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The Influence of Group Big-Five Personality Composition
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environment. In online discussion, many facts can affect
student engagement, such as students’ personality traits, selfefficacy and basic psychological needs. And personality trait
is an important aspect [12], [13]. The related researches
mostly pay attention to the individual personality traits of
students. Group discussion is a process in which students
collaborate to solve problems. The personality traits
composition of group members will affect student
engagement and the effect of collaborative learning.
Therefore, this study aims to explore the impact of Big-5
personality composition on student engagement in the online
discussion.

Abstract—To explore the influence of the group personality
composition on students' engagement in the online discussion,
correlation analysis was conducted among the Big-5 personality
of group members and student engagement in the group. This
study comprehensively used four measurement indicators of the
Big-Five personality of group members as group composition:
average, variance, maximum, and minimum. In this study,
student engagement was divided into behavioral engagement,
affective engagement, and cognitive engagement. The study
found that the combination of the Big-Five personalities in the
group could have an impact on student engagement, especially
affective engagement. When organizing students' online
discussion, the instructors need to consider the personality
characteristics of the group members carefully.
Index
Terms—Five-factor
personality,
personality
Composition, student engagement, online discussion.

II. LITERATURE REVIEW
A. Student Engagement in Online Discussion
Student engagement is defined as the student's
psychological commitment and effort to learn, understand,
and acquire knowledge, skills, and technology that are
directed toward academic work [14]. According to previous
studies, student engagement consists of three or four
components [15]. The three-component model, which this
study used, has been widely accepted [9]. The three
components are behavioral engagement, affective
engagement, and cognitive engagement.
Behavioral engagement is the concentration of effort,
persistence, and energy that students demonstrate in the
learning process [16]. It is behavior that reflects the
participation of their learning activities, including asking
questions, answering questions, actively discussing, and
completing tasks [17], [18]. Behavioral engagement in online
discussions can be lecture coverage and quiz coverage [19],
or log file data(such as discussion posts, annotating and
commenting, etc.) [20]. Affective engagement is considered
to be the student's emotional response to the group and the
learning content, including the degree of student attachment
to the teacher and peers (such as group belonging), and the
emotional experience of learning content interest, importance,
and learning process pleasure [18], [21]. The definition of
cognitive engagement given by researchers is slightly
different. Some scholars believe that cognitive engagement
represents motivation and effort for challenges, and the
ability to face failure with optimistic attitude [18], [21]. Some
researchers emphasize that the connotation of cognitive
engagement should be that students use psychological
resources and inputs such as cognitive and metacognitive
skill strategies to construct knowledge, solve problems and
complete tasks [22].Because of the inseparable relationship
between students' motivation and cognitive effort, others
think that both of them should be regarded as the connotation
of cognitive engagement [4], [23].

