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Abstract. Learning Management Systems (LSM) have been adopted to provide interaction between
instructors and students in online learning courses. In these environments, large volumes of
messages are exchanged, making it difficult for the participants to follow all the discussions.
When messages are ignored, students' opportunities to effectively construct knowledge through
online discussions are reduced. In this context, this paper proposes a method for mining the content
of messages written in Brazilian Portuguese to enhance students and instructors’ interactions in
online discussion forums. Four different automatic methods were developed, one for each of the
following four dimensions of the originality and collaboration processes: (i) Semantic textual
similarity to measure originality; (ii) Expressing appreciation towards other participants; (iii)
Recognizing group presence; (iv) Sharing information and resources; (v) Soliciting
feedback/Answering questions. The use of the methods for analyzing online discussions forums was
validated in a case study conducted in a real course. A discussion forum tool was developed to
provide feedback for students and instructors about the originality and collaboration level during
online discussions. Results showed the potential of the proposal in promoting students'
collaboration, enhancing interaction and reducing plagiarism in discussion forums.
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1 Introduction
Learning Analytics (LA) can offer practical solutions to analyze the massive amount of data generated in Learning
Management Systems (LMS), for example by applying automatic methods to extract information from the LMS
generated data (Lang et al., 2017). It can be used to improve student engagement and performance (Coffrin et al.,
2014), measuring the time elapsed by students in performing tasks (Kovanović et al., 2017a), and to model students’
“behaviour" and participation (KickmeierRust et al., 2016). In its early days, much research in LA focused on
extracting information from log data about the interaction with technology. However, recent research has focused on
analyzing the textual contents of educational resources, such as analyzing essays, the production of academic texts,
answers to open-ended questions, and online discussion forums (Lárusson and White, 2012; Simsek et al., 2015;
Dascalu et al., 2015; Kovanović et al., 2015).
Among the resources available in a LMS, educational forums are widely used to encourage student participation,
to answer questions, and to share resources (Hew and Cheung, 2008), being an asynchronous tool that can enhance
collaboration in online learning courses (Kovanović et al., 2017b). Although the adoption of discussion forums can
bring many benefits, a large volume of posts makes it difficult for the instructor and students to keep up with all
interactions and leverage opportunities for social knowledge construction (Marbouti and Wise, 2016). Thus, a relevant
issue arises: “Can large volumes of online discussion data be automatically analyzed to provide meaningful insights
for the students and instructors?" There are different approaches to deal with this problem. One line of research
proposes methods that analyze interactions within online educational discussion using shallow features, which
basically uses statistics about the interactions and simple text analysis. For instance, methods based on direct statistics
(e.g., number of posts and replies) and word cloud (Moreno-Marcos et al., 2018; Hu et al., 2018). In this case, the
methods do not consider deeper text analysis such as text semantics.

Another possibility is to adopt natural language processing methods, such as sentiment analysis (Wen et al., 2014),
text classification (Kovanović et al., 2016), and text summarization (Bhatia et al., 2014). Although the works cited
produced significant results, they were primarily designed for texts in English only. The mapping of such methods to
another language, such as Brazilian Portuguese, is not always easy or possible due to the absence of text mining tools
and resources for languages other than English, e.g. LIWC (Linguistic Inquiry and Word Count) (Tausczik and
Pennebaker, 2010) and Coh-Metrix (Graesser et al., 2004; Barbosa et al., 2021).
The present work aimed to provide methods for analyzing large volumes of collaborative discourse among
students in educational forums written in Brazilian Portuguese, thus contributing towards a broader support for
learning analytics in different languages. Particularly, this work focused on the analysis of collaborative indicators
within an online discussion. Moreover, we also analyzed the messages posted by the students in terms of the originality
of the contributions. In order to accomplish this, we proposed:
i.

ii.

Using machine learning and rule-based approaches to automatically identify the four analytics for the
detection of collaborative indicators in discussion transcripts in Brazilian Portuguese namely, expressing
appreciation towards other participants, recognizing group presence, sharing information and resources
and asking for feedback/answering questions.
Adapting a measure for semantic textual similarity originally developed in English to Brazilian
Portuguese. Such measure allowed assessing the level of novelty of a post by comparing it with the
preceding messages in the forum.

