
 

 

 

Abstract — This paper presents a mining tool to extract 

relevant terms and relationships from texts, and proposes its 

use in educational applications. A particular text mining 

technique is employed to analyze texts and build graphs from 

them, in which nodes represent concepts and edges represent 

the relationships between them. Some adjustments are 

proposed here in the original mining and representation 

methods, in order to provide results which are more suitable 

for our educational applications. Two experiments 

exemplifying the extraction of graphs from students’ essays 

are presented in the paper. Results showed that the mining 

tool was able to identify a considerable number of relevant 

terms from the texts analyzed, providing concise 

representations of documents which can support students’ and 

teachers’ tasks. 
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1. Introduction 

In recent years, data mining and text mining have 

become more popular in the field of Education mostly because 

of the growing number of systems which store large databases 

about students, their accesses to material available, their 

assignments and corresponding grades. Such expansion in the 

field yielded the establishment of a community committed to 

Educational Data Mining applications. This community is 

concerned mostly with the development of methods for 

exploring data coming from educational settings, and 

employing those methods to better understand students and 

learning processes [2]. In this work, our main goal has been to 

design and develop a text mining tool to be used in 

educational applications. Below, we list a few examples of the 

uses of the tool to support either students’ or teachers’ work: 

• Helping teachers to evaluate students writings from a 

qualitative point of view; 

• Assisting teachers in identifying the significance of 

students’ contributions in discussion forums; 

• Supporting reading strategies; 

• Supporting text writing; 

  A particular text mining technique based on statistical 

analysis has been used to extract graphs from texts, 

representing relevant terms and their relationships [1]. This 

technique has been customized here in order to provide 

results which were more suitable for the targeted applications. 

Typically, for long documents, the original mining algorithm 

extracted graphs that were too large to be comprehensible in 

the proposed educational applications. The changes 

implemented worked on the reduction of the number of nodes 

and relationships of the graphs, including on the extraction of 

compound terms.  The next section presents different 

methods for representing data extracted from texts, including 

graph-based approaches. Section 3 describes the text mining 

method on which we have based our research, detailing what 

has been changed in the original algorithms. Section 4 

presents the text mining tool Sobek, and section 5 describes 

some experiments carried out in order to validate this 

research. The last section of the paper presents conclusions 

are directions for future work.  

2. Representing information extracted 

from texts 

Representing the information extracted from texts 

requires specific data-structures. Graphs are an interesting 

approach which can be used to organize words extracted from 

texts and keep the relationships between them, including their 

location inside the text. Since graphs are an abstraction 

created to represent relationships between objects or concepts, 

they are easily understood and are widely applied [3]. Adam 

Schenker proposed a text mining technique to extract 

information from Internet pages, and defined six different 

graph models to represent the information extracted from the 

texts [1]. One of these models, the n-simple distance model, is 

based on the idea that each statistically relevant word of the 

text should be connected to the N subsequent relevant words. 

An interesting feature of this representation approach is that it 

enables the storage of the relationships between relevant terms 

found in a text. 

 Another common representation scheme which has been 

frequently used in Information Retrieval systems is the vector 

space model, typically used in text retrieval and document 

ranking [4][5]. Different adaptations in the model have been 

proposed along the years as to adjust it to very distinct 

applications, such as content-based image retrieval combining 

textual and visual data [6], user modeling [7] or web 

information retrieval [8]. One of the main features of the 
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model is to represent each possible term that can appear in a 

document as a feature dimension. The value assigned to each 

dimension indicates the number of times the corresponding 

term appears on it, or it may be a weight that takes into 

account other frequency information, such as the number of 

documents in which the terms appear. The model is simple 

and allows the use of traditional machine learning methods 

that deal with numerical feature vectors in a Euclidean feature 

space. However, it discards information such as the order in 

which the terms appear, where in the document the terms are, 

how close the terms are to each other, and so forth. As in our 

educational application it was important to keep a more 

precise representation regarding the relationships between 

terms, the n-simple distance model seemed to be a more 

suitable alternative. The next section explains and proposes 

some small changes in the model. 

