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Abstract: In the contemporary digital era, social media platforms have a big influence on students’ lives. They use these
platforms for self-expression, opinion sharing, and experience reporting (writing or sharing videos or photos about personal
experiences) in addition to social interaction. Education professionals and academics may get valuable insights into students’
thoughts, sentiments, interests, academic success, and even personalities by studying their writing on social media. We can
improve our teaching, enhance students’ social and emotional development, and create a more engaging learning environment
if we have a better knowledge of the student. The purpose of this study is to ascertain whether or not students interact with
classmates and other participants in learning platforms in a way that accurately represents their personalities. Data from a sample
of students at Abdelmalek Essaadi University of Tetouan were collected from various social media learning environments for
the experimental investigation presented in this work, and Symanto Al-based personality tool was used to assess the data. The
Big Five Questionnaire was then utilized to assess the personalities of the same students, and the findings were compared to
the personality traits discovered by the Al-based approach. The study has shown that the Al based tool has correctly predicted
the personality traits of 7 students out of 10 with a correlation of about 0,9 which means that social media-based learning
environments can be used by institutions to understand the personality of the student. This paper also gives recommendations
about data for obtaining good quality in personality prediction.
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Introduction

Student written text plays a special and dynamic role in learning environments that uses social
media. Actually, students use social media platforms like (Instagram, WhatsApp and Twitter) more and
more, and there are many advantages of using an online learning environment for educational reasons
(Christine Greenhow et al., 2019). Those platforms enable informal and spontaneous conversation
between students. Therefore, they frequently post variety of content, and they receive in return quick
feedback and interactions with other students and teachers. Among the advantage of this trend, these
interactions encourages participation and teamwork in students, which can improve their learning process
(Josué et al., 2023). Moreover, unlike standard academic writing, students may present ideas, queries,
or observations in a less structured manner. As a result, this informal setting may foster individualism,
creativity, and the exchange of different perspectives (Eysenck, 1994).

Students’ writing in social media often reflects their ideas, feelings, interests, and ways of interacting,
which can provide interesting insights about them. Thus, based on these writings, it is possible to
determine their personalities on social media using a variety of methods, including: content and interests,
language and communication style, frequency and consistency, tone and emotions, interaction patterns,
etc... (Rahman et al., 2019).

To understand individual’s personality many approaches and theories are used. The following list
presents the most well-known models:

* The Myers-Briggs Type Indicator (MBTI) (Pittenger, 1993; Tlili et al., 2016): categorizes persons
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into 16 personality types based on four dichotomies which are extraversion/introversion, sensing/intuition,
thinking/feeling, and judging/perceiving. Evry combination of these caracteristics results in a distinct
personality type, such as INFP (Introverted, Intuitive, Feeling, Perceiving) or ESTJ (Extraverted, Sensing,
Thinking, Judging).

* The Big Five (BF) Personality Traits (Caprara et al., 1993; Eysenck, 1994): Also known as the
Five Factor Model (FFM). According to this Model, there are five different dimensions of personality:
Agreeableness, Conscientiousness, Extraversion, Openness, and Neuroticism (Utami, Maharani and
Atastina, 2021). It is frequently employed in organizational and behavioral studies as well as psychology
research, offers a thorough framework for evaluating and characterizing personality traits. It is considered
that these characteristics sum up the fundamental elements of human behavior and personality.

* Freudian Personality Structure (Bronfenbrenner, 1951; Zhang, 2020): The famous Austrian
psychotherapist Sigmund Freud developed a theory of personality structure known as the Freudian
Personality Structure. According to Freud, there are three primary parts of the human mind (Id, Ego and
SuperEgo).

« Hans Eysenck’s model (Eysenck, 1991, 1981): The prominent psychologist Hans Eysenck
developed a widely known three-dimensional model of personality: Neuroticism/Emotional Stability,
Extraversion/Introversion, and Psychoticism. The field of personality psychology has been greatly
impacted by Eysenck’s work, and his model has been widely applied in studies and personality evaluation.

