15)
word freq
///;ava lava 22
said said 13
erupt erupt 10
sea sea
home home
island island
told told
palma palma
volcano volcano
author  author
destroy destroy
evacu evacu
paso paso
peopl peopl
\\\yater water

=

WYY NN

HSAEBBBUVVNNN

-

HREBERRERRERRERRBHRBHRRBERBERBERBREEE
# Sentiment vector: syuzhet vector #
FEBERBERRERRBHRBR BB ER BB AR B AR B R REREE

VYV AVEVEY,

syuzhet_vector <- get_sentiment(text, method="syuzhet")
head(syuzhet_vector)
3.95 | /x

v

[1](-8.70 0.00 -8.45 -2.95 -

> summary(syuzhet_vector)
Min. 1st Qu. Median Mean 3rd Qu. Max.
-8.70 -8.45 -3.95 -4.81 -2.95 0.00

’ B

Figure 4. Sentiment vector and sample statistics of the text shown in Figure 3. Once the Lexicon has
been applied to the text, we obtain the (A) sentiment vector with the numerical values that indicate
the emotional content of each of the five paragraphs of the text, i.e. -8.70, 0.00, -8.45, -2.95, -3.95
from the first to the fifth paragraph. Note how all but the second paragraph express negative emotions
about the volcanic eruption. (B) Univariate sample statistics obtained from the five values of the
sentiment vector. (C) Frequency table of the most frequent words in the analyzed text.

2.1.2. Sentiment Vector

Next, and secondly, a numerical value was obtained for each element (or paragraph) of the
sentiment vector (Figure 4). The resulting numerical value represents the rating received by the
words of the paragraph according to their emotional load or sentimental charge. In addition, and at
this step, from the values of the sentiment vector an overall statistical evaluation (Figure 4) of each
text is obtained. This global statistical evaluation of a text comprises the following univariate sample
statistics which are calculated from the numerical values of the sentiment vector: the minimum value

(Min), the first quartile (Q1), the median (Me), the mean ( x ), the third quartile (Qs) and the maximum
value (Max).
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2.1.3. Emotions and Sentiments

Following, and in third place, the number of words associated with the basic emotions was also
calculated (Figure 4), obtaining the percentage of words associated with each of the emotions
expressed in the text. In this step, we also obtained the total number of words (Figure 5) associated
with the eight emotions (anger, fear, anticipation, trust, surprise, sadness, joy and disgust) and two
sentiments (negative and positive).

# Emotion classification table #

VVVVY

d<-get_nrc_sentiment(text)

anger anticipation disgust fear joy sadness surprise trust negative positive
7 5 1 3 4 15

oo

1 3 6
2 0 0 0 0 0 0 0 0 0 /\
3 4 7 al 8 1 5 5, 5, 12 10
4 3 0 0 3 0 0 1 1 4 2
5] 4 2 2 5 1 B3 3 2 10 5
> # sum of columns
> df<-colSums (d)
> df

anger anticipation disgust fear joy sadness surprise trust

18 14 6 31 5 14 13 14 B

negative positive
41 32

> # calculation of the valence in each paragraph
> valence <- (d[, 91*-1) + d[, 10]
valence

>
1]
) C

Figure 5. Emotions and sentiments. (A) Table showing for each of the five paragraphs of the text
(Figure 3) the number of words associated with the eight emotions (anger, fear, anticipation, trust,
surprise, sadness, joy and disgust) and two sentiments (negative and positive). (B) Sum of columns
of the table shown in (A). (C) Calculation of the valence in each paragraph by subtracting from the
number of words expressing positive sentiments the number of words associated with negative
sentiments.

We calculated the valence as shown in Figure 5. The valence or hedonic tone is a feature of
emotions, which can be positive, negative or neutral. Positive emotions are expressed by words such
as good, great, etc. while negative emotions are expressed by words as for example bad, hate, etc.
The value is obtained in each paragraph by subtracting the number of words expressing negative
feelings from the number of words expressing positive feelings.

