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ABSTRACT 
Chemistry, by dedicating itself to understanding the submicroscopic nature of matter and its 
transformations, develops its own language and produces fundamental knowledge about 
nature. Its nature as basic knowledge led it, along with other natural sciences, to compose 
the knowledge of any citizen, whether to read and understand the natural world or 
transformed by the hand of man, or to continue studies at a higher or technical level in other 
areas or professions. However, assimilating and dealing with the large volume of 
information available, locating them quickly and accurately, has become a great challenge, 
within the diverse range of existing documents. With this, Text Mining Techniques can assist 
in this process, through the extraction of textual data. Thus, the objective of this research is 
to relate concepts of Chemistry by finding similar words in scientific articles in the area, 
which can demonstrate a connection between some concepts addressed in High School. 
Through the clustering technique with the use of the Cassiopeia model, in a corpus of 
academic texts related to Chemistry. The research was developed according to the 
following actions: bibliographic survey; construction of the corpus; collection of the corpus; 
statistical analysis of the corpus; text mining; clustering; and, finally, the analysis of the data 
from the generated clusters. The results obtained showed that the clustering carried out in 
the corpus provided the relationship between chemical concepts, finding similar words in 
the scientific articles that make up the corpus developed in this research, which 
demonstrate the connection of high school chemistry contents. 
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INTRODUCTION 

Chemistry is a science that permeates all areas of knowledge and involves concepts, 

chemical reactions and transformation of matter, contributing considerably to the 

advancement and social and technological development of humanity (SCHNETZLER, 

2003).  

The discipline is an integral part of the curriculum of High School and some 

university courses, and seeks to develop scientific knowledge and understanding of 

chemical phenomena. The acquisition of knowledge has an educational purpose for the 

formation of scientific bases and goes further, preparing students to be more critical and 

reflective citizens (BRASIL, 2018).  

The main difficulties detected by research in the area are related to the way in which 

the contents are transmitted, as well as the didactic methodology applied by the teachers 

and the structure of the environment, which is often inadequate for the consolidation of 

teaching with theoretical and practical activities (YAMAGUCHI; SILVA, 2019).  

Research has shown that the teaching of Chemistry has been structured around 

activities that lead to the memorization of information, formulas and knowledge that limit 

students' learning and contribute to demotivation in learning and studying.  

To broaden the conception of the teaching of Chemistry, it is necessary to seek 

improvement and detection of obstacles, so that teaching and learning can occur in a full 

way. 

There are numerous discussions about the teaching of chemistry, its learning 

difficulties, the training of teachers and the didactic methodologies that can collaborate with 

a teaching that aims at a greater understanding of the contents, so that the teaching can be 

useful for the formation of the individual as a whole (SCHNETZLER, 2002). 

The content of Chemistry can be divided into several branches, it is observed that 

some concepts are addressed separately in independent chapters. However, the Chemistry 

content has a linearization between chapters and concepts, which can be evidenced, for 

example, in the contents of chemical kinetics and chemical equilibrium. Where in chemical 

kinetics the processing speed of chemical reactions is studied and in the other the 

equilibrium between the substances involved in a chemical reaction, the speed of a reaction 

is an important variable for the equilibrium of a reaction to occur (ATKINS, 2007).  

Another example that can be evidenced is the polarities of molecules and 

intermolecular interactions. The polarity of a molecule is directly related to the way in which 

electrons are distributed around atoms. If there is a symmetrical distribution, the molecule 
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will be nonpolar, however, if the distribution is asymmetric, and one of the parts of the 

molecule has a large electron density, then it will be a polar molecule (ATKINS, 2007).  

An intermolecular interaction, on the other hand, occurs when two molecules come 

together, with an interaction of their magnetic fields, which causes a force to arise between 

them, which varies in intensity, depending on the type of molecule (polar or nonpolar). 

These concepts are evidenced in the contents of Inorganic Chemistry and Organic 

Chemistry. 

Therefore, these concepts have a linearization of knowledge, evidencing their 

connectivity. This linearization will be the focus of study in this work with the use of the text 

mining technique, using the concepts of clustering through the  Cassiopeia model software 

(GUELPELI, 2012). 