I. INTRODUCTION
Since the beginning of the new century, with the rapid
development of information technology, education entered a
new era. Online learning breaks the limitation of time and
space and is widely used in the fields of elementary education
and higher education [1]. For example, MOOCs enables
global learners to obtain high-quality learning resources. At
the same time, a variety of social networking sites and
software make it possible for learners from all over the world
to have real-time interaction. As a typical representative of
online learning, online discussion is commonly used in
higher education because it can effectively promote
interaction and feedback among group members, and further
support learning achievement [2], [3]. Studies have shown
that online discussion can support students' active learning
[4], develop higher-order thinking [5], and social awareness
and performance [6]. All the above benefits need to be based
on students' engagement [7], [8]. In other words, if students'
engagement is low, the advantages of online discussion will
be hard to show [9]. Previous studies have shown that student
engagement is related to academic performance, knowledge
acquisition, and motivation [10]. Increasing student
engagement is considered as an effective way to solve the
problem of "low interest in learning and high dropout rate"
[11].
It is generally believed that students' engagement is the
product of the interaction between individuals and the
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Studies about CMC (computer mediated communication)
focused on both SCMC (synchronous CMC) and ACMC
(asynchronous CMC). However, with the development of
information technology, the boundaries between
synchronous and asynchronous are gradually blurred. Most
of the learners are in the "always online" state [24]. Therefore,
this study focuses on the online environment to explore
student engagement in discuss. Based on existing studies,
researchers generally believe that student engagement is the
product of the interaction between individuals and the
environment [16], [25]. On personal level, personality trait is
an important aspect.
B. The Effect of Personality Traits on Student Engagement
After several generations of psychologists' efforts, the Big
Five personality has become the main classification of
personality structure. It includes five dimensions.
Neuroticism describes an individual's ability to withstand
stress. Extroversion reflects the external tendencies of the
individual nervous system. Openness reflects the openness
and creativity of individuals to experience. Agreeableness
reflects the individual's interpersonal orientation in social life.
Conscientiousness reflects self-restraint and motivation and a
sense of responsibility for achievement.
Studies found that personality was related to the student’s
engagement and academic achievement [26], [27].
Personality traits may affect students' ability to establish an
excellent cooperative relationship with others in group
learning and thus affect the collective learning effect and
investment. And more nuanced and context-minded
perspective on the trait - performance relations is needed [28].
Caraway found that in the traditional offline classroom, high
school students' emotional engagement will be affected by
their personality and self-efficacy [12]. SuLea conducted an
empirical study on pre-service students to explore the impact
of students' personality traits on job engagement. The results
showed that agreeableness and conscientiousness were
positively correlated with job engagement, while neuroticism
is negatively correlated with job engagement [13]. However,
the above conclusions were obtained in the traditional
teaching environment and only considered the individual
personality traits of students. Group discussion should be
investigated because it is a process in which students
collaborate to solve problems.
Differences in personality traits among team members
could cause differences in behavior, and inconsistencies in
such behavior often affect team performance [29]. In other
words, the personality traits composition of group members
will affect student engagement and the effect of collaborative
learning. But few studies had focused on the impact of Big
Five personality composition on student engagement. This
study aimed to explore the influence of the group personality
composition on students' engagement in the online
discussion.
C. The Effect of Personality Traits Combination on
Student Engagement
To explore personality traits combination, there are four
indexes: average, variance, maximum, and minimum of the
team personality composite. The average of team personality
trait is also called Team Personality Elevation (TPE), and the
variation of team personality trait is also called Team
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Personality Diversity (TPD) [30]. TPE takes the overall level
of traits into account, and TPD pays attention to the diversity
of members. Maximum and minimum are meaningful when
an individual has a significant influence on a group [29], [30].
Neuroticism describes an individual's ability to withstand
stress. A student with high scores for neuroticism has higher
anxiety levels and is prone to hostile suppression and panic.
Studies found that academic performance is negatively
correlated with neuroticism [27]. When a team with high TPE
of neuroticism, whose members are most likely to be anxious
and emotional, its cohesion will decline. And a member who
has very high neuroticism may bring negative emotions to the
whole group [29]. So, we state the following research
hypotheses:
H1a. In online discussion, TPE and the maximum of
neuroticism are negatively correlated with student
behavioral engagement.
H1b. In online discussion, TPE and the maximum of
neuroticism are negatively correlated with student
cognitive engagement.
H1c. In online discussion, TPE and the maximum of
neuroticism are negatively correlated with student
affective engagement.
Extroversion reflects the external tendencies of the
individual nervous system. Students with high scores are
enthusiastic, positive, adventurous, and social. When a team
with senior extroversion members, its cohesion will be stable.
On the other hand, when TPD of extroversion is large, the
probability of conflict within the group may decrease. So, we
state the following research hypotheses:
H2a. In online discussion, the maximum and TPD of
extroversion are positively correlated with student
behavioral engagement.
H2b. In online discussion, the maximum and TPD of
extroversion are positively correlated with student
cognitive engagement.
H2c. In online discussion, the maximum and TPD of
extroversion are positively correlated with student
affective engagement.
Openness reflects the openness and creativity of
individuals to experience. A student has low openness score
is practical, unwilling to change, willing to obey others'
arrangement. If all the students in a group do not have a lower
level of openness, it may cause conflicts in group discussions,
resulting in lower group engagement. On the other hand,
teams with open individuals are more creative, more
proactive, will have a good communication effect. And some
studies have shown that openness and extroversion are
positively correlated with student engagement [26]. So, we
state the following research hypotheses:
H3a. In online discussion, TPD and the maximum of
openness are positively correlated with student
behavioral engagement; TPE and the minimum of
openness are negatively correlated with student
behavioral engagement.
H3b. In online discussion, TPD and the maximum of
openness are positively correlated with student
behavioral engagement; TPE and the minimum of
openness are negatively correlated with student
cognitive engagement.
H3c. In online discussion, TPD and the maximum of
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openness are positively correlated with student
behavioral engagement; TPE and the minimum of
openness are negatively correlated with student affective
engagement.
Agreeableness reflects the individual's interpersonal
orientation in social life. Students have a high score of
agreeableness, trust others, dislike conflict, and are
benevolent. Agreeableness increases mutual attraction
among members, teams become more open, and team
communication is more fluid. A high agreeableness member
may act as a lubricant in the team, while a deficient
agreeableness member can destroy team relationships. So, we
state the following research hypotheses:
H4a. In online discussion, the maximum, minimum and
TPE of agreeableness are positively correlated with
student behavioral engagement.
H4b. In online discussion, the maximum, minimum and
TPE of agreeableness are positively correlated with
student cognitive engagement.
H4c. In online discussion, the maximum, minimum and
TPE of agreeableness are positively correlated with
student affective engagement.
Conscientiousness reflects self-restraint and motivation
and a sense of responsibility for achievement. Studies have
shown a positive link between academic achievement and
conscientiousness [31]. In a team or group, if the TPD of
conscientiousness is large, the member with higher
conscientiousness needs to make up for the member with
lower conscientiousness, which may reduce the efficiency of
the team. So, we state the following research hypotheses:
H5a. In online discussion, the maximum, minimum and
TPE of conscientiousness are positively correlated with
student behavioral engagement.
H5b. In online discussion, the maximum, minimum and
TPE of conscientiousness are positively with student
cognitive engagement.
H5c. In online discussion, the maximum, minimum and
TPE of conscientiousness are positively correlated with
student affective engagement.