2 Background
2.1 Discussion forums. An educational discussion forum is an asynchronous communication resource often used in
LMS to promote discussions and interactions amongst participants about some educational topic (Pendry and
Salvatore, 2015). It is a communication channel where students and instructors can share questions, opinions,
comments and answers. Educational forums are usually mediated by instructors, who assist and supervise students in
their learning process (De Wever et al., 2006; Garrison et al., 2010; Ferreira-Mello et al., 2019). Instructors can adopt
the forum for:





Encouraging the creation of bonds between students (Joksimovic et al., 2014)
Developing the capacity for critical discussion about a theme or subject (Yoo and Kim, 2014)
Answering questions and comments (Lin et al., 2009); and
Assessing students (Rubio and Villalon, 2016).

Despite the advantages brought by adopting forums as communication resources in educational environments, it
may also lead to the problem of information overload (Wulf et al., 2014), hindering students from effectively
constructing knowledge (Marbouti and Wise, 2016), and instructors from being able to facilitate the online discussions
(Garrison et al., 2010). Following up a large number of posts may become a heavy workload for the instructor, which,
if not properly handled, may lower the motivation level of the students, leading to a decrease in the quantity and
quality of their posts. These problems may be addressed by adopting the methods proposed in this paper to extract
learning analytics related to collaboration and originality.
2.2 Collaboration in educational forums. Several researchers, over the last few years, have been working on
strengthening the collaborative aspects of discussion forums in online learning. Murphy (2004) lists general aspects
of collaboration that are relevant to educational forums, including: social presence; articulating individual
perspectives; accommodating or reflecting the perspectives of others; co-constructing shared perspectives and
meanings; building shared goals and purposes; and producing shared artefacts. Usually, the works to improve
collaboration in educational forums address some of these aspects.
Garrison et al. (1999) highlight the importance of social interaction in online discussions with the concept of
social presence, which is “the ability of participants in a community of inquiry to project themselves socially and
emotionally, as ‘real’ people (i.e., their full personality), through the medium of communication being used” (p. 94).
Social presence includes three categories with several indicators, which form a road-map to interpret the concept of
interactions.
All indicators proposed by Murphy (2004) and Garrison et al. (1999) are relevant to analyze social interactions.
However, four of them appear in both works and are listed as important psychological factors to improve social
participation in online discussions (Amichai-Hamburger et al., 2016; Castellanos-Reyes, 2020):






Expressing appreciation towards other participants: This binary indicator relates to students’ expression of
positive sentiments towards previous posts or forum participants.
Recognizing group presence: This indicator relates to students’ acknowledgement of the presence of peers.
Sharing information and resources: This indicator relates to the identification of links or resources shared in the
educational forum.
Asking for feedback/Answering questions: This indicator is used to identify if students are answering the
questions proposed by the instructors or raised by peers, or asking for help to understand the questions.

Therefore, the method we proposed aimed to automatically analyze those four different collaboration features to
provide useful analytics to students and instructors. Moreover, we provided a learning analytics visualization tool to
promote self-regulation among students.
2.3 Approaches to online discussion analysis. The literature offers several approaches to using learning analytics in
the context of online discussions (Joshi and Rosé, 2007; Yen, 2013; Kim et al., 2016; Wise et al., 2014; Ferreira et al.,
2020), with some emerging work on methods for automated analysis of online discussions (Mu et al., 2012; Kovanović
et al., 2016). For example, text classification can be used for assessing online participation of students and monitoring
of the learning progress through collaboration, among others (Lui et al., 2007). Moreover, Rosé et al. (2017)
summarized several applications and the importance of collaboration within online discussion in terms of student
assessment and to support instructors’ decision-making.
Profiling students’ interactions in threaded discussions is one of the most relevant applications of text analysis in
learning analytics. Ravi and Kim (2007) proposed the classification of students’ posts individually as “discourse acts"
which include the following categories: (i) complement (complement of a previous message); (ii) information
(information, command or announcement); (iii) correction (correction or objection to an earlier message); (iv)
elaboration (elaboration of an earlier message or description, including the elaboration of questions and answers); (v)
question (a question about a problem, including questions about previous messages); and (vi) answer (response to an
earlier question or suggestion). They used a set of n-gram (n varying from 1 to 4) and a Support Vector Machine
(SVM) classifier to categorize the posts. In the best case, the method reached an accuracy of 92.70%.
Recognition of the kind of message (genre) in online discussion posts is another important topic that has been
addressed in the literature. Lin et al. (2009) proposed a system that classifies the genre of a post using a bag of words
(using all words, and only verbs, adverb, or contextual words) as features and the decision tree algorithm for
classification. The genres that this system sought to identify were: (i) announcements (clarifies doubts); (ii) questions
(proposes a question); (iii) interpretation (interpretation based on facts and ideas exposed); (iv) conflict (conflicting
opinion); (v) affirmation (maintaining and defending the idea disagreed by others); and (vi) others (varied messages
that are difficult to categorize). Better results were achieved using the combination of verbs with contextual words
and adverbs with contextual words.
In addition to the classification of posts, the extraction of indicators from forums that may aid instructors in
following up on the discussion is another topic considered in the literature. McLaren et al. (2007) proposed the use of
Awareness Indicators to provide an interface that allowed the instructor to supervise all of the online discussion. This
indicator classified the posts as positive or negative, which meant whether the student needed help or not. Although
they used machine learning, the features (e.g., text length, shape type, number of in-links, number of out-links, and
number of indirect links) were provided manually. Different decision tree algorithms were evaluated, reaching an
accuracy of 85.00%.
Most of the existing research has focused on the analysis of online discussions in English. Recently, Neto et al.
(2018) proposed the adoption of LIWC and Coh-Metrix, which are text mining tools to measure text readability and
coherence, to classify higher-level classes as the cognitive presence, in Portuguese. Moreover, Barbosa et al. (2020)
and Barbosa et al. (2021) used the same tool to proposed approaches to evaluate texts in English and Portuguese
according to cognitive and social presences. While Barbosa et al. (2020) presented Multilanguage classifier, Barbosa
et al. (2021) applied text translation to create a model for both languages. Although both works provided interesting
results, they offer classifiers for high-level categories and not for specific indicators. Moreover, there has been little
attention devoted to developing systems that can transform the information extracted by text analysis into insights for
the instructors and students.
This paper aimed to address those gaps by providing both: (i) a method for the automated analysis of studentgenerated content in online discussions in Brazilian Portuguese in detailed categories; and (ii) student and instructor
dashboards with insights obtained from the automated analysis of the texts.