In this sense, the concept of text mining is becoming increasingly popular as a 

method for information mining. Text mining (MT) is a set of methods used to navigate, 

organize, find, and discover information in textual databases. It can be seen as an 

extension of the Data Mining area, focused on text analysis. (ARANHA; PASSOS, 2006, p. 

2). 

Thus, TM is the process of extracting useful information (knowledge) from within a 

text document that is not structured. To do this, several other tools known as Natural 

Language Processing or Textual Based Knowledge Discovery (BARION; LAGO, 2018). 

The text mining technique that will be used is clustering, which consists of a set of 

techniques used to gather a set of objects that have similar characteristics into distinct 

groups (ARORA; DEEPALI; VARSHNEY, 2015). 

The basic idea of clustering is that elements belonging to the same group must 

present high similarity, however, they must be very distinct from objects from other clusters. 

According to (TAN et al., 2015), the greater the homogeneity within each cluster and the 

greater the heterogeneity between clusters, the better and more distinct the classification. 

  In this context, the general objective of this work is to relate the clustering 

applied in scientific articles of Chemistry, to find similar words in scientific articles of the 

area, which can demonstrate a connection between some concepts addressed in the EM. 

Through Text Mining, using the clustering technique with the use of the Cassiopeia model 

(GUELPELI, 2012). 

 

METHODOLOGY 

After reading some scientific articles referring to the journal Química Nova na Escola, 

http://qnesc.sbq.org.br/edicoes.php, which addresses articles related to education in 
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Chemistry, it is observed a similarity between some words among some contents of the 

Chemistry discipline, addressed in High School (AMARIZ; GUELPELI, 2023).  

This study aims to use text mining, through the clustering technique, using the 

Cassiopeia model, to demonstrate the existence of a connection between the words 

existing in these articles, being able to relate the contents related to chemistry (AMARIZ; 

GUELPELI, 2023).  

The interest in learning chemical concepts is connected to the conception that the 

knowledge covered allows a more articulated and less fragmented view of a world. 

Contributing to the citizen seeing himself as a participant in a world in constant 

transformation.  

The construction of a  linguistic corpus presents factors that can certainly help 

researchers to obtain and organize information to create their own database of texts that 

help in the process of text mining.  

A total of 120 scientific articles available in Portuguese were collected from the 

journal Química Nova na Escola. This journal was chosen because it deals exclusively with 

the content of Chemistry focused on education. The articles were collected randomly and 

the collection aimed to form a textual database, called "Corpus". These scientific articles 

refer to the years 1978 to 2021. 

The pre-processing of the corpus was divided into two parts, first the conversion from 

the Portable document format (PDF) to the format that stores plain text (TXT), due to the 

Get Finecount program and the Cassiopeia model processing this format.  

Statistical analysis of the corpus was performed, where calculations of word 

amplitude, word averages, standard deviation of words and coefficient of variation were 

performed. 

Clustering consists of dividing them into groups, called clusters, so that they are 

more similar to other points in the same group than those of other groups, and can use 

statistical calculations for each group developed.   

This work was carried out using the Cassiopeia model, which consists of grouping 

hierarchical texts to prove the connection between the chemical contents addressed in the 

MS.  

According to Soares (2013), the definition for each stage of text mining is: 

 

DATA COLLECTION 

 The premise of this work is the collection of texts, that is, the search for scientific 

articles related to Chemistry. The collection aims to form a textual database, called 
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"Corpus". It can be carried out in several ways, but all of them require great efforts, in order 

to obtain material of satisfactory quality and that serves as raw material for the continuity of 

the process and for the acquisition of knowledge. 

 

PRE-PROCESSING 

Its objective is to prepare the collected documents in order to obtain a form for better 

data processing. The entire system to be developed depends on a filtering of the texts, that 

is, a reduction in the number of words to obtain effective informativeness, which can provide 

a qualitative and quantitative gain for the processing of chemical articles.  

 

INDEXING 

 It is responsible for establishing indexes in order to establish greater speed and 

agility for the retrieval of documents and their terms. 