questions, such as, I feel good discussing with my partners)
was used to measure the affective engagement of students
[32]. According to Zhu [33] and Bloom's learning hierarchy,
the cognitive engagement was divided into 11 levels in 5
categories (e.g., seeking information, ask deep questions,
responding, explanatory). Coding was conducted by two
researchers independently, with the Kappa coefficient of
0.753. The Chinese version of the NEO-Personality
Inventory [34] was used to measure students’ Big-Five
personality. The individual Big-Five Personality was
measured in the current study.
C. Data Collection and Analysis
The online discussion task was posted in the WeChat
group, and the discussion task was related to the content
of Development Psychology. After the students completed
the discussion task within the specified time, each student's
affective engagement and Big Five Personality were
evaluated via relevant scales. 551 online discussion episodes
within the 17 groups were collected to evaluate students’
behavioral engagement and cognitive engagement. There
were missing values in the questionnaires of 7 students. 90
students’ data were finally covered.
The Big Five Personality measured in this study was
individual. Then the average, variance, maximum, and
minimum of Big-5 traits were computed. The Pearson
correlation analysis was conducted among the four measures
of personality traits and student engagement in the group.

IV. RESULT AND DISCUSSION
A. Descriptive Statistics
Students' personality traits were explored using the Big
Five model. It was found that openness was the highest
scoring trait characterizing the students (M = 3.61).
Agreeableness also characterized the students with a high
score (M = 3.47). However, neuroticism was not found to
have a high score (M = 2.85); in fact, it was found to score the
lowest (Min = 1.25). The maximum score was found in
conscientiousness (Max = 4.83). The widest range of scores
and differences within a group were found in the neuroticism
trait (Variance = 0.359), whereas agreeableness had the
smallest range of scores (0.188) (see Table I). Scores were
lower than those of Israeli and American college students
[35], [36].

III. RESEARCH DESIGN
A. Participants
A total of 97 (15 males, 82 females) undergraduate
students participated in this study. They were recruited from
two “Human Development” classes in one university in
Beijing, China. “Human Development” is a required course
for all students majored in Education. There were 46 students
(including 9 males) in one class, and 51 students (including 6
males) in the other. The participants were randomly divided
into 17 groups (5 or 6 students/group). WeChat discussion
groups were set up for each group. The participants were
assigned discussion tasks related to the content they had
learned in the course.