3 Methodology
This section presents the indicators extracted from online discussions to create the proposed dashboards. The unit of
analysis for both levels was the message posted in an online discussion. Each post can contain more than one indicator
of the analyzed dimensions. The following sections present further details on each of the proposed text analysis
methods.
3.1 Expressing appreciation towards other participants. Sentiment Analysis (SA) techniques were used to analyze
the degree of explicit friendliness in the students’ messages in the forum. The SA algorithm proposed by (Cambria,
2016) was used here to identify if a text message was either positive, negative or neutral compared with the previous
messages posted by other students in the forum. A traditional approach to SA adopts semantic resources (e.g., lexical
dictionaries) and machine learning methods. Following this idea, a Brazilian Lexical Dictionary called SentiLex was
used (Silva et al., 2012). SentiLex encompasses more than 7,000 words divided into different grammatical functions
(verb, noun, adverb, adjective) and polarities (positive, negative, neutral) as one feature for a machine learning
algorithm.
As the problem was to identify the degree of appreciation between the participants, this work focused on
extracting the sentiment related to other students in the discussion. Thus, besides the SentiLex, other four features
were used:


Proper name: As the goal was to identify the appreciation to the post of another participant, it was important to
identify the proper names listed in the post. Thus, this feature stored the number of proper names found. To
accomplish this, a Named Entity Recognizer (NER) system was used (Sarmento, 2006);
Distance Name/Complement: This feature was used to determine if an instance of appreciation is related to a
proper name or not, by measuring the distance between the proper name and the positive word extract from
SentiLex.
Information Sharing: This feature used the information sharing analytics (presented in "Sharing information and
resources" section) to eliminate the appreciation related to a resource, by looking at compliments made by a
participant to another;
Post Size: This feature captured the size of a post, in terms of the the number of characters. The idea was that
longer posts tend to have more information, thus increasing the chance of being allusive to a previous post or
another participant in the discussion.





The above features were applied to an SVM classifier to categorize posts according to their appreciation towards other
participants. Such an SVM classifier was chosen because it reached good results in a wide range of applications
(Fernández-Delgado et al., 2014).
3.2 Recognizing group presence. We proposed a rule-based approach to recognize Group Presence (Murphy, 2004).
If a post adhered to any of the four rules below, the system classified it as group presence:
i.

ii.
iii.
iv.