 

MINING 

The processing uses hierarchical text grouping and an algorithm to join the texts with 

similarities. Clustering is performed by the Cassiopeia model, which identifies the 

characteristics of words in scientific articles, using relative frequency, which defines the 

importance of the terms, according to the periodicities in each text used. The Cassiopeia 

model provides the removal of stopwords, words that do not provide context to this search. 

 

ANALYSIS 

It consists of the evaluation of the data obtained. In this stage, the model groups 

scientific articles related to Chemistry by similarity, allowing a better evaluation of the data, 

with an efficient degree of informativeness.  

Text mining, through clustering techniques, using the Cassiopeia model (Guelpeli, 

2012) organizes scientific articles focused on Chemistry, according to the similarity between 

the words in each clustered article.  

Thus, the set containing the one hundred and twenty chemistry articles were 

submitted to the Cassiopeia model. The model performed the grouping and regrouping 

process, with the set of one hundred and twenty articles thirty times, that is, the Cassiopeia 

model analyzed the corpus of this research repeatedly during these thirty interactions. 

The results of these clusters were analyzed through qualitative analysis of the 

articles that constitute each cluster and quantitative, through the internal or unsupervised 

metric called Silhouette Coefficient, explained in the previous chapter.  
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The data analysis was carried out through the frequencies of similar words occurring 

in the articles, performing the calculations and a table of word frequencies, then the clusters 

generated during the clustering process were analyzed. 

The clusters generated through clustering were analyzed and a selection of the best 

data generated was made, through quantitative results, which were the results of internal 

metrics, during the text mining process, and through qualitative results, which were the 

analysis of similar contents generated in each cluster. 

 

RESULTS AND DISCUSSIONS 

The corpus was converted from PDF format to TXT format for computational 

processing, due to the computer programs used in this research accepting the TXT format. 

In addition, in this conversion, images, graphs, tables, page numbers and all annotations 

that were not part of the body of the text were removed. The files were renamed following a 

sequential order, starting at 1 and ending at 120, and an  analysis software called Get 

Finecount 2.6 was used to count the words. 

The Get Finecount 2.6 software is a tool that provides analysis of a document. It 

analyzes a text and counts the number of words, characters, repetitions, spaces, redundant 

spaces, lines, sentences, and pages in an orthographic file. It was important to verify the 

number of words in each article that constitutes the corpus of this research. 

In  the corpus, the amplitude was calculated, through the number of words in the 

articles. Amplitude is a measure of dispersion that determines the degree of variation of 

numbers, this measure is determined by the difference between the maximum value found 

and the minimum value, according to Mathematical Equation 1. 

 

mínimomáximo XXR −=  

 

Where max X is the maximum word value found and min X is the minimum word 

value found. 

The article that contains the largest number of words had 5,566 and the article that 

had the least number of words had 2,428 words. The amplitude found in the chemistry 

corpus was 3,138 words (AMARIZ; GUELPELI, 2023). 

The average of the words in the articles of the corpus was also calculated. The 

Average is part of the concepts of Statistics. As far as the mean is concerned, it can be 

arithmetic (simple or weighted), geometric, harmonic, quadratic, cubic or biquadratic. 

Dealing specifically with the arithmetic mean, it is considered "the most basic concept of 
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Statistics and experimental Science, it is also the most used in people's daily lives" 

(MAGINA; CAZORLA; GITIRANA; GUIMARÃES, 2010, p. 61-62), Equation 2 is used to 

calculate the mean. 

n

X
X

i
=  

 

Where, Xi is the total number of words in all articles and n the number of selected 

articles. 

After this calculation, it was observed that the average number of words for the 

Chemistry articles in the corpus was 3,730 words. The number of words in relation to the 

mean is shown in Figure 6. This graph shows the dispersion of the number of words in 

relation to the average (AMARIZ; GUELPELI, 2023). 

 
Figure 6: Dispersion of the number of words in relation to the Corpus mean. 

 
Source: Author himself 

 

With the mean value obtained, the standard deviation existing in this corpus was 

calculated. The standard deviation is the prototype of dispersion measurements by virtue of 

its mathematical properties and its use in sampling theory" (OLIVEIRA, 2017, p. 8). It is a 

measure of dispersion, which indicates how uniform the data set is. According to 

Mathematical Equation 3. 