+ DISC (Dominance, influence, Steadiness and Conscientiousness) personality Model (Sugerman,
2009; Utami et al., 2022): Another psychological theory for understanding and classifying human behavior
in diverse contexts is the DISC Personality Model. It categorizes people into four main personality traits,
denoted by a different letter in the acronym DISC. This model is frequently applied in work environments
and interpersonal interactions in order to foster better understanding, cooperation, and communication
among people with diverse personality types.

This work considers the Big Five model as a method of analyzing the personality of students out of

all the models previously provided since it is the most widely used model and particularly because the Al
algorithm for personality detection from text is built on it.
5 Through the Automated Text-Based Personality Assessment (ATBPA) (Gjurkovi¢, Vukojevi¢ and
Snajder, 2022), artificial intelligence (Al) may predict personality from text by using well-established
psychological models. These latter can determine a person’s personality traits from written content
through analyzing the writing styles, linguistic patterns, word choices, etc.... (Christian et al., 2021). The
Al models are trained using machine learning algorithms including text classification and natural language
processing. The training of the model uses mainly the annotated data from a dataset. Therefore, the
model acquires the ability to identify patterns and connections between linguistic features and personality
traits (Gjurkovi¢, Vukojevi¢ and Snajder, 2022).

The main goal of this paper is to use one of these ATBPA tools to identify students’ personalities
based on their writing in the Moroccan dialect in social media learning environments. For this study,
we have chosen Symanto APIs as a tool. To achieve our goal, we have gathered data from students in
various social learning environments (Instagram, Twitter, WhatsApp and Google chat). This data has been
preprocessed by removing irrelevant information and then translating it into English. Subsequently, it has
been processed by the Al-based personality algorithm to predict students’ personality traits. Finally, the
students’ personality predictions obtained by the algorithm were compared to the Big Five Questionnaire
results that were gathered from the same students.

The following section presents a summary of the literature on the use of social media learning
environment. In section 3, we explain the methodology and the applied data processing approach.
Subsequently, the experiment’s findings are presented in Part 4 followed by an analysis of the results
and a discussion in Section 5. Finally, the paper ends with a conclusion that summarizes the work and
presents the implications for further research.

Social media and education

The term “social media” refers to a modern phenomenon that includes both mobile interaction and
web-based communication with internet users via web applications (Wickramanayake and Muhammad
Jika, 2018). Thanks to how convenient it is to access these applications, the majority of people utilize
social media for a variety of purposes, including recounting experiences, communicating, and sharing
stories from their everyday lives. In the case of students, the development of Web 2.0 and the emergence
of Web 3.0 have enabled students to produce content, exchange ideas, and share knowledge. This
development is definitely igniting a revolution in the world of education (Namaziandost and Nasri, 2019).

There are now numerous social media learning environments which are frequently utilized by our
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students. Among these, the most well-liked platforms include WhatsApp, Instagram, Facebook, Wiki,
Skype, YouTube, LinkedIn, Blogs, Twitter and Google Chat,... (Swaminathan, Harish and Cherian, 2013).
These platforms, according to Lim et al., can be grouped into seven categories: media sharing, text-based,
social networking, virtual world and games, synchronous communications, conferencing applications and
mashups, and mobile-based application (See Yin Lim et al., 2014). The top 17 social media learning
environments in terms of monthly active users are listed in Table 1.

Table 1
The top 17 social media learning platforms (Barrot, 2022).
Social Initial Monthly o
) ) Owner Country of origin
media release active users

Facebook 2004 2603000000 Facebook, Inc. United States
WhatsApp 2009 2000000000 Facebook, Inc. United States
YouTube 2005 2000000000 Google United States

WeChat 2011 1203000000 Tencent China
Instagram 2010 1082000000 Facebook, Inc. United States

Tik Tok 2016 800000000 ByteDance China

QQ 1999 694000000 Tencent China
LinkedIn 2002 660000000 Microsoft United States

Sina Weibo 2009 550000000 Pan Weibo China
Reddit 2005 430000000 Advance Publications United States