The first rule identified the existence of words tagged as an interjection in the analyzed post’s first three
positions. This strategy was adopted because interjections such as “hi” and “hello” customarily appear at the
beginning of a conversation, indicating group presence. The implementation of this rule made use of the partof-speech class algorithm available at Spacy1.
The second rule followed a very similar idea, but it identified the greetings at the beginning of a post instead
of the interjection. For instance, expressions such as “good morning", “good afternoon" and “good evening".
The third rule searched for plural personal pronouns (e.g., us and you) and treatment pronouns (e.g., Mr.,
Mrs., Prof.) in the message.
Finally, the last rule extracted terms representing collectives in educational settings, such as colleagues,
friends, and companions, that are classified as nouns. If one or more expressions were found, then the
analyzed post was said to have the group presence indicator.

3.2 Sharing information and resources. Students often share information and resources by posting websites in online
discussions. Thus, this feature was based on a link identification approach. Moreover, an automatic approach was used
to check if the links retrieved were related to the forum’s topics.
1

https://spacy.io/usage/linguistic-features

Initially, we used a regular expression to verify if the post contained any URL in its body. Then, the link was
validated to check if it was still active. Next, based on the content of the web page, a TFISF (Term Frequency-Inverse
Sentence Frequency) was performed to find the main concepts from the retrieved content (Neto et al., 2000). The
computation of the TFISF followed the same idea of TFIDF presented in Section Originality, but here instead of
calculating the TFIDF of a document, we used a sentence. The same TFISF analysis was made with the nouns in the
previous posts in the forum. If the intersection of both outputs was non-empty, we considered that the information
shared was related to the proposed content for discussion in the forum. Otherwise, the instructor received an alert to
check the content of the posts. It is important to mention that this feature only covered resources written in Portuguese.
3.3 Asking for feedback/Answering questions. This module aimed to classify the posts in discussion forums in:
asking for feedback (questions), answering questions (answer), and neutral comment. To accomplish that, different
features were used to train an SVM classifier (Joachims, 2002). A Genetic Algorithm (GA) (Mitchell, 1998) was used
in finding the best set of parameters for the SVM classifier.
In the feature extraction step, the information required for the classification process was retrieved from the posts.
The feature extraction used CoGrOO (Silva and Finger, 2013) to perform a part of speech tagging in each post. Next,
word vectors of each class (questions, answer and neutral) were created. To avoid vectors with high dimension, only
verbs, nouns, pronouns, adjectives and adverbs were considered.
The word vectors were ranked decreasingly concerning the representativeness (measured by TFIDF), for each
grammatical class, at the beginning of the vectors. Here, TF was the number of times a word appeared performing the
same grammatical function within the universe of postings of a specific class (questions, neutral or answer); and IDF
measured the relationship between the number of times a word appeared in a specific class divided by the total number
of posts that had this word. Finally, for each post, a vector was generated using 15 features, encompassing the pair
< 𝑐𝑙𝑎𝑠𝑠, 𝑔𝑟𝑎𝑚𝑚𝑎𝑡𝑖𝑐𝑎𝑙 𝑐𝑙𝑎𝑠𝑠 >, where the classes were question, answer and neutral; and the grammatical classes
were verb, noun, pronoun, adjective and adverb. Each position of the vector received the number of words with the
same grammatical function, which appeared in the post and in one of the word vector classes.
After the feature extraction, the postings’ classification was performed through the application of an SVM
classifier. To improve the results of the classifiers, the parameters were optimized using a GA.
The SVM received the feature vectors and performed the training using each set of parameters generated by the
GA until a termination condition was met. The GA had its initial population represented by solutions (individuals)
whose genetic material consisted of eight genes referred to the SVM parameters: 𝑆𝑉𝑀𝑇𝑦𝑝𝑒, 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦,
𝑘𝑒𝑟𝑛𝑒𝑙𝑇𝑦𝑝𝑒, 𝑔𝑎𝑚𝑚𝑎, 𝑛𝑢, 𝑐𝑎𝑐ℎ𝑒𝑆𝑖𝑧𝑒, 𝑐𝑜𝑠𝑡, and 𝑒𝑝𝑠𝑖𝑙𝑜𝑛.
The execution cycle of the GA was performed with the following steps:
i.
ii.

Initial population generation: initialization of the algorithm with individuals (solutions) with random
parameters (genes)
Evaluation of individuals: running an SVM algorithm on the set of parameters of each individual of the
population.

Each GA solution’s objective was to parameterize the SVM to classify the posts. For each execution, the Fmeasure was calculated and used as the function to be optimized; in GA, the F-measure was the “fitness" of each
individual.
To create the new generations of individuals, the following methods were used (Melanie, 1999):
i.

ii.

Crossover: aimed to mix the genetic material of the selected individuals (parents) with the purpose of
generating new solutions (children) capable of exploring new spaces in the search field, using uniform
crossing;
Mutation: inserted diversity into the population using the change (mutation) of some genes, given a
probability defined a priori.