3. The Text Mining Method  

 The text mining method used in this work has been 

based on the n-simple distance graph model, in which nodes 

represent the main terms found in the text, and the edges used 

to link nodes represent adjacency information [1]. Therefore, 

nodes and edges represent how the terms appear together in 

the text. Figure 1 shows a graph extracted from a short text 

about the atomic bomb. 

 
Fig. 1.  Graph representing relevant terms extracted from a 

text about the atomic bomb. 

 

 In our graphical representation of the graph, nodes 

which are more relevant are presented in a larger rectangle 

and in darker color (e.g. the terms “Nuclear”, “weapon”, 

“atomic bomb”). While other text mining approaches rely on 

the analysis of relevant morph syntactic patterns (such as 

“Noun Noun”, “Noun Preposition Noun”, “Adjective Noun”, 

etc.) in order to generate compound terms for the mining 

process [9], here we used a simpler method which was based 

on the frequency with which these compound terms appeared 

in the text.  

 The method used here relies on a parameter n to extract 

the compound concepts with more than one word. According 

to this parameter we create a combination of the current word 

with the n subsequent words. What we try to do is to create a 

wide combination of words to find the most frequent group of 

words that appear in the text. For instance, considering n =3, 

the analysis of the sequence of terms “AA BB CC DD EE FF 

GG HH” would lead us to the following combinations “AA”, 

“AA BB”, “AA BB CC”, “BB”, “BB CC”, “BB CC DD”, and 

so on. In order to avoid sequences starting with prepositions 

or articles, specific filters are used. After identifying the most 

frequent combinations of words, which we will call concepts, 

the mining process selects the primary set of relevant ones 

based on their frequency in the text.  

 The next step is to compute the similarity between 

concepts. Consider two concepts x = “AA DD BB” and z = 

“BB CC DD EE FF AA”. The similarity coefficient between 

them is computed with the dot product also used in the Vector 

Space Model.  

 The similarity coefficient, represented by S, computes 

the quantity of words present in both concepts represented by 

P, and the number of words of the larger concept represented 

by B. Therefore we have:  

S = P / B 

 In the example above S=0.5 as the concepts have three 

words in common, words “AA”, “BB” and “DD”. Concept z, 

being the biggest, has six terms. After computing the value of 

S, the relevancy coefficient R is computed for each concept. 

The number of words of the concept (C) and the absolute 

frequency (F) are introduced in the computation process. To 

calculate the R value for each concept, the following formula 

is employed:  

R = S * C + F 

 The concept with the largest value for R is kept on the 

base, and at the end of the process, it is included in the graph. 

In the example above, let us consider that concept x has C=3 

and F=3, and concept y has C=6 and F =2. We can conclude 

that concept z is going to remain in the base to be part of the 

graph, even if its F value is smaller then that of concept x. 

The idea behind the relevancy coefficient R is to compare two 

concepts and keep the one that “says mores”, even if it 

appears a fewer number of times.  

4. The Text Mining Tool Sobek 

 The text mining tool Sobek was developed using the 

method described in the previous section. The name Sobek 

comes from the Egyptian mythology where it represents a god 

related with discernment and patience, features needed to find 

out relevant and useful information from large amounts of 

data. Sobek was developed using the Java programming 

language. The Interactive Graph Drawing API was used to 

render the graphs on the screen [10]. Sobek is able to analyze 

documents in “TXT” format, as well as in “PDF” and “DOC” 

formats. This functionality has been obtained with the use of 

two different APIs: JPedal [11] and POI [12].  

 Although Sobek can be employed for the analysis of any 

type of text, its development has been originally inspired by 

the need of university teachers who work with distant 

learning and who have to read dozens of texts, messages and 

posts written by students [13]. By providing these teachers 



 

 

 

with concise graphical representations of the students’ texts, 

Sobek enables them to speed up their work, giving these 

educators more time to concentrate on specific problems 

which have to be tackled.  