Kuaishou 2011 400000000 Bijing Kuaishoun Technology Co., Ltd. China
Tumblr 2007 400000000 Automattic United States
Snapchat 2011 397000000 Shap, Inc. United States
Pinterest 2009 367000000 Pinterest, Inc. United States
Twitter 2006 326000000 Twitter, Inc. United States
Skype 2003 300000000 Skype Technolgies United States
MySpace 2003 50600000 Meredith Corporation United States

Materials and Methods

This study focuses on how interactions in learning contexts reveal students’ personalities. In the
previous section, we discussed the most common social media environments that are frequently visited
by students and how they use them to interact about learning issues. On the other hand, there is a set of
Al-based tools that can be used to detect the personality of people. These tools can be used either using
Application Programming Interfaces (APIs) or Graphical User Interfaces (GUIs). In this context, we have
gathered data from students in the classroom and we have used ‘Symanto’ (https://www.symanto.com/)
as one of these Al-powered tools to evaluate their personalities.

Detecting the personality based on the tool may not be enough to confirm that it is really the
personality of the learner. Therefore, to assess the accuracy of these latter, we asked the same students
who participated in the experiment to answer a Big Five Questionnaire test. The purpose is to compare
test results to personality traits predicted by Al. As a final goal, we will then be able to investigate how
learning environments may be used to understand students’ personalities. The general steps of the
experiment are shown in Figure 1.

Data

Understanding/ g

Preparation Student

FFM
Questionnaire

|

*

ﬂ ’ AN Qe’

Comparing \
Results Questionnaire :

Symamo Personality Traits
Personality Traits

Figure 1. Summary of the student personality comparison and detection technique
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Data collection

This research involved ten students of Computer Science Engineering who were enrolled at the
National School of Applied Sciences of Tetouan at the Abdelmalek Essaadi University. We gathered their
text expressions in different contexts and from multiple social media platforms. Mainly text captured from
comments on publications (courses, labs, exercises solutions...), discussions and publications posted
by students themselves. The text was integrated and translated before being analyzed by the Machine
Learning model. Meanwhile, the same students were asked to respond to the Big Five Questionnaire test.

From numerous social media platforms, information on all target students was collected. The
targeted platforms were chosen depending on the data that is readily available for each student. For
example, concerning the first student (see Table 2) we gathered 51 samples from Whatsapp, 41 samples
from Instagram, 6 samples from Twitter and 5 samples from Google Chat. The quantity of data samples
that were collected for each student in each social media platform is displayed in the Table 2.

Table 2
Sample of data for each student per each platform included in the study

Student Instagram ~ Twitter WhatsApp Google Chat total by student
Student 1 41 6 51 5 103
Student 2 52 22 77 11 162
Student 3 38 15 42 8 103
Student 4 62 3 33 3 101
Student 5 23 2 68 15 108
Student 6 30 23 4 9 103
Student 7 13 4 56 5 78
Student 8 18 29 39 12 98
Student 9 78 12 74 22 186
Student 10 33 21 52 13 19

Total 388 137 533 103 1161

Average 388 13,7 53,3 10,3 116,1

As shown in Table 2, the number of collected data sample is not equivalent comparing different
platforms to each other’s. This is due to the fact that some platforms are more often used by students
than others (WhatsApp and Instagram for example). The total number of data gathered is 1161, with an
average of 116,1 samples for each student. The data was stored in CSV files, with each line containing
the student’s text samples arranged by their originating environment. To make sure that the content of the
students’ discussions was obvious and comprehensible and that the process of organizing the data was
completed without errors, all data was reviewed as well as we ensured the samples belonged to the right
students.

Data selection/preprocessing

In this step, we have considered data of all students taking part in the study as an adequate number
of samples was collected for each participant. In order to prevent utilizing unrepresentative samples, they
had previously been chosen using a variety of estimated characteristics.