 

( )
n

XX
S

 −
=

2

 

 

Where, X is the individual value of each word in each article, X is the average of the 

data obtained and n total number of articles in the corpus. 

The standard deviation for the data from the Chemistry corpus was 800 words. With 

the data obtained from the mean and standard deviation, the coefficient of variation of the 

data can be calculated. 
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Reliable experiments require the evaluation of the results by verifying their accuracy, 

which can be performed by the values of the coefficients of variation, CV, (NESI et al., 

2010; STORCK et al., 2011). According to Steel et al. (1997), the CV allows the comparison 

of results of different experiments, involving the same variable or species, thus allowing the 

quantification of the accuracy of their research.  

The VC is an important measure of the variability of experimental results, and can be 

useful in defining the number of repetitions of the assay, necessary to detect a difference 

between the means of treatments with a given probability (PIMENTEL-GOMES, 2009; NESI 

et al., 2010).  

According to Storck et al. (2011), the distribution of VC makes it possible to establish 

ranges of values that guide researchers on the validity of their experiments. Thus, it can be 

said that the coefficient of variation is a way of expressing the variability of the data, 

excluding the influence of the order of magnitude of the variable. The coefficient of variation 

is equal to the standard deviation divided by the arithmetic mean, multiplied by 100% 

(LEVINE et al., 2014). Equation 4 shows how the calculation for the CV is performed. 

 

100=
X

S
CV  

 

Where, S is the standard deviation and X is the average of the data obtained 

Since the coefficient of variation analyzes dispersion in relative terms, it will be given 

as a percentage. The lower the value of the coefficient of variation, the more homogeneous 

the data, i.e., the smaller the dispersion around the mean (LEVINE et al., 2014). In general, 

if the VC is less than or equal to 15%, the result presents a low dispersion of the data, 

homogeneous data. If the calculation of the data is between 15 and 30%, they present an 

average dispersion. And if it is greater than 30%, they have a high dispersion, 

heterogeneous data (LEVINE et al., 2014). 

Therefore, when calculating the coefficient of variation of the data of the Chemistry 

corpus , 21.45% was obtained, which indicates an average homogeneity of the articles that 

make up this corpus. However, this value obtained is closer to 15% than 30%, which 

indicates a greater tendency towards homogeneity than a tendency towards heterogeneity. 

All the calculations, amplitude, arithmetic mean, standard deviation and coefficient of 

variation made in this corpus are shown in Table 1. 
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Table 1: Calculations performed in the Chemistry Corpus . 

 
Source: Author himself 

 

When dealing with textual data, it is necessary to keep in mind that, in order to 

understand implicit knowledge in an agile and simplified way, it is necessary to find ways 

that can represent it to transmit some knowledge (SARGIANI et al., 2018). Some graphical 

tools, such as histograms and word clouds, can be used in the process to evaluate 

documents containing unstructured texts and to explore hidden knowledge in the texts 

(BRUNO, 2016). 

The Cassiopeia model puts all letters in lowercase, in addition to other precautions, 

such as discarding all figures, tables, existing markings and the removal or not of 

stopwords. The function denoted for the stopwords can be configured by the user. 

In addition, the Cassiopeia model identifies the characteristics of the words in the 

document, using the relative frequency, which defines the importance of a term, according 

to the frequency with which it is found in the document. The more a term appears in a 

document, the more important it is for that document (GUELPELI, 2012). Based on the 

weights of the words, obtained in relative frequency, the average is calculated over the total 

number of words in the document. 

The text mining technique used in this research is clustering, through the Cassiopeia 

model, which separated the articles into clusters, sets of objects that have similarities to 

each other. Thus, the articles that have similarities between the words were in the same 

cluster. 

The Cassiopeia model carried out the process of grouping and regrouping thirty 

times, that is, thirty interactions were carried out, in which each article was analyzed 30 

times, thus, three thousand and six hundred analyses were totaled. With this, the model 

calculated the Silhouette Coefficient (CS) to perform the quantitative analysis of the 

clusters. 

According to Guelpeli (2012), the Silhouette Coefficient is based on the idea of how 

similar an object is to the other members of its group, and how far this same object is from 

those of another group. Thus, this measure combines the cohesion and coupling measures. 