 Sobek can be used in different ways. The analysis of 

plain text is Sobek’s simplest operation. The text to be 

analyzed can be copied and pasted in the tool or it can be 

loaded from a file. If the text is in a “PDF” or “DOC” format, 

it is automatically converted to the text format. The main goal 

of the text analysis is to extract relevant terms and concepts 

from the text and to visualize their graphical representation in 

the form of a graph. A teacher could use this procedure, for 

instance, to visualize and get the main ideas students 

addressed in their essays. The interface of the mining tool is 

presented in figure 2, where a text about the atomic bomb has 

been loaded. The resulting graph obtained from the mining 

process has been shown in a previous example (figure 1). 

 

 
 

Fig. 2.  Sobek’s main graphical user interface. 

 

 Sobek can also analyze a collection of texts, even if they 

are in different formats. By comparing the list of terms 

extracted from the collection of texts with the terms extracted 

from a student’s essay, the system may help teachers to check 

whether the student’s essay addressed topics which were 

important to be covered. For instance, a teacher could ask 

his/her students to write a paper based on other articles and 

texts. Using Sobek, the bibliography given to the students 

could be employed to create a base of concepts. This database 

may then be used to verify if the students discussed in their 

articles the main issues contained in the literature suggested. 

The base of concepts created automatically can also be edited. 

Concepts can be added or removed and new relationships 

between them can be created or extinguished. The base of 

concepts does not necessarily have to be created from a 

collection of articles; it can also be created manually by 

adding concepts and establishing their relationships.  

 Sobek’s first step is to break one or more texts into a set 

P of words w. This set P of words is analyzed statistically so 

we may know how many times each word appears in the 

texts. During the extraction of the words a list of stopwords is 

used to remove articles, prepositions and terms with no 

meaning from the base of concepts.  

 In order to narrow down the number of concepts on the 

graph and keep only the most important words, we propose 

the following method: 

• Firstly, we set a minimum frequency Θ  that will 

indicate the lowest number of occurrences that a word w 

must have in order to appear in the graph. As our goal is 

to provide students and teachers with a concise 

representation about a text, or a group of texts, it is 

important to present them only with the most relevant 

information. Thus, we discard those terms that have a 

number of occurrences lower than , producing a 

smaller graph without too many irrelevant terms. 

• Secondly, we use a stemmer to remove inflectional and 

derivational endings of words in order to reduce word 

forms to a common stem. For example, there is no need 

for both words lamp and lamps to appear in the graph. 

As they both express the same meaning, the one with the 

highest number of occurrences is displayed. 

• After Sobek removes from set P those words that will 

not be part of the graph, it must verify the relationship 

between the ones remaining. To do so, for each word wi

∈P, we must know which words wj,k ∈P come after and 

before it in the original text. The terms wj and wk, called 

“neighbors of wj”, are added to a list Ni with a counter. If 

a word wj  appears more than once after or before the 

word wi in the original text, its counter will be increased 

in list Ni. After this process is completed, we have a list 

of every concept and its neighbors and we can sort it to 

use only those neighbors with the highest counters. This 

process enables the tool to display only important 

relationships between terms, being based on the idea that 

if word wj is the neighbor with the highest counter for wi, 

it is likely that those two words have some meaning 

together.  

 To determine how many relationships have to be shown 

in the graph for each concept, we use the number of 

occurrences for those concepts. As a fully connected graph 

provides no information about how each word is related to the 

next, we set a maximum number of possible connections Ω . 

The number of connections for a word wi P, will be called 

Coni here. The number of occurrence of the word wi  in the 

original text will be called NumOci and the highest number of 

occurrence will be called MaxOc. The word with the highest 

number of occurrence will have, at most, connections in 

the graph. Each word will have a number of connections 

proportional to its NumOci and to MaxOc. Hence, the number 

of connections for each word wi P is: 

MaxOc

NumOc
Con i

i

Ω
=

*
 

 This will assure that those concepts that have a higher 

NumOci will also have a higher Coni, as they seem to be more 

important concepts in the text. 