TABLE I: THE DESCRIPTIVE STATISTICS OF PERSONALITY TRAIT AND
STUDENT ENGAGEMENT
Min
Max
Mean
Variance
Neuroticism
1.25
4.17
2.85
0.359
Extroversion
2.25
4.35
3.45
0.213
Openness
2.58
4.5
3.61
0.216

B. Instruments
The number of messages sent by students during the
discussion was used as the indicator of behavioral
engagement (Hsieh & Tsai, 2012). Skinner, Kindermann, and
Furrer's scale (Cronbach's alpha = 0.85, contains ten

Agreeableness

1.83

4.33

3.47

0.188

Conscientiousness
Behavioral
engagement

1.92

4.83

3.44

0.352

1

23

6.12

15.052

Cognitive variance

4

89

28.61

288.757

Affective
engagement

27

46

35.56

26.609

As for student engagement, the mean of behavioral
engagement (M = 6.12) meant that on average, each student
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tpe and affective engagement’s maximum, average and
variance (r = 0.746, P < 0.001; r = 0.686, P < 0.001; r = 0.716,
P < 0.001). Moreover, there were significant positive
correlations between extroversion minimum and affective
engagement’s maximum, average and variance (r = 0.613, P
< 0.001; r = 0.548, P < 0.001; r = 0.502, P < 0.001). This
meant that for extroversion, the student with lowest score
determine the overall engagement of the group. That is to say,
in online discussions, the difference in extroversion of
members did not promote the discussion. On the contrary,
when all the students in the group were extroverted, the
students' emotional involvement was high. It might be
because that, in the online discussion, students' non-verbal
information is keep apart by the screen. In order to achieve
high engagement, students need to be more willing to express
themselves in online discussions than in face-to-face
discussions.

sent 6.12 messages in the discussion. And the lowest engaged
student sent 1 message. The mean of cognitive engagement
was 28. It meant that most of them did deep discussion. The
average of affective engagement was 35.56 (see Table I).
B. Neuroticism Influence
Regarding neuroticism, we hypothesized that TPE and the
maximum of neuroticism were negatively correlated with
student behavioral engagement, cognitive engagement and
affective engagement. However, as shown in Table II, there
was no clear correlation between neuroticism and behavioral
engagement or cognitive engagement. As for affective
engagement, there was a significant negative correlation
between neuroticism maximum and the average of affective
engagement (r = -0.546, P < 0.05). This is consistent with the
hypothesis. A team with a student with high neuroticism
score, is most likely to be anxious and emotional. Moreover,
the maximum and TPE of neuroticism were negatively
correlated with the minimum of student engagement (r =
-0.598, P < 0.05; r = -0.523, P < 0.05). It further confirmed
our hypothesis that students with high neuroticism are prone
to anxiety and uneasiness in online discussions, and thus have
lower engagement. The result showed that there was no
significant relevance between neuroticism TPE and student
engagement. The possible reason might be the small group
size and low number of discussions in this study.

TABLE III: THE PEARSON CORRELATION ANALYSIS OF GROUP
PERSONALITY EXTROVERSION TRAIT COMBINATION AND STUDENT
ENGAGEMENT
Extroversion
Minimum
Maximum
TPE
TPD
Cognitive
0
-0.035
-0.093
-0.107
minimum
Cognitive
-0.12
0.043
-0.009
0.166
maximum
Cognitive
-0.001
-0.003
0.002
0
average
Cognitive
-0.231
-0.087
-0.092
0.24
variance
Behavioral
-0.006
0.001
-0.044
-0.047
minimum
Behavioral
-0.143
-0.074
-0.09
0.188
maximum
Behavioral
0.006
-0.037
0.012
0.026
average
Behavioral
-0.317
-0.207
-0.248
0.326
variance
Affective
0.381
0.294
0.417
-0.16
minimum
0.746
Affective
0.613 **
0.41
-0.301
***
maximum
Affective
0.548*
0.376
0.686**
-0.218
average
Affective
0.502*
0.338
0.716***
-0.202
variance
* p<0.05, ** p<0.01, *** p<0.001