The last step was to select the surviving individuals. In this step, the steady-state method (Melanie, 1999) was
used, which consists of selecting the best solutions within a universe constituted by the previous population and the
population acts.
The final output of this module used an optimized SVM to classify the posts into question, answer and neutral. It
was used to measure the degree of collaboration in asking for feedback and answers to questions.

3.4 Originality. The semantic textual similarity measure for Brazilian Portuguese proposed in (Cavalcanti et al., 2017)
was adapted to educational settings to detect the level of originality of the post in a forum. It measures the degree of
similarity between posts in the entire forum. To accomplish that, four features were extracted: TFIDF similarity,
Word2Vec similarity, binary similarity, and the size of sentences. Details about each of the features are presented in
the following subsections.







TFIDF. The TFIDF (Term Frequency-Inverse Document Frequency) is a statistical measure that stands for the
importance of a word in a set of documents (i.e., a set of forum messages in this case) (Ricardo, 1999), widely
used in natural language processing. Two text processing steps were used: (i) each word was expanded using two
synonyms from TeP (Thesaurus for Brazilian Portuguese) (Aluísio et al., 2008). As there is typically a number of
words in a forum message, the values of TFIDF are typically too small. (ii) application of a stemming algorithm
to reduce the sparsity of the data (Hartmann, 2016). The final similarity between two posts was calculated by
applying the Cosine distance between their TFIDF vectors.
Word2vec. The Word2vec model makes use of a neural network to build “classes of equivalence" of a given
word. Through training, Word2vec translates texts into a numerical Kdimensional vector space. Each word in a
text is represented as a vector, allowing to measure the degree of similarity between words as the distance between
two vectors (Mikolov et al., 2013). The Word2vec model used in this paper was built using the original
implementation of Word2vec2 based on Wikipedia3 and news texts obtained from the G14 portal from September
15, 2016, to December 5, 2016. The default parameters for word2vec training were adopted in the current study.
At this step, the stopwords were removed from each of the posts, which underwent lemmatization before the
similarity calculation. Then, the matrix similarity method presented in (Ferreira et al., 2016) was applied.
The Binary Similarity Matrix. The method detailed in (Ferreira et al., 2016) of the similarity matrix between
sentences was used here, but the similarity values between words were set to 1 if the words were equal and to 0,
otherwise.
Size of Posts. Based on the idea that two posts with a different number of words potentially convey different
information, an additional feature representing the size of the post was added (Zhao et al., 2014). To obtain a
value that represented the size of the post (Post Size), the number of words of the shortest post (shortPost) was
divided by the number of words of the longest post (longPost), as shown in Equation 1. Before applying this
method, the stopwords were removed.
𝑃𝑜𝑠𝑡𝑆𝑖𝑧𝑒 =



𝑠ℎ𝑜𝑟𝑡𝑃𝑜𝑠𝑡
𝑙𝑜𝑛𝑔𝑃𝑜𝑠𝑡

(1)

Linear Regression. A multiple linear regression model was applied to the four similarity measures outlined in
previous sections to obtain the final similarity value between the posts. The linear regression step aimed to verify
a functional relationship between a dependent variable and one or more independent variables (Seber and Lee,
2012).

In the educational scenario proposed, the final similarity measure was used to identify the degree of similarity
among posts from an online discussion forum. In such a case, the originality of a message is inversely proportional to
the degree of similarity between a message and all the other posts in a forum (Sánchez-Martí et al., 2018). Thus, a
higher degree of similarity means a lower degree of originality.

4 Evaluation
4.1 Context and Data. The proposed methods were evaluated on a database containing 600 posts from a
“Programming Language" module of a Computer Science undergraduate online course held at a Federal University
in Brazil in 2017. The forum was designed to account for 20% of the students’ final mark. A total of 35 students posted
messages over four weeks of discussions. The course was specifically redesigned to promote online discussions with
an emphasis on the originality of discussions and collaboration. The pedagogical goals of the forum were to be a
Question & Answering (Q&A) virtual space, and also to promote discussions among the students. In this context, the
2

http://code.google.com/p/word2vec
https://dumps.wikimedia.org/ptwiki/20160920/
4 http://g1.com.br/
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student had to post at least two messages a week (one question and one reply) in order to increase the interactivity in
the discussion. In the end, only 10% of the messages were posted by the instructor.
Two expert coders manually analyzed each post from the database, and a third person acted as a referee to solve
occasional divergences. The posts were categorized according to the presence or absence of each indicator considered:
Expressing appreciation towards other participants; Recognizing group presence; and Sharing information and
resources. Table 1 shows the distribution of the category of the posts and the Cohen’s Kappa coefficient ( 𝜅 ) (Cohen,
1960) of agreement between the evaluators.
Table 1. Post distribution in the evaluation dataset
Analytic
Appreciation
Group presence
Sharing information