Θ

∈

Ω

∈



 

 

 

5. Evaluation and Results 

A first experiment was carried out in order to verify how 

accurate were the graphs extracted by Sobek. Initially, a two-

pages text
1
 (816 words) about the topic "Realism" was 

presented to 20 high school students. The students extracted 

the graphs from the text, and then each of them wrote about 

the topic, being able to use the original text as well as the 

graph as a reference. Figure 3 shows the graph obtained from 

the text used in the experiment. 

 

 
 
Fig. 3.  Graph extracted from text about Realism 

 

 The essays produced by the students were then analysed 

to verify whether the terms of the graph were also present in 

the students’ writings. The results showed that each student 

used, on average, between nine and ten terms of the graph in 

his/her essay (9.85 terms, to be precise). Considering that the 

graph contained a total of 16 terms, an average of 61.6% of 

the terms identified by the tool as relevant appeared in each 

text produced. Such results demonstrate that Sobek was able 

emphasize a considerable number of relevant terms from the 

text. Table 1 shows the total occurrence of each of the graph’s 

terms in all of the students’ texts. 

 The most cited term of the graph in the students’ texts 

was the word “Realism”, which is also highlighted in the 

graph as the most important term. The least cited terms were 

the words “write” and “France”. Although the order of 

importance given in the graph for all of the terms does not 

follow exactly the number of occurrence of these terms in the 

students’ writings, it is interesting to observe that all of the 

terms extracted from the original text were used by the 

students in their essays. Such results reinforce the fact that the 

mining algorithm was able highlight a large number of 

relevant terms from the text. 

 A complementary experiment was carried out with 

Sobek in order to evaluate its capacity to provide summary 

representations of students’ writings. Seven undergraduate 

students in Computer Science related courses participated, 

being asked to discuss in a forum about how to design 

websites, the tools and programming languages available, and 

the artistic abilities involved. 

 
     

 
1 Complete text, in Portuguese, available at: 
http://www.artesbr.hpg.ig.com.br/Educacao/11/interna_hpg10.html 

Table 1: Total occurrence of terms in students’ texts 

 

Graph’s terms Number of occurrence 

Realism 100 

author 34 

Russian 9 

playwright 15 

emphasize 12 

write 5 

Literature 42 

France 5 

romantism 24 

naturalism 24 

romance 18 

Theater 34 

social 10 

theme 23 

screen 23 

  

 The teacher who proposed the activity confirmed that 

the graphs extracted from the students’ essays provided a 

good way to grasp the main topics discussed. Furthermore, 

the graphs elicited automatically were said to be of great 

“help not to understand thoroughly what the students had to 

say, but mostly to skim through good and bad contributions”. 

Figure 4 shows one of the graphs extracted from a student’s 

essay
2
.  

 
 

Fig. 4.  Graph extracted from a student’s essay. 

 

 In another example, we may observe how a concise 

representation of a student’s post can reveal a non significant 

contribution (figure 5).   

 

 
 
Fig. 5.  Smaller graph from another student’s writings. 

 

 In the example, the only idea represented in the graph 

was that the student agreed with what was said by other 

 
2 The graphs presented in this section were originally created in Portuguese, 

but they have been translated into English here to improve the readability of 
the paper. 



 

 

 

classmates. These results reiterate the applicability of Sobek’s 

mining procedures to elicit relevant information from texts.  

6. Discussion 

 This paper focused on detailing Sobek’s main algorithm 

and showing its effectiveness in providing correct 

representations of texts’ contents, without dealing with 

domain-specific knowledge. Gao et al. [14] also proposed a 

method for extracting terms from texts automatically, 

focusing mainly in business applications. Our approach to 

differs considerably from this method mainly for its 

representation mechanism based on graphs, and the 

consequent specificity it its algorithms.  