Equation 5 shows how the calculation for the Silhoette coefficient is performed. 
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)()(

ibia

iaib
CS

−
=  

 

Where a(i) is the average distance between the ith element of the group and the 

others in the same group. The b(i) is the minimum value of the distance between the ith 

element of the group and any other group, which does not contain the element, and max is 

the greatest distance between a(i) and b(i).  

The Silhouette Coefficient of a group is the arithmetic mean of the coefficients 

calculated for each element belonging to the group, the CS value is in the range of 0 to 1 

(GUELPELI, 2012). 

For better organization of the results of the Silhoette Coefficients generated by 

clustering, by means of the Cassiopeia model, obtained over the 30 interactions. The 

results are presented in Figure 7. 

 
Figure 7: Silhouette coefficient of the Chemistry Corpus Clustering  . 

 
Source: Author himself 

 

The Silhouette coefficient or index (CS) is a value that measures how similar an 

object is to its own cluster (cohesion) compared to other clusters (coupling). 

 According to Guelpeli (2012), the coefficient varies between 0 and 1, in which values 

close to 1 indicate that the object is well related to its cluster and values close to 0 indicate 

that the object is not well related to its cluster. 

 In all interactions, values for the Silhouette Coefficient were between 0.821, the 

minimum value found, and 0.838, the maximum value found in clustering, values that are 

very close to 1, which indicates that the scientific articles that make up the corpus of this 

research are well related within their respective clusters. 
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After the quantitative analysis of the clusters,  qualitative analyses were performed 

and it was observed that clustering generated 36 clusters, that is, thirty-six sets of articles 

with similar words.  

In this set, it is observed that some contained few Chemistry contents grouped 

together. While others had many contents grouped in the same cluster and clusters with  

the same grouped content also occurred, this was due to the similarity between the words. 

In view of these sets of generated clusters, they were classified into satisfactory 

clusters and  unsatisfactory clusters, as shown in Figure 8.  

 
Figure 8: Cluster Analysis. 

 
Source: Author Himself 

 

According to Figure 8, the analysis generated 64% of  satisfactory clusters, i.e., 23 

clusters, which grouped articles that contained two to three different chemistry contents 

addressed in the EM.  These clusters presented a frequency of similar words in their 

articles, which is why they were classified as satisfactory. 

Thus, 13  unsatisfactory clusters were generated  , accounting for 36%, which did not 

present a considerable frequency of similar words in their articles and grouped several 

chemistry contents in the same cluster. 

This analysis was due to the clustering performed by the Cassiopeia model, which 

indicates that it is satisfactory to analyze similar words in a cluster more frequently than to 

have different contents in the same cluster. 

Thus, a corpus containing 120 articles was clustered, which were divided into two 

classes, namely,  satisfactory clusters and  unsatisfactory clusters. Analyses were 

performed to identify the number of articles that are present in  the satisfactory clusters and 

in the unsatisfactory clusters. These divisions are evidenced in Figure 9.   
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Figure 9: Analysis of the divisions of the articles within the Clusters. 

 
Source: Author Himself 

 

The corpus presents 56% of its articles in  the satisfactory clusters, that is, 67 articles 

of the corpus, are grouped in  the clusters of interest for this research. These articles 

presented a frequency of similar words within the same cluster. 

However, the corpus presents 44% of the articles within the  clusters unsatisfactory, 

computing 53 articles, which presented a considerable frequency of similar words within 

their cluster, but grouped several chemistry contents in the same cluster or similar contents 

applied in the MS. 

With the data acquired by clustering, an analysis of each cluster was carried out  , 

relating the articles and their contents with the years in which they are taught during high 

school, as shown in Table 2.   
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Table 2: Relationship between the contents of each Cluster and the years of the MS. 

 
Source: Author himself 

 

Thus, it is observed that, through clustering, the corpus of this research presents the 

contents addressed in the EM in 26 clusters containing contents of the 1st year and 2nd 

year of the EM and 16 clusters containing the contents taught in the 3rd year of the MS.     

The 23 satisfactory clusters generated in this research are shown in Table 3, which 

indicates the relationship between the contents of each   satisfactory clusters and the years 

of the EM in which they are addressed. 