2.2. Data or Training Matrix

Sentiment analysis was carried out on the selected texts, regardless of the group or cluster
assigned. Consequently, once the procedure (Figure 2) has been applied to a given text, e.g. the text
shown in Figure 3, its emotional and sentimental content is summarized in an output vector with the
following elements: the number of words expressing emotions - anger, fear, anticipation, confidence,
surprise, sadness, joy and disgust — as well as the number of words reflecting negative and positive
sentiments. In addition, this vector also includes the values of the univariate sample statistics of the
sentiment vector, i.e. the minimum value (Min), the first quartile (Q1), the median (Me), the arithmetic

mean ( x ), the third quartile (Qs) and the maximum value (Max).

In summary, the ‘emotional baggage’ of a text, e.g. the text of Figure 3, is transformed with the
script (Lahoz-Beltra 2024) into the elements of an ‘output vector’ which summarize the results of
sentiment or opinion analysis. Information contained in the output vector has a descriptive and
predictive value which will be useful for classifying texts into different groups or clusters. Once the
output vectors of the analyzed texts have been obtained, the data matrix is constructed, and the texts
will be classified into one or more groups through machine learning methods or multivariate
statistical analysis.
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The output vector (Figure 6) of a given text is defined with the following array of numerical
values. Let Xjj be a predictor value j (=1, 2... 16) of the text i that has been analyzed with (Lahoz-
Beltra 2024). The descriptor variables state the number of words from text i expressing;:

Xii: anger.

Xiz2: anticipation.

Xis: disgust.

X fear.

Xis: joy.
i6: sadness.

Xiz: surprise.

Xis: trust.

Xio: negative sentiments.
Xio: positive sentiments.

e o o o o o o o o o
N

‘Bvecocomucn |

i anger anticipation disgust fear joy sadness surprise trust
2 18 14 6 31 5 14 13 14
3 negative positive

4 41 32

5 Min. 1lst Qu. Median Mean 3rd Qu. Max.

6 -8.70 -8.45 -3.95 -4.81 -2.95 0.00

7

8

©

10 |

Figure 6. The figure shows the output vector resulting from the sentiment analysis of the text shown
in Figure 3.

In addition, the following values calculated from sentiment vector are also included:

e X minimum value (Min).
e X first quartile (Qu).

e Xis median (Me).

e  Xiu: arithmetic mean (x ).

e Xis: third quartile (Qs).

e Xie: maximum value (Max).

As aresult of the application of sentiment analysis to a collection or sample of N texts, a data or
training matrix (Figure 7) is obtained for the sample of texts analyzed. In this matrix we place in
sixteen columns (j=1, 2... 16) the predictor values and the texts items in rows (i=1...N).

Since the data matrix is in the present example a training matrix, i.e. we use supervised
classification methods, we included a seventeenth column for a group variable labeling the group or
cluster number. For instance, in the study (Navarro et al. 2023) which we have chosen to explain the
method Xii7 is the group variable. Thus, Xu7=1 for news published in the first month of eruption
(September), Xi7=2 for press releases printed in the second month of eruption (October), etc.
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Fecha Fuente  Anger  Anticipation Disgust Fear Joy Sadness surprise  Trust Negative positive  Min 1stQ Median  Mean ada max
17:sep. Reuters 4 3 o 8 0 4 8 6 10 Bl -025 o ) 025 1 1
17-sep. Garda 2 6 ) 7 ) 2 a 6 10 6 2 2 2 amm 1 ) 1
19-sep. Reuters 18 8 1 2 a s 1B b 2 18 15 12 05 04395 02 1 1
20-sep. BBCUK 3 7 1 16 3 s 15 6 2 Y a6 0715 05 01812 0375 165 1
20-sep. BBC 2 18 2 w“ s 1n 30 17 a9 2 2 075 05 03397 0 165 1
21-sep. B8C 35 1B 6 ) B 1 18 1n 6 35 215 1275 -0875 07986 0325 04 1
22:sep. Aljazeera 12 6 4 20 2 7 9 3 ) u 225 -11875 05 08167 -025 03 1
22-ep. NY Times. 2 15 6 % 6 8 1 n 2 3 46 125 035 057 3 185 1
23-sep. Reuters 15 B 6 2 B 3 u 8 33 18 225 A5 0975 08375 0425 1 1
24-sep. The Guardiat 3 s 2 2 2 2 u 8 35 2 s 2 45 a3 0 2 1
27-5ep. CNN Reuters 12 1u 2 2 0 s 12 s 2 15 245 1575 06 08 o 07 1
27-sep. The Local 12 9 6 1 1 4 9 8 N 9 335 115 08 08154 0 075 1
29-sep. Euronews 2 20 1 3 6 14 1 9 50 37 215 125 06 -0.6283 0.1 17 1