For data cleaning, we removed some ilnsignificant data which made up less than 2.8% of the
overall data. The data has been transformed before being processed due to Moroccan students” use of
their native dialect (“darija”) in their writings. The data transformation procedure was a very challenging
step. The text could not be used in its original form since the NLP (Natural Language Processing) Model
does not support the Moroccan dialect. To address this issue, we translated the content into English as
it is a language that the model can comprehend. Therefore, we have carried out a full English translation
of the content (see examples in Table 3). The next stage was to incorporate all the student samples,
regardless of the environment type. Subsequently, all student data were collected in one entry of the
Model because we needed to predict each student’s personality separately.
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Table 3
Text language standardization to English
Sentence in Moroccan dialect English translation
o ) the teacher informs you that this Sunday is the deadline to
9alkom Iprof nhar [7ad abir ajal dyal les projets rendu _
send your projects

Lcours d8ada rah annulé tomorrow’s class is canceled
B8it les solutions dyal tepeyat | need practical works solutions
Darni rassi 8adi nmxi | have a headache; I'm going to leave
boya 3afak xof m3aya I'erreur fin kayna Bro, help me find the mistake
Walo dak logiciel mab8ach yt2anstala leya unfortunately, the software is not installed
Nari majibtx mzyan 9afarta alas, | did’t get a good mark

Symanto: personality prediction tool

To identify and analyze personalities from the text, there are several Al-based solutions. Many of
them are a paid service for business use and can be accessed only for evaluation purpose. However,
there are some other applications that are for free use in research domain. In this work we use the free
evaluation API of Symanto which is a tool that provides companies with insights from customer data.
Symanto is also provided as an API on RapidAPI (https://rapidapi.com/).

In this experiment, we used the RapidAPI web interface to send student text, which resulted in an
HTTP POST request to the API. The web service response contains predictions made by the Al Model
presented in the .json data format. This last contains the probability of each personality trait based on the
Big Five, as well as multiple subclasses of each personality trait. Only predicted values of the first level of
the Big Five personality traits were considered in this study.

Results

The preliminary results of this work are the outcomes originated from examining student writing
using Symanto Al-based tool to detect personality. The results include the probability of each personality
trait according to the Big Five Model which is displayed in Table 4.

Table 4
Students’ personality detected by Symanto
Extraversion =~ Openness Conscientiousness | Neuroticism = Agreeableness

Student 1 0,34 0,18 0,45 041 0,64
Student 2 0,39 0,42 047 0,28 0,71
Student 3 0,64 0,58 0,71 0,23 0,59
Student 4 0,45 0,53 0,73 0,44 0,66
Student 5 0,22 0,37 0,69 0,55 0,28
Student 6 0,42 0,43 0,73 0,52 0,61
Student 7 0,18 0,65 0,74 0,57 0,23
Student 8 0,45 0,32 0,45 0,37 077
Student 9 0,23 0,46 04 0,29 073
Student 10 0,54 0,66 0,73 0,36 0,71
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The same students were also requested to complete a personality questionnaire based on the Big
Five Model, as was previously mentioned. The results of this personality test are shown in Table 5.

E?L?cli:r?ts’personality detected based on the BF Questionnaire.
Extraversion = Openness @ Conscientiousness = Neuroticism | Agreeableness

Student 1 0,3 0,2 04 0,4 0,6
Student 2 0,5 0,1 0,6 0,6 05
Student 3 0,7 0,6 0,8 0,3 0,6
Student 4 05 05 08 04 0,7
Student 5 0,7 0,1 04 0,2 0,6
Student 6 04 04 08 0,6 05
Student 7 04 0,8 0,3 0,8 0,2
Student 8 05 0,3 05 04 08
Student 9 0,3 04 0,3 0,3 0,7

Student 0,6 0,7 0,6 0,3 08

Representing personality traits detected by the Al based tool and those assumed by the
Questionnaire in a radar chart for each student can assist in comparing their results. The following figures
illustrate the radar charts buit based on the comparison between the results of the tables presented
previously (see Figure 2).