 Other approaches rely heavily on domain knowledge to 

enrich the mining process, as in Dayanik [15] where a method 

for text classification is proposed. Information extraction 

mechanisms also employ domain-specific knowledge to tag 

and classify data from unstructured or semi-structured 

documents [16]. The benefits of using or not using domain-

specific knowledge in mining applications has also been 

compared [17], showing advantages and disadvantages of 

each approach. In the case of our educational applications, it 

has been an important feature that the mining method runs 

automatically, with none or little interference from students or 

teachers. Because of that, the use of domain-specific 

knowledge has not been considered yet. However, we are 

currently working on the integration of Sobek with domain 

ontologies and natural language processing, in order to tag 

terms and obtain more refined results in the mining process. 

 As for the presentation of the mining results, other tools 

present relevant terms extracted from texts by highlighting 

these terms in the actual document [18], or by simply ranking 

terms through a frequency count [19][20]. Our solution is 

based on a more visual representation. From an educational 

perspective, presenting the mining results in the form of a 

graph is interesting as it takes learners to focus of concepts 

and their relationships, and to reflect about them. The 

associations suggested by the graphs lead learners to 

reasoning processes that are in many respects similar to those 

which are triggered during the analysis/development of 

conceptual maps [21]. However, while conceptual maps 

represent noun verb noun propositions, our representation do 

not follow such norm. In our mining method, terms may be 

connected without following any syntatic rule. Besides, 

conceptual maps are normally built manually, do not relying 

on any automatic mechanism.  

 Information Retrieval (IR) is another approach which 

can be used to find relevant information on textual data, 

providing an easy way to search textual documents by 

indexing them with a collection of words. While IR’s main 

objective is to find the right information to satisfy a given 

query [22], our goal has been to look for hidden patterns 

inside a body of textual data, with the focus of providing 

concise representations of documents.  

7. Conclusion 

 The main contribution of this work has been to design a 

text mining mechanism for educational applications where we 

proposed a modification in a known text mining process as to 

produce more knowledgeable outcomes. While the original 

method generated graphs with one single term represented in 

each node and with a very large number of connections, in 

our approach several terms can be placed in a single graph 

node, and the number of connections have been considerably 

reduced, according to the size of the text being mined. It 

could be argued that by connecting nodes with words that 

appear together frequently in the text, one could represent 

concepts just the same way we do by placing them together in 

a single node. However, for the user who has to interpret the 

graph, it is more difficult to grasp the meaning of a compound 

term that is dispersed in different nodes.  

 Other known text mining methods group together terms 

in order to make more accurate concept extraction from texts, 

as in [9] where relevant morph syntactic patterns are searched 

for in order to create meaningful tokens. While such 

procedure relies on the some level of linguistic processing, 

our approach is much simpler in that it is based mainly on a 

statistical analysis of the frequency with which the complete 

tokens appear in the texts.  

 Previous research has already shown promising results 

regarding the use of Sobek in educational applications. For 

instance, in Macedo et al. [13] it has been demonstrated how 

Sobek and its graph representation mechanism could give 

teachers a concise view of the students’ assignments by 

emphasizing important concepts that appeared in the texts. 

The results of the experiments carried out demonstrated the 

potential of Sobek’s text mining for the analysis of students’ 

work. Furthermore, the tool has also been evaluated by 

Azevedo et al. [23], who proposed a method for identifying 

the quality of contributions in discussion forums through a 

computational method employing the graphs extracted from 

the students’ posts. The authors showed how it is possible to 

order students’ contributions through their concise 

representations extracted by Sobek. Here, we have focused on 

detailing Sobek’s mining process, specially the add-ons made 

in the original method. Our validation procedures emphasized 

not so much the applicability of the mining tool in educational 

settings, but the accuracy of the mining results.  

 As for the current use of Sobek, the possibility to create 

a database of concepts before mining students’ contributions 

showed to be useful approach when dealing with small texts. 

As discussed in [24], it has been observed that the simple 

application of statistical analysis on small texts can produce 

undesirable results, which is inevitable.  Sobek is currently 

being integrated to a virtual learning environment and it will 

be used by a large number of teachers in several courses. The 

tool’s mining feature is also being improved by connecting it 

to different domain ontologies.  
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