1-oct. Reuters 2 7 1 15 4 7 10 7 2 17 315 0.65 05 0435 055 155 2
3-0ct. The Guardiat 2 n 16 66 Y 2 37 2 67 ) 45 215 05 0884 015 52 2
-oct. Aljazeera 15 a 3 2 6 4 9 9 2 2 135 075 01 03763 14 315 2
.oct. Garda B B 3 16 o 6 a 4 2 2 465 03875 085 a3 -om2s 055 2
9-0ct. The Guardiat u 1 1 1 1 4 7 s 18 10 175 085 -0625  -06188 04 075 2
12-0ct. Reuters 10 s 1 15 1 4 8 7 19 9 265 1125 05 065 0 08 2
14-0ct. Reuters 3 3 2 u 0 3 7 s 1 6 23 11 075 0772 3 o 2
14-oct. The Local 8 a 0 10 1 1 9 6 u 10 2 1 o o 1 1 2
16-oct. Euroweekly 6 3 1 8 1 3 a 3 6 6 03 05 035 025 0 05 2
16-0ct. NEC Conned 10 [ o 1 0 3 6 6 18 10 3.25 075 055 0697 02125 065 2
18-oct. BBCUK 3 a 2 15 2 4 9 4 17 10 21 0.525 025 -0.2364 0.125 1 2
18-oct. Reuters 6 a 3 10 1 3 s 6 1n 8 175 1238 09 07 015 05 2
21-oct. New Indian { 6 1 1 12 [ 4 7 3 1B 9 2 17 4 0955 0.7 075 2
23-0ct. Reuters 1B a 1 13 1 4 8 s 16 7 175 1425 085 -0.6687 0.025 03 2
26-0ct. Garda 8 4 4 15 [ 6 s 7 2 u 28 215 45 I 0.525 005 2
29-oct. Euroweekly s a 1 10 1 1 B 8 9 1 1 0.1 0 0o 055 08 2
30-oct. Reuters 7 6 1 12 a 4 10 4 1B u 15 0.75 055 02929 1425 165 2
2:nov. Euroweekly 6 B 1 1 2 1 7 7 1 10 11 075 065 04167 03625 035 3
3nov. 1TV News 10 s 2 18 1 7 1 9 27 1 2 135 05 06267 0.125 135 3
8-nov. Voanews 10 2 1 16 1 2 8 4 16 6 2 05375 0375 -04%38  -0a125 o1 3
3-nov. Volcano.si.e s 9 4 15 3 s 8 6 1 17 17 0387 0125 oars 035 32 3
10-nov. Reuters 8 B 4 10 B 1 6 6 u 2 135 05 0 01556 02 05 3
11-nov. 1TV News 3 1 2 19 1 8 2 6 3 6 175 12 035 08158 05 o1 3
13-nov. Euroweekly B 2 3 12 3 1B 7 6 2 9 445 145 075 1129 0475 115 3
15-nov. Surinenglish 1 a B 10 a 6 6 6 1B 2 25 135 04 04833 0.05 19 3
16-nov. UK Yahoo Ne 4 2 1 3 1 2 s 3 1B a 14 1215 105 06625 0475 08 3

Figure 7. Data matrix or training matrix obtained for the press articles analyzed in (Navarro et al.
2023) according to the described sentiment analysis procedure and implemented in the R script
(Lahoz-Beltra 2024).

2.3. Classification of the Texts

Once the data matrix is obtained, the texts are classified into two or more clusters by applying
different multivariate analysis or machine learning techniques (Figures 8 and 9). For example, as
shown in Figure 8, applying discriminant analysis we can classify the news published about the
eruption of the Cumbre Vieja volcano in the month in which the news were written and published.
Therefore, the combination of two methods, sentiment analysis and discriminant analysis, allowed
us to study how the volcanic eruption had an impact on the journalist. Thus, how such a spectacular
natural phenomenon could be reflected in the emotions and sentiments expressed in the articles
published throughout the months of September, October, November and December.
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Figure 8. Monthly classification of press articles based on (A) discriminant analysis (F1 and F2 are the

o

classification functions) and (B) multilayer perceptron network (MLP).
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Figure 9. Classification of press articles in two clusters according to the language (Spanish or English)
in which they were written and published in local or foreign press. (A) Probabilistic neural network
(PNN) designed for classification and (B) classification graph of the PNN.