Student 1 Student 2

T SYMANTO QUESTIONNAIRE ——SYMANTO QUESTIONNAIRE

Extraversion
08

Student 5 | Student 6

—smanto QUESTIONNAIRE
——SYMANTO QUESTIONNAIRE
Extraversi jon
07 .
Extraversion
[ 038
0s
04 06
03 0,
greeabl o, openness !
rb»‘V‘ greeabl % penness
4 0
neuroticism  conscientiousness

Student 7 Student 8

——symANTO. QUESTIONNAIRE 3 ——SYMANT ] QUESTIONNAIRE
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Student 9 | Student 10

——SYMANTO QUESTIONNAIRE ——SYMANTO QUESTIONNAIRE

Extraversion Extraversion
08

08
07 07
0.6 a6
04 04
agr 03 . 03

< e agr pY openness

1 01
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N, \/

neuroticism conscientiousness neuroticism conscientiousness

Figure 2. Radar charts of personality predictions for each student

The above-mentioned data demonstrates that diverse personalities predicted by the Al based tool
do not always produce similar results based on the Questionnaire. Some students’ predictions (students
1, 3, 4, and 8) are quite accurate. However, there is a huge difference between predicted personality of
three students compared to their personality detected by the BF Questionnaire (Student 2, Student 5 and
Student 7).

Therefore, in order to evaluate results more precisely, we have decided to use metrics that can give
more insights from the results. Bellow we present all the metrics used:

* HPT (Highest personality traits): is when a student’s highest personality trait value from the Al-
based tool and his highest personality trait value from the Questionnaire are same, this setting is set
to true. This metric will give us a rate that describes how much the model predicts the most dominant
personality trait.

* LPT (Lowest personality traits): is when a student’s lowest personality trait value from the Al-
based tool and his lowest personality trait value from the Questionnaire are the same, this setting is set to
true. This metric will give us a rate that describes how much the model predicts the weakest personality
trait in a person.

« ME (Mean error): is a measurement of the average difference between the value of a personality
characteristic predicted by an Al-based tool and the value supplied by a Questionnaire for that same
personality trait. When this number is small, predictions are reliable and accurate.

+ SD (Standard deviation): gauges the variation in the mean error of the difference between the
expected and actual values. When this score is low, there are few discrepancies in predictions for the five
personality characteristics.

In order to obtain a more accurate result, we have assumed that unifying the precision of the
obtained results can provide a more exact metrics’ values since the precision of the values produced by
the Al-based tool (2 digits after the decimal point) and those returned by the Questionnaire (1 digit after
the decimal point) are not the same. Hence, the mean error and standard deviation were recalculated
after unifying the values.

Table 6 summarizes the results of different evaluation metrics that compares personality prediction
of Symanto Al based solution to that of the Big Five Questionnaire.
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Table 6
Evaluation metrics results of the comparison between Symanto APIs and the Big Five Questionnaire
ME (unified SD (unified
HPT LPT ME SD . .
precision) precision)
Student 1 True True 0,0320 0,0164 0,0200 0,0447
Student 2 False False 0,2180 0,1003 0,2000 0,1000
Student 3 True True 0,0500 0,0339 0,0600 0,0548
Student 4 True True 0,0460 0,0152 0,0200 0,0447
Student 5 False False 0,3420 0,0829 0,3600 0,0894
Student 6 True True 0,0620 0,0370 0,0600 0,0548
Student 7 False False 0,2140 0,1494 0,1800 0,1483
Student 8 True True 0,0360 0,0134 0,0000 0,0000
Student 9 True True 0,0540 0,0351 0,0600 0,0548
Student 10 True True 0,0760 0,0351 0,0800 0,0447
All students 7110 7/10 0,1130 0,0519 0,1040 0,0636

The Symanto APIs predict correctly the highest and lowest personality traits in seven students
from a total of ten students. For all students, the mean difference is roughly 0.11, while the standard
deviation is about 0.05. The model predicts the Big Five personality characteristics well based on initial
measurements or unified precision metrics.