 

 

 

 

 

Clusters

Cluster 1 1º Ano 2º Ano

Cluster 2 2º Ano 3º Ano

Cluster 3 1º Ano 2º Ano

Cluster 4 2º Ano

Cluster 5 1º Ano 2º Ano 3º Ano

Cluster 6 1º Ano 2º Ano 3º Ano

Cluster 7 1º Ano 2º Ano

Cluster 8 2º Ano

Cluster 9 2º Ano

Cluster 10 2º Ano

Cluster 11 1º Ano 2º Ano 3º Ano

Cluster 12 3º Ano

Cluster 13 3º Ano

Cluster 14 1º Ano

Cluster 15 1º Ano 3º Ano

Cluster 16 1º Ano 2º Ano 3º Ano

Cluster 17 1º Ano 2º Ano 3º Ano

Cluster 18 2º Ano 3º Ano

Cluster 19 1º Ano 2º Ano

Cluster 20 2º Ano 3º Ano

Cluster 21 1º Ano 2º Ano

Cluster 22 1º Ano 2º Ano

Cluster 23 1º Ano

Cluster 24 1º Ano

Cluster 25 1º Ano 2º Ano 3º Ano

Cluster 26 1º Ano 2º Ano 3º Ano

Cluster 27 1º Ano 3º Ano

Cluster 28 1º Ano 3º Ano

Cluster 29 1º Ano 2º Ano

Cluster 30 1º Ano

Cluster 31 1º Ano 2º Ano

Cluster 32 1º Ano 2º Ano

Cluster 33 1º Ano 2º Ano

Cluster 34 1º Ano 2º Ano

Cluster 35 2º Ano

Cluster 36 1º Ano 3º Ano

Tabela relacionada aos conteúdos de cada cluster  e os anos do Ensino Médio 

Ano referência do Ensino Médio
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Table 3: Relationship between the contents of the satisfactory Clusters and the years of MS. 

 
Source: Author himself 

 

It is verified that in 12  satisfactory clusters there was the presence of contents that 

can be taught in the 1st year of MS, 15 clusters presented contents that can be taught in 

the 2nd year of MS and 9 clusters showed contents of the 3rd year of MS. With these 

results, five  satisfactory clusters  were selected to be addressed. 

Cluster 3, generated by the Cassiopeia model, presents similarity between the 

contents of electrochemistry and periodic table, contents taught in different periods of EM, 

because they presented words similar to these contents.  

This occurred due to the analysis of the words found in the set of articles in this 

cluster. Words such as: electrolysis, solution, batteries, cathode, oxidation, reduction, 

electrons, electrode, metal and electronegative are present in all the articles of this textual 

set, with a certain relative frequency, as shown in Table 4.  

 

 

 

 

 

 

 

Clusters

Cluster 2 2º Ano 3º Ano

Cluster 3 1º Ano 2º Ano

Cluster 4 2º Ano

Cluster 8 2º Ano

Cluster 9 2º Ano

Cluster 10 2º Ano

Cluster 12 3º Ano

Cluster 13 3º Ano

Cluster 14 1º Ano

Cluster 17 1º Ano 2º Ano 3º Ano

Cluster 18 2º Ano 3º Ano

Cluster 20 2º Ano 3º Ano

Cluster 21 1º Ano 2º Ano

Cluster 23 1º Ano

Cluster 27 1º Ano 3º Ano

Cluster 28 1º Ano 3º Ano

Cluster 29 1º Ano 2º Ano

Cluster 31 1º Ano 2º Ano

Cluster 32 1º Ano 2º Ano

Cluster 33 1º Ano 2º Ano

Cluster 34 1º Ano 2º Ano

Cluster 35 2º Ano

Cluster 36 1º Ano 3º Ano

Ano referência do Ensino Médio

Tabela relacionada aos conteúdos de cada cluster  satisfatórios e os anos do Ensino Médio 
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Table 4: Relative frequency of words in Cluster 3 

 
Source: Author himself 

 

The relative frequency of the words that appeared most in the articles of this cluster 

shows the relationship between the contents of electrochemistry and the periodic table, as 

shown in Figure 10. 