Similarly, if we train a multilayer perceptron network (MLP) with the data matrix shown in
Figure 7, we can classify the news in two groups or clusters (Figure 8). A Group 0 representing the
first half of the eruption and to which belong the press articles published in September and October,
and Group 1 corresponding to the second half of the eruption that includes the articles published in
November and December.

Moreover, the classification into two groups of news (Groups 0 and 1) that we have obtained
with MLP can also be obtained with a logistic regression model. In the present study the equation of
the fitted model was:

e
1+e*

with x being equal to:
x =-0.3326 + 0.0001 disgust + 0.0004 anger +0.0006 anticipation +0.0007 fear

—0.0042 joy —0.0017sadness — 0.0031 trust + 0.0007 negative + 0.0010 positive

Obviously other techniques and classification models are available. For instance, Figure 9 shows
a probabilistic neural network (PNN) that was designed to classify the news into two clusters. One
cluster for news published in 'English’ language for the foreign press, and the other cluster for news
published in 'Spanish' for the local press. In contrast to the MLP network the input layer only
included two neurons that received as input the value of the positive and negative sentiments,
respectively. Figure 9 shows the classification plot for the PNN, displaying how the region defined
by the variables of the input layer, i.e. the prescriptive variables, is split into two areas. Press articles
written in Spanish are in the gray region (0) while those written in English are in the blue region (1).

In the examples we have used in this paper, the classification of the texts into two or more groups
was performed using the appropriate statistical package. The discriminant analysis, the logistic
regression model and the probabilistic neural network were built with the package STATGRAPHICS
Centurion 18 version 18.1.12. In addition, the perceptron neural network was trained with the
package IBM SPSS Statistics version 22.

The general approach described throughout this article was introduced by (Lahoz-Beltra and
Lopez 2021). In this paper we designed a prototype of an empathic chatbot named LENNA. The
chatbot held conversations with other bots, and with people. Conversations with people were held
in two experimental groups. On the one hand, people who knew the vocabulary used by LENNA,
and on the other hand, subjects who were unaware of the vocabulary that LENNA knows and
therefore uses in a conversation. Consequently, the data or training matrix was similar to Figure 7
but in this study rows, i.e. the texts items, were the recorded conversations between LENNA and an
interlocutor.
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In this study we introduce Shannon entropy to measure the emotional state changes experienced
by the chatbot during a conversation, including the entropy values along with the sixteen prescriptive
variables. Finally, conducting a discriminant analysis with the resulting data matrix, we obtained the
classification of the conversations shown in Figure 10.

3.2

+0+o0xa0
OLBAWN =

Figure 10. Classification (F1 and F2 are the classification functions) of conversations between the
LENNA chatbot and another chatbot (Group G1) or with a person who knows the vocabulary handled
by LENNA (Group 2). The scattered dots represent conversations between LENNA with a human
interlocutor unaware of the vocabulary known by LENNA.

2.3. Complementary Tests

The methodology we have described above allows us to classify a set of texts into two or more
groups or clusters using the R script (Lahoz-Beltra 2024), and the procedure described to compose
the data matrix that will be the input of the method we use to build the classifier. However, in many
practical applications, the classification can be supplemented with some of the following
complementary tests.

2.3.1. Fourier Plot of the Story Arc

One of the features to be analyzed in a text is how the number of words expressing positive or
negative emotions changes with narrative time. The result of this analysis is a graph representing the
emotional valence with respect to story time. In order to be able to compare the graphs of different
texts, e.g. two different books, two press articles on the same topic published with different political
views, letters written in the past, etc. we used the procedure described in (Jockers 2015). The method
involves the application of the Fourier transform to the ‘story arc’ by converting the graph depicting
the variation of valence over time into an equivalent graph that is independent of the length of the
analyzed text. The application of this technique to (Lahoz-Beltra and Lopez 2021) led us to identify
different patterns (Figure 11) of variation of emotional valence as a function of the narrative time
expressed in Fourier terms. Thus, for example, when in a Fourier plot we observe at the beginning a
peak expressing positive emotions, concluding the graph with an opposite peak expressing negative
emotions, we will conclude that the text was written in the context of what in theatrical language is
known as a 'tragedy’. In contrast, if at the beginning of the graph there is a negative peak ending the
graph with a positive peak reflecting positive emotions, then the text under analysis is a 'comedy'.