TABLE II: THE PEARSON CORRELATION ANALYSIS OF GROUP
PERSONALITY NEUROTICISM TRAIT COMBINATION AND STUDENT
ENGAGEMENT
Neuroticism
Minimum
Maximum
TPE
TPD
Cognitive
-0.182
0.031
-0.075
0.045
minimum
Cognitive
-0.056
-0.016
0.036
-0.132
maximum
Cognitive
-0.063
-0.05
-0.018
-0.129
average
Cognitive
0.021
0.089
0.195
-0.117
variance
Behavioral
-0.075
0.101
0.053
-0.037
minimum
Behavioral
0.066
-0.043
0.137
-0.2
maximum
Behavioral
0.012
-0.024
0.062
-0.154
average
Behavioral
0.13
0.052
0.307
-0.148
variance
Affective
-0.028
-0.598 *
-0.523 *
-0.378
minimum
Affective
0.134
-0.458
-0.316
-0.379
maximum
Affective
0.074
-0.546*
-0.392
-0.401
average
Affective
0.159
-0.202
-0.091
-0.211
variance
* p<0.05, ** p<0.01, *** p<0.001

D. Openness Influence
Regarding openness, we hypothesized that TPD and the
maximum of openness were positively correlated with
student engagement; TPE and the minimum of openness
were negatively correlated with student behavioral
engagement.
TABLE IV: THE PEARSON CORRELATION ANALYSIS OF GROUP
PERSONALITY OPENNESS TRAIT COMBINATION AND STUDENT
ENGAGEMENT
Openness
Minimum
Maximum
TPE
TPD
Cognitive
0.245
-0.14
0.046
-0.175
minimum
Cognitive
0.233
0.159
0.454
-0.131
maximum
Cognitive
0.347
-0.05
0.29
-0.275
average
Cognitive
0.074
0.255
0.473
-0.015
variance
Behavioral
0.245
-0.288
0.075
-0.328
minimum

C. Extroversion Influence
We hypothesized that the maximum and TPD of
extroversion are positively correlated with student behavioral
engagement, cognitive engagement and affective
engagement. However, as shown in Table III, there was no
clear correlation between extroversion and behavioral
engagement or cognitive engagement. As for affective
engagement, there was no significant correlation between
extroversion maximum and affective engagement. And there
were significant positive correlations between extroversion
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Behavioral
0.54 *
0.109
maximum
Behavioral
0.45
-0.063
average
Behavioral
0.469
0.283
variance
Affective
0.434
-0.014
minimum
Affective
0.139
0.01
maximum
Affective
0.261
0.065
average
Affective
-0.101
0.072
variance
* p<0.05, ** p<0.01, *** p<0.001

0.518*

-0.311

0.347

-0.306

0.532*

-0.165

0.323

-0.319

0.364

-0.105

0.481

-0.134

0.314

0.162

with the hypothesis. In the online discussion, students with
high agreeableness had high affective engagement and can
prove the group engagement.
F. Conscientiousness Influence
We hypothesized that the maximum, minimum and TPE of
conscientiousness were positively correlated with student
behavioral engagement, cognitive engagement and affective
engagement. However, as shown in Table VI, there was no
clear correlation between student behavioral and cognitive
engagement and the minimum and TPE of conscientiousness,
and there was no obvious correlation between affective
engagement and the maximum of conscientiousness.

However, as shown in Table IV, there was no clear
correlation between student engagement and TPD and the
maximum of openness. There were significant positive
correlations between the minimum and TPE of openness and
the maximum of affective engagement (r = 0.54, P < 0.05; r =
0.518, P < 0.05). This was contrary to the hypothesis. It
illustrated that the high openness of group members (rich
feelings and strong curiosity), including the high openness of
students with lowest scores, would stimulate the discussion
enthusiasm of other members of the group.

TABLE VI: THE PEARSON CORRELATION ANALYSIS OF GROUP
PERSONALITY CONSCIENTIOUSNESS TRAIT COMBINATION AND STUDENT
ENGAGEMENT
Conscientiousness
Minimum
Maximum
TPE
TPD
Cognitive
-0.16
0.115
0.057
0.287
minimum
Cognitive
-0.416
-0.298
-0.223
0.267
maximum
Cognitive
-0.323
-0.14
-0.112
0.295
average
Cognitive
-0.373
-0.49*
-0.261
0.071
variance
Behavioral
-0.305
-0.001
-0.123
0.342
minimum
Behavioral
-0.437
-0.455
-0.391
0.255
maximum
Behavioral
-0.409
-0.201
-0.251
0.38
average
Behavioral
-0.268
-0.573*
-0.341
0.006
variance
Affective
-0.624**
-0.3
-0.546*
0.467
minimum
Affective
-0.726***
-0.062
-0.683**
0.713***
maximum
Affective
-0.747***
-0.156
-0.653**
0.686**
average
Affective
-0.549*
0.143
-0.487*
0.681**
variance
* p<0.05, ** p<0.01, *** p<0.001