The objective of evaluating the correlation between predictions from the Symanto Al-based model
and those from the Questionnaire is to figure out the accuracy of Symanto APIs for each personality trait.
Therefore, instead of comparing the values themselves, the purpose is to compare the variety of the
predictions. This indicates that if the correlation is close to 1 the values predicted by the Al based tool and
those of the BF Questionnaire are very dependent. In other words, the change in the personality from
one student to another occurs in exactly the same way even if the predicted values are not completely
identical to those identified by the BF Questionnaire. This also means that for each personality trait, there
is a very strong correlation between the predictions made by the Al-based model and the outcomes of the
Questionnaire. The correlation results are shown in Table 7. It was calculated both separately for each
personality trait as well as overall for all personality traits.

anl;;:/;ﬁon between Symanto predictions and Questionnaire results

Correlation Correlation (unified precision)

Extraversion 0,4731 0,4572

Openness 0,8402 0,8486

Conscientiousness 0,4691 0,4839

Neuroticism 0,3573 0,3164

Agreeableness 0,7114 0,7578

All traits 0,6143 0,6168

As shown in the previous table, the correlation values of personality traits in the Symanto model
range between 0.31 and 0.84. The correlation coefficient for all traits is approximately 0.61 based on the
initial values and on the unified precision values. In general, we cannot deny the relationship between
the model’s predictions and those calculated by the Questionnaire. However, the correlation is not very
strong, balanced around 0.6.

Even the correlation between results indicated by the Questionnaire and those predicted by the Al-
based model is significant, we cannot consider it substantial. Moreover, we had identified three students
(students 2, 5 and 7) whose findings were considerably different when comparing Symanto Al-based
model predictions to the Questionnaire ones (see radar charts in Fig. 3). Consequently, presuming that it
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contains biased data (see discussion section), we decided to recalculate the correlation after eliminating
these three students’ data (see Table 8). The correlation increased substantially as a result of this
modification approaching 0.9.

anl;;:/gﬁon between Symanto predictions and Questionnaire results after elimination of biased data
Correlation Correlation (unified precision)

Extraversion 0,9591 0,9341
Openness 09787 0,9758
Conscientiousness 0,9131 0,9303
Neuroticism 0,8702 0,7727
Agreeableness 0,8526 0,8775
All traits 0,9453 0,9309

We were able to assert the absurdity of the predictions made about the three students by reevaluating
the data while taking into consideration the samples which show the personality of the student. Table 9
summarizes the results of this reevaluation while table 10 shows some examples of low and good quality
samples.

Table 9
Number of samples classified by quality after the revision.
Number of good-quality Number of low-quality
Student Total by student
Samples Samples
Student 1 92 11 103
Student 2 33 129 162
Student 3 87 16 103
Student 4 89 12 101
Student 5 21 87 108
Student 6 93 10 103
Student 7 21 57 78
Student 8 90 8 98
Student 9 163 23 186
Student 10 104 15 19
Total 793 368 1161
Table 10
Examples of good and low quality samples after the revision.
Examples of good-quality Samples Examples of low-quality Samples
| suggest collaborating with you on this project. The teacher has already shared the correction.
| must complete the exercise on time. The update is complete.
| think | can help you debug this code. [ will not be present in the next session.
Discussion

Concerning the evaluation of Symanto as a personality prediction tool, we can confirm from the
beginning based on the radar charts representation that Symanto Al-based solution was successful in
predicting personality traits based on the Big Five Model. Predicted personality of seven students from
ten was very close to this obtained by the questionnaire.
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The evaluation metrics defined in this research revealed more important information about the
evaluated model. For the same seven students, the most and least dominant personality traits were
correctly predicted. The low values of the Mean Error and the Standard deviation confirm that the
predictions are very accurate.

Unifying the precision of the values obtained was supposed to give a more precise comparison
between the results. However, the findings of the metrics recalculation following the adjustment of values
with a uniform precision did not significantly affect the initial results. But in any case, we can consider that
this consequently confirms the initial results.