The usefulness of Fourier plot patterns is that they can be dependent on the time when a text
was written, a fact that can be tested with a chi-square test of independence (Navarro et al. 2023).
These and other Fourier patterns can also be used to assign a grouping variable to each text, defining
as many categories of texts as different Fourier patterns we have found. For example, one class or
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cluster can be assigned to texts with a comedy pattern, and another class or cluster will be used for
texts whose story is a tragedy.

Plot Trajectory Plot Trajectory
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Figure 11. Fourier plot (right) of the emotional valence plot (left) with respect to the narrative time.
The text under analysis is shown in Figure 3.

2.3.2. Exploratory Analysis

Once the sentiment analysis of each text has been concluded, it may be interesting to obtain the
graph of the most frequent words, the word cloud, the bar chart of the percentage of words associated
with each emotion, etc. These exploratory techniques (Figures 12 and 13) can be helpful when
interpreting the results of the sentiment analysis in each text as well as their classification into two or
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Figure 12. Graph of the 15 most frequent words and word cloud of the news article shown in Figure 3.
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Figure 13. Bar chart of the percentage of words associated with each emotion of the news article
shown in Figure 3.

3. Conclusions and Future Research

The methodology described in this paper aims at classifying texts into one or more groups or
clusters. In the article we show how to classify a collection of texts using as input of the machine
learning technique or multivariate statistical analysis a training matrix constructed from the output
of the sentiment analysis conducted with a collection of texts. In our case, the classification technique
is supervised, requiring us to previously define the groups or clusters. Once the classifier is obtained,
this will allow us to assign an unknown or 'problem' text to one of the groups that have been defined
beforehand. Obviously, beyond discriminant analysis or perceptron neural networks, among other
classification techniques, there are unsupervised classification methods such as the K-means
classifier, hierarchical cluster analysis, Hopfield neural network, etc. Using the output vector of
Figure 6 it is possible to construct a data matrix without a grouping variable, classifying the texts in
an unsupervised manner. For example, conducting a hierarchical cluster analysis we could obtain a
dendrogram showing the taxonomical relationships among the texts.

Although we have used syuzhet to define the sentiment vector, other definitions for calculating
the sentiment value of a paragraph can be used instead, such as bing, afinn, nrc, etc. Now, this implies
that the results of conducting sentiment analysis with one or the other may have an effect on the
results of the analysis of a text. This issue is reviewed in (Mhatre 2020), (Puschmann and Haim 2019)
discussing the differences between one and another definition of sentiment vector due to the way of
calculating a sentiment value, which depends on the purpose for which it was designed.

Other interesting issues at the experimental level is for example the use of auxiliary variables
such as entropy. In (Lahoz-Beltra and Lopez 2021) we used entropy as a measure of the change of
emotions during a conversation. That is, we included entropy (Kozlowski 2024) together with the 16
prescriptive variables obtained from sentiment analysis. In this case we could for example analyze
the conversation between a patient suffering from a mental health problem, e.g. depression or after a
psychotic break, with a psychiatrist or psychologist. Something very similar to this scenario was
simulated in (Lahoz-Beltra and Lépez 2021), classifying the dialogue between two bots, LENNA and
another bot called PARRY (Wikipedia contributors 2024), suffering from paranoid schizophrenia.
Therefore, we believe that the methodology introduced here could be relevant in psychiatric
diagnosis.

Moreover, in (Navarro et al. 2023) we were able to assess the environmental impact of a volcanic
eruption by applying a multiple linear regression model. Applying the model we found that the
prescriptive variables resulting from sentiment analysis of press news had a stochastic relationship
with the surface area occupied by lava.

In summary, the classification of a text by applying the described methodology can be useful in
different real-world problems, e.g. diagnosing a health problem through the recorded text of a
dialogue, finding out the date on which a given text was written and published, environmental
impact studies, etc.
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