Presence

Absence

κ

78
19
17

522
581
583

0.86
0.75
0.93

In addition to the experiment, a case study was performed in which the learning analytics extracted was applied
in a real-time application to assess students’ participation in the online discussion. An educational forum, called
iFórum, was developed to present the extracted learning analytics for instructors and students. This case study was
applied in a class of “Advanced topics in artificial intelligence" with 12 students in the last year of a Computer Science
course at the Federal University in Brazil, during the first semester of 2017. During this course, the students discussed
scientific papers sent to the forum by the instructor. The course guidelines recommended that the students presented
their views on the paper. The students had one week to make posts for each paper assigned. The online discussion
accounted for 20% of the final mark.
4.2 Experiments. The following evaluation measures were used to assess the proposal: (i) precision: the number of
correctly predicted classes divided by the number of all predicted classes; (ii) recall: the number of correctly predicted
classes divided by the number of all instances that should have been classified; and (iii) F-measure: the uniform
harmonic mean of the precision and the recall (Forman, 2003).
As presented in the Method section, the proposed approach used an SVM classifier to identify the appreciation
and a rulebased method to extract the group presence and the sharing of information. Table 2 shows the results obtained
with the proposed approach.
Table 2. Proposed Methods Results
Analytic
Appreciation
Group presence
Sharing information

Precision

Recall

F-Measure

94.50
80.70
84.60

94.70
76.60
81.10

94.60
78.50
82.80

All features obtained a performance above 75% of F-measure, reaching up to 94.60% for appreciation, 78.50% for
Group Presence and 82.80% for sharing information. It is important to note that the database was unbalanced due to
the nature of the forum, in which most of the posts were questions or answers. Despite that, the proposed approach
reached good results.
Moreover, as presented in the Method section, the problem of identifying “request for feedback" and “answering
to questions" was translated into a classification problem regarding questions, answers and neutral comments. The
same dataset was used to evaluate such an indicator. The 600 posts were divided into 60 posts for questions, 96 neutral
comments and 444 answers. The coding was performed using the same methodology previously described, and the
agreement reached κ = 0.89. Two scenarios were developed to evaluate the proposed classification: Scenario 1 (S1) classification of posts using the features proposed; Scenario 2 (S2) - classification of posts using a TDIDF vector as
features. For each scenario, the results were evaluated using a simple SVM classifier with default parameters and
adopting the Genetic Algorithm (GA) to optimize the SVM parameters. The evaluation was performed using a 10fold cross-validation approach.

Table 3 presents the results of the F-measure for each scenario. As the classes “question" and “answer" were
equally important, the table shows the F-measure for each class.
Table 3. Question/Answer Evaluation: F-Measure
Method

Questions

Neutral

Answers

S1 (SVM)
S1 (SVM+GA)
S2 (SVM)

87.40
97.80
28.30

97.90
99.70
99.00

98.70
98.80
95.20

S2 (SVM+GA)

54.90

99.40

96.40

The results show that the adoption of the GA enhanced the F-measure for all the classes. We highlight the
improvement in the class “question", raised from 87.40% to 97.80% and from 28.30% to 54.90% for S1 and S2,
respectively. Besides, S1 outperformed S2 in all cases. For example, S1 improved the result of the identification of
“question" in 77.04%, showing the proposed method’s efficacy. The combination S1 (SVM+GA) reached better
results than the others.

Figure 1. Proposed educational forum.
4.2 Case Study. This section presents the tool created to support the collaboration in online discussion and the results
of the proposed case study. Figure 1 presents an overview of the proposed tool. It shows the forum subject, the first
post in the forum, a navigation menu and the “thermometer", which allowed to visualize the results of the learning
analytics of the extracted indicators. This interface indicates the potential practical value of the developed algorithms
in a real course. In terms of visualization for students, the novelty proposed in this forum was the inclusion of the two
different “thermometer" bars (in the top-left part of figure 1) showing:
i.

ii.

the student’s collaboration level, which encompassed the four collaboration features proposed. The final
value of this level was measured by dividing the number of posts containing each of the collaboration features
by the total number of posts;
the level of originality, which is inversely proportional to the level of similarity between the students’ posts.