 
Figure 10: Diagram relating the contents of Cluster 3. 

 
Source: Author Himself 

 

Words such as valence, oxidation cells, electrons presented considerable relative 

frequencies in article 44 and article 56, which are part of these clusters. The words that 

appear most in the articles and characterize the electrochemistry content are electrolysis, 

batteries, cathode, oxidation, reduction, electrons and electrode. Likewise, the words 

electrons, metal, valence and electronegative are often addressed in the content of the 

periodic table. 

Cluster  14, generated by the Cassiopeia model, presents similarity between the 

contents of the atomic models and chemical bonds, these contents are taught in the 1st 
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year of EM. This cluster is composed of two articles, article 7 and article 17 of the corpus 

that constitute this research.   

This occurred due to the analysis of the words found in the set of articles that form 

this cluster. Words such as: Dalton, laws, atom, weights, bond, electrons, molecule, 

geometry, polarity and ionic are present in all the articles of this textual set, with a certain 

relative frequency, as shown in Table 5.  

 
Table 5: Relative frequency of words in Cluster 14. 

 
Source: Author himself 

 

The relative frequency of the words that appear most in the articles that make up this 

cluster shows the relationship between the contents, atomic models and chemical bonds. 

Figure 11 shows a diagram relating the contents to cluster 14. 

 
Figure 11: Diagram relating the contents of Cluster 14. 

 
Source: Author Himself 

 

 Cluster 28, generated by the Cassiopeia model, presents similarity between the 

contents of atomic structure and polymers, contents taught in different periods of EM, 

because they presented words similar to these contents.  
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Thus, words such as plastic, polymer, electrons, shielding, atom, ionization, 

electronics, and orbitals are present in the set of articles in this cluster, with a certain 

relative frequency, as shown in Table 6. 

  
Table 6: Relative frequency of words in Cluster 28 

 
Source: Author himself 

 

The relative frequency of the words that appeared most in the articles of this cluster 

shows the relationship between the contents of atomic structure and polymers, as shown in 

Figure 12. 

 
Figure 12: Diagram relating the contents of Cluster 28. 

 
Source: Author Himself 

 

Words such as polymers, electrons, atom and ionization presented considerable 

relative frequencies in the articles that make up this cluster. The words that appear most in 

the articles and characterize the content presented in Figure 12. 

Cluster  32, generated by the Cassiopeia model, also presents similarity between 

some contents related to the teaching of chemistry to MS. The contents of environmental 

chemistry and acid-base concepts are evidenced in this cluster. 

Therefore, words such as effect, greenhouse, infrared, absorption, gases, acid, base, 

ions, indicators, and reaction are present in the set of articles that constitute this cluster, as 

shown in Table 7.  
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Table 7: Relative frequency of words in Cluster 32. 

 
Source: Author himself 

 

The relative frequency of the words that appear most in the articles that constitute 

this cluster shows the relationship between the contents of environmental chemistry and 

acid-base concepts. Figure 13 shows a diagram relating the contents to cluster 32. 

 
Figure 13: Diagram relating the contents of Cluster 32. 

 
Source: Author Himself 

 

Cluster  32 presents the content acid-base concepts, which is currently taught in the 

first year of EM and the concept of environmental chemistry is taught in the middle of EM, in 

the second year. 

Cluster  36, generated by the Cassiopeia model, presents similarity between the 

contents of intermolecular interactions and organic compounds. This cluster is composed of 

two articles, article 81 and article 83 of the corpus that constitutes this research.   

This occurred due to the analysis of the words found in the set of articles in this 

cluster. Words such as polar, nonpolar, bond, dipole, hydrogen, molecule, detergent and 

organic are present in all articles in this textual set, with a certain relative frequency, as 

shown in Table 8.  
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Table 8: Relative frequency of words in Cluster 36. 

 
Source: Author himself 

 

The relative frequency of the words that appeared most in the articles of this cluster 

shows the relationship between the contents of electrochemistry and the periodic table, as 

shown in Figure 14. 

 
Figure 14: Diagram relating the contents of Cluster 36. 

 
Source: Author Himself 

 

Cluster  36 presents the content intermolecular interaction, which is currently taught 

in the first year of EM and the concept related to organic compounds is taught in the final 

year of EM, in the third year. 