E. Agreeableness Influence
Regarding agreeableness, we hypothesized that the
maximum, minimum and TPE of agreeableness were
positively correlated with student behavioral, cognitive and
affective engagement. However, as shown in Table V, there
was no clear correlation between student engagement and the
minimum of agreeableness, and there was no obvious
correlation between behavioral and cognitive engagement
and the maximum and TPE of agreeableness.
TABLE V: THE PEARSON CORRELATION ANALYSIS OF GROUP
PERSONALITY AGREEABLENESS TRAIT COMBINATION AND STUDENT
ENGAGEMENT
Agreeableness
Minimum
Maximum
TPE
TPD
Cognitive
0.282
0.346
0.262
-0.264
minimum
Cognitive
-0.015
0.276
0.185
0.107
maximum
Cognitive
0.231
0.382
0.316
-0.143
average
Cognitive
-0.255
0.113
-0.031
0.32
variance
Behavioral
0.313
0.345
0.254
-0.314
minimum
Behavioral
-0.119
0.341
0.173
0.258
maximum
Behavioral
0.152
0.459
0.32
-0.038
average
Behavioral
-0.401
0.104
-0.098
0.498*
variance
Affective
0.287
0.462
0.615**
-0.017
minimum
Affective
0.343
0.453
0.561*
-0.175
maximum
Affective
0.335
0.547*
0.635**
-0.095
average
Affective
0.259
0.394
0.353
-0.181
variance
* p<0.05, ** p<0.01, *** p<0.001

Quite unexpectedly, we found the minimum of
conscientiousness was negatively correlated with affective
engagement’s minimum, maximum, average and variance (r
= -0.624, p < 0.01; r = -0.726, p < 0.001; r = -0.747, p < 0.001;
r=-0.549, p < 0.05), and the TPE was negatively correlated
with student affective engagement’s minimum, maximum,
average and variance (r = -0.546, p < 0.05; r = -0.683, p <
0.01; r = -0.653, p < 0.01; r = -0.487, p < 0.05).
In addition, the TPD of conscientiousness was positively
correlated with affective engagement average (r = 0.686, p <
0.01). The greater the difference in students'
conscientiousness, the higher the group engagement. That
was contrary to previous research [29]. This might be due to
the unique nature of the online discussion environment or
other reasons.
V. CONCLUSION
The current study explored the influence of personality
trait combinations on student engagement in the online
discussion. From the above analysis and discussion, it could
be seen that the combination of the Big-Five personalities in
the group could have an impact on student engagement,

There were significant positive correlations between the
TPE of agreeableness and the minimum, maximum and
average of affective engagement (r = 0.615, P < 0.01; r =
0.561, P < 0.05; r = 0.635, P < 0.01). This was consistent
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especially affective engagement. When organizing students'
online discussion, the instructors need to carefully consider
the personality characteristics of the group members and try
to make the variance of conscientiousness and agreeableness
of the group members larger. When there is a lack of
extroverted and open members in the group, the instructors
should properly guide students to discuss tasks. Also, when
there are highly neurotic students in the group, teachers
should pay special attention to the group to avoid excessive
conflicts within the group.
Almost exclusively, affective engagement variables
become significant, which may indicate that the survey
procedures were not well carried out. Further studies should
be conducted to explore the factors influencing cognitive and
behavioral engagement and consider how group personality
traits might change over time. There are also some other
limitations in this study: the sample size was small, and the
moderating effect of task types on student engagement was
not taken into account. For different task types, the influence
of personality trait combinations on students' engagement
might be different. Future research can recruit more
participants based on this study and add the moderating effect
of task type. Moreover, future research should distinguish
different trait compositions between well-functioning groups
and non-effective groups.
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