Those “thermometers” bars were visible to all participants (students and instructors) and intended to stimulate
self-regulation among the students, especially for enhancing collaborative discussion and the quality of posts, avoiding
similar messages. Moreover, an increase in the number of messages was also expected.

Figure 2. Collaboration per forum.
The proposed tool also contained learning analytics that could be accessed only by instructors, with details on the
collaboration analytics per forum and per student and the similarity among posts. Figure 2 presents the level of
collaboration analytics from a specific forum. It was also possible to visualize the same information for each student.
Such information could aid the formative evaluation and to measure student participation in the online discussion.
Figure 3 presents the analytics about the similarity in the forum, which could be accessed only by instructors. For
each post, it listed the most similar post and the similarity value. The similarities were split into 4 groups: blue (00.3), green (0.310.5), yellow (0.51-0.7) and red (above 0.7). Those groups were defined by the instructor responsible
for this case study, but they can be configured according to the course’s design. The colors blue and green meant that
the posts did not bear much resemblance to the previous posts in the forum, i.e. they were potentially original posts.
The yellow and red colors meant that the posts had /higher levels of similarity to previous posts.
In the first week of discussions (week1), a traditional forum using the Moodle platform was adopted to discuss
the articles. At the end of week1, only ten posts were recorded. Two students did not participate in the discussions,
and all others posted only once. It is important to mention that the posts entered were simply a summary of the paper
proposed for discussion.
The second paper assignment was sent in the proposed tool using the learning analytics extracted. Again, the
students had one week (week2) to interact in the forum. As a result, the number of posts on week2 was 30. Besides
that, all the students enrolled in the course participated in the forum, and there was a more significant number of
interactions between the students, counting not only posts that summarized the article but also texts that included all
four categories of collaboration identified by the proposed approach. Each student posted at least twice.

Figure 3. Similarity among posts from forum.

Table 4. Question/Answer Evaluation: F-Measure
Analytic
Week1

Week 2

Appreciation
Group presence
Sharing information
Appreciation
Group presence
Sharing information

Number of Posts

Percentage of Posts

00
03
00
06
13
13

00.00%
30.00%
00.00%
20.00%
43.33%
43.33%

Table 4 presents the increase in the number and percentage of collaborative posts from week1 to week2. It is
important to observe that week1 and week2 had 10 and 30 posts, respectively. Moreover, Figure 4 shows students’
individual behavior on week1 and week2 regarding the collaborative indicators. It is possible to see a change of
behavior in the students’ interactions after adopting the iForum tool. Every student enhanced the quality of their posts,
in relation to the features analyses, in week2 (except student 2). This shows that the proposed visualization helped
students not only to write more messages but also to incorporate the social skills analyzed.
Regarding the degree of originality of posts in the first week, the average similarity between posts was 0.28, with
a standard deviation of 0.13; while in the second week (forum tool with the proposed measure), the mean was 0.27
with standard deviation 0.09. Although there was a reduction in the degree of originality, it did not represent a statistic
difference. However, it is important to highlight that the level of plagiarism was lower with the use of the proposed
tool, even though it had three times as many posts and almost ten times as many comparisons in the forum (the first
and second week had 45 and 435 similarity comparisons, respectively). Moreover, in the second week, the posts had
a higher degree of similarity with the instructor’s first message.
As an automatic approach to improve originality, the tool sent a private message to the student who had written
a post classified in the red group before its publication. It suggested that the student could re-write their post, referring
to the previous messages (with a high degree of similarity).
Finally, the instructor used the learning analytics proposed to indicate the assignment of course grades of the
students participating in the forum. The participation in this forum represented 10% of the final marks of the course.
This 10% was determined using the automatically generated analytics and not the content of the post itself.

Figure 4. Behavior of students in the first week (Moodle) and second week (iFórum).