The 13  unsatisfactory clusters generated in this research are shown in Table 9, 

indicating the relationship between the contents of each  unsatisfactory cluster and the 

years of the EM in which they are addressed. 

 

 

 

 



 

 
LUMEN ET VIRTUS, São José dos Pinhais, v. XV, n. XLII, p.7482-7505, 2024 

 7501 

Table 9: Relationship between the contents of the  unsatisfactory Clusters and the years of the MS. 

 
Source: Author himself 

 

These clusters were classified as unsatisfactory because they did not have similar 

words among the articles that compose them. In addition, they demonstrate a large number 

of articles in the same cluster, providing a similarity between several chemical contents at 

the same time. This similarity between several articles, which have varied contents, can be 

considered as an imprecision in clustering.   

 

CONCLUSION 

Due to the large amount of texts available, especially in the area of education, there 

is a need for text mining, which can facilitate the search and retrieval of textual information. 

Thus, this research used clustering, one of the techniques used in text mining, as a way to 

contribute to the solution of some of the problems evidenced in this work, such as the 

isolated treatment of some concepts addressed in the discipline of Chemistry. 

The corpus of this research consisted of 120 scientific articles, word count was 

performed in each article that constitutes the corpus and a statistical analysis was 

performed. The statistical analysis determined an average of the words in  the corpus, 

which provides a small variation between the number of words between the articles 

(AMARIZ; GUELPELI, 2023). 

With the mean value, the standard deviation of the words of the articles was 

obtained, it is observed that this value is small in relation to the number of words in the texts 

of each article in the corpus. This indicates that the words are condensed close to the 

mean, indicating a tendency towards homogeneity of the corpus (AMARIZ; GUELPELI, 

2023). 

 This homogeneity can be evidenced by calculating the coefficient of variation, which 

proves a more homogeneous trend with the result made for the corpus at 21.45%. Thus, 

obtaining a more homogeneous than heterogeneous trend for the  chemical corpus 

developed in this research. 

Clusters

Cluster 1 1º Ano 2º Ano

Cluster 5 1º Ano 2º Ano 3º Ano

Cluster 6 1º Ano 2º Ano 3º Ano

Cluster 7 1º Ano 2º Ano

Cluster 11 1º Ano 2º Ano 3º Ano

Cluster 15 1º Ano 3º Ano

Cluster 16 1º Ano 2º Ano 3º Ano

Cluster 19 1º Ano 2º Ano

Cluster 22 1º Ano 2º Ano

Cluster 24 1º Ano

Cluster 25 1º Ano 2º Ano 3º Ano

Cluster 26 1º Ano 2º Ano 3º Ano

Cluster 30 1º Ano

Tabela relacionada aos conteúdos de cada cluster  insatisfatório e os anos do Ensino Médio 

Ano referência do Ensino Médio
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After statistical analysis, text mining was performed using the Cassiopeia model. The 

Cassiopeia model removed all the undesirable items from the text, leaving only the 

important words for text mining to be used.  

The clustering technique is used in this research to perform text mining.  Thus, 

returning to the central question of this research, it is possible to conclude that the 

Cassiopeia model provided the relationship between chemical concepts, finding similar 

words in the scientific articles that make up the corpus developed in this research. This can 

be measured quantitatively by means of the Silhouette coefficient and qualitatively by the 

analyses of the constituent articles of each cluster. 

Thus, the main objective of this research was to relate concepts of Chemistry by 

finding similar words in scientific articles in the area, which can demonstrate a link between 

some concepts addressed in High School. Through Text Mining, using the clustering 

technique with the use of a software called Cassiopeia, in a corpus of academic articles. 

From the evaluations of the articles that make up the corpus, statistical analyses, which 

proved the homogeneity of this corpus and the clustering, it was found that the research 

hypothesis was confirmed. 

The creation of a corpus related to the content of Chemistry is highlighted as a 

contribution of this research, which can be used by researchers in future works. In addition, 

the relationship between words in several articles of the corpus is highlighted, which 

demonstrate the connection of Chemistry contents addressed in the EM (AMARIZ; 

GUELPELI, 2023). 
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