The correlation between the two compared results is a very significant metric that calculates
numerically if the values of personality vary in the same manner in both compared approaches. A more
important insight that correlation gave us is the variation concerning each personality trait separately. The
calculation of this metric showed significant correlation based on the results of all students for all personality
traits. Regarding the assessment of the correlation of each personality trait apart, the correlation was
raised for the Openness and the Agreeableness, on the other hand it was not very significant for the rest
of the traits.

Although overall the results obtained clearly show that the Al-based tool can detect the personality
of students. We looked for an explanation for the failure of this process for the three students concerned.
The most likely hypothesis based on how the Al model worked was the quality of the text gathered
for these students. The text written by a person may in certain cases not reflect its true personality.
This means that the personality detection algorithm may not be responsible for the error of a detected
personality from a text that does not contain expressions that really show this personality. The Symanto
team also recommends using text that specially expresses the person point of view because trough this
the person shows its personality. According to this, we decided to revise (human revision) all the data to
check the quality of the text taking in order to classify it according to this criterion. Table 9 represents the
number of good-quality and low-quality samples for each student after the revision of the data. Examples
of good and low quality text are shown in table 10. Therefore, based on the results of the new revision
we decided to exclude the data of the three students and recalculate the same evaluation metrics based
on the remaining seven students. We considered that the new results are fairer to evaluate the model
because they are not affected by low quality text.

The re-evaluation of the model based on the seven students who wrote texts that show more of their
personality yielded more accurate results. The correlation is really very strong between the personality
detected by the model and that of the questionnaire. The latter has spread 0.9 for all personality traits while
it was between 0.85 and 0.97 for separated personality traits. This confirms substantially the accuracy of
the predictions of the personality.

Generally, we can assume that this Al-based tool that employs related techniques from NLP to
identify personality from language expression predicts personality traits exceptionally well. This fact is
strongly conditioned by having sufficient data collected about each evaluated student, as well as by the
quality of the data that should include expressions that reveal the student’s thoughts and behavior.

Ultimately, as understanding students’ personalities is very important in the teaching and learning
context. The present study shows that using automated text-based personality assessment combined
with good quality text of student collected from social media-based environment can help in detecting
student personality instead of using the traditional Big Five Questionnaire. and therefore, thanks to these
tools we can develop specific solutions that automatically detect the learner’s personality in social media-
based learning environments.

Conclusions

In the current study, we collected data from social networks where students discuss about learning.
We specifically gathered data from Twitter, Google Chat, Instagram, and WhatsApp groups. Data was
processed using the Al-based Symanto APIs in order to identify students’ personalities. The outcomes of
this latter were analyzed to determine if the combination of student data from learning environments and
this tool can help in identifying student’s personality. The results from the Symanto Al-based tool were
compared to results from the personality test Questionnaire.

According to the study’s outcomes, Symanto APIs can be really helpful in determining a student’s
personality based on their interactions in learning environments. Most of the student’s personality traits
were implied in their written text. Moreover, text quality is the most important factor in determining a
student’s personality.
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The evaluated tool accurately identified the dominant personality characteristic and almost every
other trait with a very low error value. Furthermore, the correlation between projected personality from text
and those found by the Questionnaire was very significant (around 0,9) after omitting three students who
were considered as outlier samples. Either for personality in general or for individual personality traits, the
correlation value is considerably strong.

This experiment also shows that not all of the students’ personalities can accurately be identified
from text. Out of 10 students, three had personalities that the Al-based tool was unable to identify. This
failure can be explained by the text itself more often than by the tool’s inefficiency. The data of these
students does not contain sufficient expressions that show explicitly students’ personality traits. Therefore,
it is strongly recommended to check the quality of the text before processing it by the model to detect the
personality.

In future work, we will evaluate other Al personality detection tools and test them on other data to
be collected. We will also study other personality detection techniques that are not text-based to ultimately
build a multimodal solution that detects personality from several data sources.
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