5 Discussion
It is important to notice that there is no other work in the literature that adopts automatic methods to identify: (i)
expressing appreciation towards other participants, (ii) recognizing group presence and (iii) sharing information and
resources for texts written in Portuguese. There are studies that proposed manual approaches to reach similar goals.
For instance, a study that sought to identify collaboration in forums and chats was reported by (de Melo Ferreira et
al., 2013), where two pairs of linguistics experts in Portuguese
were responsible for creating the rules based on a syntactic analysis. One of the pairs of experts analyzed the
discussion forum and then proposed the rules. The second pair of linguists proposed rules without viewing the forum,
creating more general rules. The results showed that the rules explicitly created for the forum obtained a better result
with 93.95% accuracy, while the generic rules resulted only in 58.90% accuracy. The generic rules approach’s low
performance when creating the rules independently of the forum is the limitation of (de Melo Ferreira et al., 2013).
The rule-based system was created to automatically generate learning analytics that allows the students to evaluate
their performance and the instructors to measure the participants’ performance in the discussion forums.
Gomes (2012) advocates a teaching-learning process centred on student interactions. He presents a system based
on natural language processing techniques to analyze interactions in discussion forums automatically. Using the
TFIDF approach, the postings were classified into the following classes: greeting, discussion, motivation, social,
information, confirmation, negation, task, clarification, inquiry, and thanks. The highest accuracy obtained was 40%
with the Bayesian classifier.
Recently, Ferreira et al. (2020) proposed a classifier based on structural features to develop a classifier for social
presence in English. Although the authors reported an accuracy value up to 0.88, it would not be possible to reproduce
the results for Portuguese directly due to the lack of resources are available to support text mining applications in
Portuguese.
As an attempt to address the problem of limited resources for automatically analyze Portuguese Language,
Barbosa et al. (2021) proposed the use of text translation techniques in combination with classification methods. The
authors found that it was possible to increase the classification of online discussion messages in Portuguese by up to
55%, translating it to English before extracting the features.
There are two main differences between the approach proposed in the current paper and the previous works
Barbosa et al. (2021); Ferreira et al. (2020): (i) both of the presented work relies somehow on English resources and
data, which is not always available; (ii) the previous studies focused on high-level social presence indicators, while
we proposed the analysis of low-level aspects.
Additionally, several works focus on the automatic cognitive presence for Portuguese (Barbosa et al., 2020; Neto
et al., 2018). However, none of them had been reproduced to the analysis of low-level indicators of social presence.
Finally, the case study presented here showed that adopting the proposed learning analytics was associated with an
increase in collaboration in educational forums in this scenario. However, further analysis is required for a
generalizable conclusion. The number of collaborative posts increased whenever the students interacted with the
indicators of originality and collaboration proposed. Moreover, the case study also presented details about the change
of behavior for each student, as they started to write more messages considering the social elements evaluated in this
study.

6 Conclusion
This work has two main contributions. First, text mining techniques were used to analyze the posts in a forum written
in Brazilian Portuguese extracting four different features: (i) Expressing appreciation towards other participants; (ii)
Recognizing group presence; (iii) Sharing information and resources; (iv) Asking for feedback/Answering questions.
To the best of our knowledge, this paper is the first to address these problems in texts written in Portuguese. Previous
works in the literature (Barbosa et al., 2020; Neto et al., 2018) presented attempts to classify the cognitive and social
presences in Portuguese; however, they focused on higher-level classes rather than on specific indicators as proposed
here.
Second, a case study in a real classroom was performed. In this case study, the instructor proposed a discussion
activity about a scientific paper related to the course topic. In the first week, they used the traditional forum, and in
the second week, a forum that shows the originality and collaboration learning analytics to the students. In terms of
content, the difference between the two weeks was the paper used as the theme of discussion.
The number of posts increased from 10 (in the first week) to 30 in the second week, and the number of posts with
collaborative indicators also rose. Besides the positive impact of the proposed analytics, other aspects may have

influenced the number of posts in the second week, such as the number of activities of the other modules, the level of
interest on the paper focus of the discussion, and the motivation of the students. Besides, the learning analytics
information was used by the instructor to assess the interactions among students.
This work’s main limitation is the small size of the dataset for the quantitative experiment and the cohort of
students (12) in the case study, and the case study’s duration (two weeks). The following points may be pursued as
lines for further work:







Replicating the case study in other courses and with a larger number of students;
Using data from other online discussions to increase the number of posts used in the training step, as some
machine learning algorithms (such as deep learning algorithms) perform better on larger corpora. This would also
improve the reliability of the results in the quantitative evaluation;
Adapting the proposed methods to other languages, such as English and Spanish. As the methods for natural
language processing are usually language-dependent, the proposed methods cannot be directly adopted;
Increasing the number of collaboration indicators (Murphy, 2004) such as: (i) Summarizing or reporting on
content, (ii) Directly disagreeing with/challenging statements made by another participant, and (iii) Introducing
new perspectives;
Conducting a focus group to understand the students’ perception of the proposed tool;
Performing an empirical study using a control group to evaluate the efficacy of the proposed method.
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